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Resumo

A tecnologia light field representa uma tecnologia de imagem poderosa que capta a inten-
sidade e direcao dos raios de luz num cenario, permitindo a reconstrucao de informacao
3D e a realizacao de tarefas exclusivas, como a refocagem de imagens apos a captura. No
entanto, a grande quantidade de dados gerada por esta tecnologia apresenta desafios sig-
nificativos em termos de armazenamento e transmissao, sendo necessario o desenvolvi-
mento de esquemas de compressao eficientes para lidar com estas exigéncias. As técnicas
de compressao que incorporam sintese de vistas durante diferentes fases do processo de
compressao surgiram como uma solu¢ao promissora, reduzindo a quantidade de dados
que precisam ser transmitidos ou armazenados ao permitir a reconstrucao de novas vis-
tas a partir de um conjunto limitado de dados capturados. Nesta tese sera avaliada uma
versao deste método.

O principal objetivo desta tese é estudar o potencial da utilizacao de sintese de vistas para
melhorar a compressao de light fields, reduzindo a complexidade, e com foco em manter
uma qualidade de imagem alta ao reduzir os requisitos de armazenamento e transmissao
de dados.

Para além deste objetivo principal, existem alguns objetivos secundarios relacionados
com as ferramentas utilizadas neste processo. E efetuada uma comparacao entre os codecs
utilizados para analisar o impacto que a escolha de codec tem na qualidade da recon-
strucao final quando lhe é adicionado a técnica de sintese de vistas. Ao focar num tnico
método de sintese de vistas de tltima geracao, a sua capacidade para reconstruir imagens
de alta qualidade a partir de dados comprimidos vai ser testada. Além disso, sao utiliza-
dos quatro light fields: dois do conjunto de dados da EPFL, que consiste em light fields
capturados por camaras lenslet, e dois da base de dados de light fields HCI, que consiste
em light fields criados sinteticamente. Esta diversidade tem como objetivo compreender
melhor a variabilidade do desempenho e a capacidade de generalizacao do processo.

Para alcancar isto, um light field esparsamente amostrado € criado a partir do light field
original ao descartar algumas das vistas. Ambos os light fields, completo e amostrado,
sao comprimidos usando os seguintes codecs/configuracoes: JPEG Pleno, VVC LowDe-
lay e VVC Random Access. Um método de sintese de vistas learning-based, SepConv++,
é aplicado as vistas descodificadas do light field amostrado, obtendo um light field recon-
struido com as mesmas vistas do original. Tanto o light field que foi totalmente comprim-
ido quanto o light field esparsamente amostrado, que passa por compressao e sintese de
vistas, sao comparados ao light field original. Esta comparacao é feita utilizando as métri-
cas objetivas PSNR-HVS-M, MS-SSIM e FSIMc

Os resultados obtidos foram apresentados sob a forma de quatro tabelas, onde cada uma
correspondente a um light field especifico. Cada tabela contém seis graficos que ilustram
as métricas objetivas PSNR-HVS-M, MS-SSIM e FSIMc para cada codec/configuracao
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utilizada. Estes graficos também incluem informacoes sobre a sintese de vistas, ao ap-
resentar linhas de referéncia sobre o seu desempenho em light fields nao comprimidos.
Adicionalmente, o processo de sintese de vistas cria trés tipos de vistas: as que faziam
parte do light field esparsamente amostrado e sofreram compressao, as visualizagoes de
primeira geracgao criadas durante a primeira fase de sintese de vistas e as vistas de segunda
geracao geradas numa fase subsequente de sintese de vistas. As métricas relativas a estes
diferentes tipos de vistas também sao retratadas nestes graficos, para todos os codecs/-
configuracoes. Sao apresentados resultados adicionais através da métrica de Bjontegaard,
uma comparacao visual em que sao apresentados diferentes tipos de vistas para taxas de
bits selecionadas e uma tabela com os tempos de compressao.

A analise dos diferentes codecs demonstrou que o SepConv++ pode efetivamente gerar
light fields mais densos a partir de vistas comprimidas sem perda significativa de quali-
dade. Embora os light fields amostrados exijam taxas de bits mais baixas para armazena-
mento e transmissao, para alcancar niveis de qualidade de imagem comparaveis aos dos
light fields totalmente comprimidos, é necessario utilizar uma taxa de bits semelhante
a empregue nos light fields totalmente comprimidos. Os resultados evidenciaram que o
VVC (em qualquer configuragao) supera o JPEG Pleno na preservagao da qualidade, em-
bora este altimo seja significativamente mais rapido. A abordagem proposta, que utiliza
vistas amostradas comprimidas para sintese de vistas, mostrou-se vantajosa ao reduzir
significativamente a complexidade computacional, especialmente no caso do codec VVC.
No entanto, a premissa inicial de que a sintese de vistas permitiria uma reducao da taxa
de bits mantendo a mesma qualidade nao foi totalmente confirmada pelos resultados.

Palavras-chave

Light Field, Compressao, Sintese de vistas, 3D, Armazenamento, Transmissao



Resumo Alargado

A tecnologia light field representa uma tecnologia de imagem poderosa que capta a inten-
sidade e direcao dos raios de luz num cenario, permitindo a reconstrucao de informacao
3D e a realizacao tarefas exclusivas, como a refocagem de imagens apos a captura. Os
light fields sao descritos por uma func¢ao plenoptica e existem diversas representagoes
desta funcdo. A mais comum é a representacdo 4D L(u,v,s,t) € R*, que descreve os
raios de luz através da sua intersecdo com dois planos em posicoes arbitrarias, onde (u, v)
representa o primeiro plano e (s, t) representa o segundo plano.

Ao contrario das camaras tradicionais, os dispositivos de captura de light fields registam
nao s6 a luminosidade e cor em cada ponto do sensor, mas também a direcao e o angulo
dos raios de luz, permitindo a reconstrucao do percurso exato de cada raio. A captura
destes pode ser feita utilizando diversos métodos, com destaque nas camaras lenslet. Es-
tas camaras, para além da lente convencional e do sensor, possuem um conjunto de micro-
lentes que permitem captar uma raw image, que, apos processamento, é convertida em
imagens sub-aperture. Estas imagens consistem numa matriz de imagens 2D, conheci-
das como vistas, cada uma captura o cenario numa perspectiva ligeiramente diferente. O
numero de vistas e a sua resolucao depende das caracteristicas de cada camara. Nesta
tese, dois dos light fields utilizados foram capturados com uma camara deste tipo.

Devido a necessidade de armazenar muito mais informacao do que uma simples imagem,
a grande quantidade de dados gerada por esta tecnologia apresenta desafios significa-
tivos em termos de armazenamento e transmissao, sendo necessario o desenvolvimento
de esquemas de compressao eficientes para lidar com estas exigéncias. A investigacao em
compressao de light fields tem vindo a evoluir, focando-se tanto na adaptacao de codecs
padrao, como o H.264, HEVC e VVC, como em métodos especializados, incluindo o stan-
dard plendptico da Joint Photographic Experts Group (JPEG), o JPEG Pleno.

Este trabalho propoe a avaliacao de um método especifico que combina a compressao de
light fields com sintese de vistas, uma técnica que emerge como promissora ao permitir
a reconstrucao de novas vistas a partir de um conjunto limitado de dados capturados.
Este processo, denominado de sintese de vistas, representa um passo importante para
melhorar a eficiéncia de compressao, uma vez que a reducao do niimero de vistas originais
visa permitir poupancas consideraveis de memoria.

O principal objetivo desta tese é estudar o potencial da utilizagao de sintese de vistas para
melhorar a compressao de light fields, reduzindo a complexidade, e com foco em manter
uma qualidade de imagem alta ao reduzir os requisitos de armazenamento e transmissao
de dados.

Para além deste objetivo principal, existem alguns objetivos secundéarios relacionados
com as ferramentas utilizadas neste processo. E efetuada uma comparacao entre os codecs
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utilizados para analisar o impacto que a escolha de codec tem na qualidade da recon-
strucao final quando lhe ¢é adicionado a técnica de sintese de vistas.

Ao focar num unico método de sintese de vistas de ultima geracao, a sua capacidade para
reconstruir imagens de alta qualidade a partir de dados comprimidos vai ser testada. Além
disso, sao utilizados quatro light fields: dois do conjunto de dados da EPFL, que consiste
em light fields capturados por cimaras lenslet, e dois da base de dados de light fields HCI,
que consiste em light fields criados sinteticamente. Esta diversidade tem como objetivo
compreender melhor a variabilidade do desempenho e a capacidade de generalizacao do
processo.

Para este trabalho o SepConv++ foi escolhido como método de sintese de vistas, embora
tenha sido desenvolvido originalmente para interpolacao de fotogramas de video, demon-
strou um melhor desempenho relativo a outros métodos estado da arte criados exclusi-
vamente para este proposito. Os light fields apresentam um numero elevado de vistas, o
que torna o seu processamento intensivo em termos computacionais, além de demorado.
Para otimizar a eficiéncia e obter resultados para anélise, foi decidido focar apenas nas
5x5 vistas interiores. Dois conjuntos de imagens foram criados para o estudo. O primeiro
conjunto consiste nas vistas 5x5 selecionadas anteriormente (light field 5x5), enquanto o
segundo conjunto, amostrado de forma esparsa, é formado por nove vistas retiradas do
conjunto inicial (light field 3x3).

Ambos os light fields, o 5x5 e 0 3x3 amostrado, foram codificados a cinco taxas de bits dis-
tintas, utilizando os codecs/configuragoes: Pleno, VVC Low Delay e VVC Random Access.
Apos a codificacao, as imagens foram descodificadas para obter as respetivas vistas.

Ao light field amostrado, que foi comprimido, foi aplicado o método de sintese de vis-
tas, de forma a reconstruir um light field com o mesmo nimero de vistas que o original.
O processo de sintese de vistas foi realizado em duas fases, resultando num light field
reconstruido com trés tipos distintos de vistas: as nove vistas originais comprimidas, 12
vistas geradas a partir destas (designadas como vistas de primeira geracao), e quatro vistas
geradas a partir das vistas de primeira geracao (designadas vistas de segunda geracao).

Por fim, ambos os light fields — o totalmente comprimido e o amostrado, que sofreu com-
pressao e posteriormente sintese de vistas — foram comparados com as vistas originais,
utilizando métricas objetivas como PSNR-HVS-M, MS-SSIM e FSIMc.

Os resultados obtidos foram apresentados sob a forma de quatro tabelas, onde cada uma
correspondente a um light field especifico. Cada tabela contém seis graficos que ilustram
as métricas objetivas PSNR-HVS-M, MS-SSIM e FSIMc para cada codec/configuracao uti-
lizada: Pleno, VVC Low Delay, e VVC Random Access. Estes graficos permitem comparar
o desempenho entre codecs, e tambem o desempenho entre os light fields totalmente com-
primidos (5x5) e os light fields amostrados esparsamente (3x3), que foram reconstruidos
através do processo de sintese de vistas.
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Os graficos também incluem linhas de referéncia que indicam o desempenho da sintese
de vistas aplicada aos light fields amostrados sem estes serem comprimidos. Estas lin-
has de referéncia sao fundamentais para avaliar o impacto da sintese de vistas, avaliando
a qualidade do método selecionado (SepConv++) antes de adicionar a componente de
compressao.

O processo de sintese de vistas resulta na criacdo de trés tipos distintos de vistas: as vis-
tas do conjunto 3x3 que foram comprimidas, as vistas de primeira geracao (criadas na
primeira fase do processo de sintese de vistas) e as vistas de segunda geracao (geradas
numa fase subsequente). As métricas objetivas (PSNR-HVS-M, MS-SSIM e FSIMc) rel-
ativas a cada um destes trés tipos de vistas também sdo apresentadas. Estas, fornecem
uma visao abrangente sobre como cada fase de geracao tem impacto na qualidade das
respetivas vistas reconstruidas.

Sao apresentados resultados adicionais através da métrica de Bjontegaard, uma compara-
cao visual em que sao apresentados diferentes tipos de vistas para taxas de bits sele-
cionadas e uma tabela com os tempos de compressao. Todos estes componentes con-
tribuiram para a analise de todo o processo e permitiram retirar as conclusoes.

A analise dos diferentes codecs demonstrou que o SepConv++ pode efetivamente gerar
light fields mais densos a partir de vistas comprimidas sem perda significativa de quali-
dade. Embora os light fields amostrados exijam taxas de bits mais baixas para armazena-
mento e transmissao, para alcancar niveis de qualidade de imagem comparaveis aos dos
light fields totalmente comprimidos, é necessario utilizar uma taxa de bits semelhante
a empregue nos light fields totalmente comprimidos. Os resultados evidenciaram que o
VVC (em qualquer configura¢ao) supera o JPEG Pleno na preservagao da qualidade, em-
bora este ultimo seja significativamente mais rapido. A abordagem proposta, que utiliza
vistas amostradas comprimidas para sintese de vistas, mostrou-se vantajosa ao reduzir
significativamente a complexidade computacional, especialmente no caso do codec VVC.
No entanto, a premissa inicial de que a sintese de vistas permitiria uma reducdo da taxa
de bits mantendo a mesma qualidade nao foi totalmente confirmada pelos resultados.
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Abstract

Light field technology represents a powerful imaging technology that captures the inten-
sity and direction of light rays in a scene, allowing for the reconstruction of 3D information
and the ability to perform unique tasks like refocusing images after capture. However, the
vast amount of data generated by light field imaging poses significant challenges for stor-
age and transmission, making efficient compression schemes crucial. Compression tech-
niques that incorporate view synthesis during different stages of the compression process
have emerged as a promising solution, reducing the amount of data that needs to be trans-
mitted or stored by reconstructing or predicting new views from a limited set of captured
data. In this thesis a version of this method will be evaluated.

The main goal of this thesis is to study the potential of using view synthesis to improve light
field compression while reducing complexity, and focusing on maintaining high image
quality while reducing data storage and transmission requirements.

In addition to this main goal, there are some secondary objectives related to the tools used
in this process. A comparison between the used codecs is done to analyze how the choise
of codec impacts the final reconstruction quality when coupled with the view synthesis
technique. By focusing on a single, state-of-the-art view synthesis method, its ability to
reconstruct high-quality images from compressed data is tested. Additionally, four light
fields are used: two from the EPFL dataset, which consists of light fields captured by
lenslet cameras, and two from the HCI Light Field Database, consisting of synthetically
created light fields. This diversity aims to better understand the variability in performance
and the generalization capability of the process.

To achieve this, a sparsely sampled light field is created from the original light field by
“dropping” views. Both light fields, complete and sampled, are compressed using the fol-
lowing codecs/configurations: JPEG Pleno, VVC LowDelay and VVC Random Access. A
learning-based view synthesis method, SepConv++, is applied to the decoded views from
the sampled light field, obtaining a reconstructed light field with the same views as the
original. Both the fully compressed light field and the sparsely sampled light field, which
undergoes compression and view synthesis, are compared to the original light field. This
comparison is done using the objective metrics PSNR-HVS-M, MS-SSIM and FSIMc.

The results obtained were presented in the format of four tables, one for each light field,
with each table containing six plots that illustrate the performance metrics PSNR-HVS-M,
MS-SSIM, and FSIMc for every codec/configuration used. This plots also include infor-
mation regarding the view synthesis, by presenting reference lines regarding its perfo-
mance on non compressed light fields. Additionally, the view synthesis process creates
three types of views, the views that were part of the sparsely sampled light field and un-
derwent compression, the first-generation views created during the first view synthesis

xi



stage, and the second-generation views generated in a subsequent stage of view synthe-
sis. The metrics regarding these different view types, for all codecs/configurations are
also depicted in these plots. Additional results are presented through Bjontegaard met-
rics, a visual comparison where different view types are presented for selected bitrates,
and a table containing the compression times.

The analysis across the different codecs, demonstrated that SepConv++ can effectively
generate denser light fields from compressed views without significant quality loss. Al-
though sparse light fields require lower bitrates for storage and transmission, achieving
comparable image quality levels after view synthesis requires a bitrate similar to the ones
used for the fully compressed light fields. The results highlighted that VVC (in either con-
figuration) outperformed JPEG Pleno in quality retention, although the latter is signif-
icantly faster. The proposed approach, which utilizes compressed views for synthesis,
proved advantageous by significantly reducing computational complexity and resource
demands, particularly evident in the VVC codec. However, the initial premise that view
synthesis would allow for a reduced bitrate while maintaining the same quality was not
fully supported by the results.

Keywords

Light Field, Compression, View Synthesis, 3D, Storage, Transmission
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Chapter 1

Introduction

Light field (LF) technology represents a powerful imaging technology that captures the
intensity and direction of light rays in a scene, allowing for the reconstruction of 3D in-
formation and the ability to perform unique tasks like refocusing images after capture.
However, the vast amount of data generated by light field imaging poses significant chal-
lenges for storage and transmission, making efficient compression schemes crucial.

The complexity of light field data has driven extensive research into compression algo-
rithms over recent years, ranging from adaptations of standard video codecs like H.264,
HEVC, and VVC to specialized methods tailored for light field data, including a plenoptic
coding standard developed by the Joint Photographic Experts Group (JPEG).

While most studies on light field quality-coding focus primarily on visualization, they
often overlook the potential benefits of using techniques like view synthesis. Learning-
based compression techniques that incorporate view synthesis during different stages of
the compression process have emerged as promising, reducing the data that needs to be
transmitted or stored by reconstructing or predicting new views from a limited set of cap-
tured data, although this topic remains unexplored. These concepts will be explored in
this work.

According with some authors, by “dropping views” in the initial stage, compression effi-
ciency can be significantly enhanced, as fewer original views need to be stored or transmit-
ted, resulting in substantial memory savings. View synthesis is then applied to reconstruct
the same number of views as the original, ensuring that no information is lost. However,
current codecs are very efficient in representing the redundancy between different views,
and the improvement in compression efficiency needs to be further researched.

To better illustrate the process, a visual representation of the workflow has been created in
Figure [L.1. Compression is applied to both complete light fields (a) and sparsely sampled
light fields (b) using the JPEG Pleno, VVC Low Delay, and VVC Random Access codecs/-
configurations. View generation is then performed on the decoded views from the sam-
pled light fields. Finally, the output sets are compared to the original light field using

objective metrics.

This work specifically evaluates the effectiveness of a single-view synthesis technique ap-
plied on the decoder side for light field compression. Most works in quality-compression,
focus solely on visualization quality, not considering other light field operations like view
synthesis, refocusing or super-resolution. The ability to synthesize opens the door to more
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Figure 1.1: Workflow diagram. (a) original light field; (b) sampled light field.

efficient light field coding, allowing for significant memory savings. By reconstructing
missing views from a subset of sampled views, it is possible to reduce the data required
for transmission or storage, thus optimizing the compression process. The study tests the
robustness of this method across four diverse datasets, employing two different codecs
(one of these with two different configurations) to provide a comprehensive analysis of
how the chosen view synthesis technique interacts with various compression schemes. By
focusing on view synthesis, this approach not only enhances visualization but also opens
new avenues for efficient light field data coding.

1.1 Scope of this work

The primary goal of this research is to assess the performance of learning-based view syn-
thesis in enhancing light field compression efficiency while maintaining high-quality im-
age reconstruction. The study is structured to achieve the following objectives:

1. Codec Comparison: Utilizing two different codecs, one of them with two distinct
configurations, to compress light field data, analyzing their impact on the final re-
construction quality when coupled with the view synthesis technique.

2. View Synthesis Technique: Focusing on a single, state-of-the-art view synthesis
method implemented at the decoder side, examining its ability to reconstruct high-
quality images from compressed data.

3. Performance Metrics: Evaluating the results using a variety of metrics, including
objective measures (such as a modified peak signal-to-noise ratio (PSNR-HVS-M),
multi-structural similarity index (MS-SSIM), and feature similarity index (FSIMc).

4. Dataset Evaluation: Testing the compression and view synthesis process across
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two diverse datasets to understand the variability in performance and generalization
capability.

1.2 Thesis structure

This thesis is structured into five chapters, outlined as follows: Chapter 1 presents a brief
overview of light field technology, emphasizing one of its challenges and the motivations
for this research, along with the objectives and scope of the thesis. Chapter 2 offers a more
detailed explanation of light fields, including how they are captured, their unique appli-
cations, and a review of the state of the art, with examples of current techniques and uses.
Chapter 3 describes the tools utilized in this work and outlines the methodology employed
to achieve the results. Chapter 4 presents the results obtained from the experiments along
with the discussion and analysis of the results. Chapter 5 consists of conclusions and rec-
ommendations for future work and improvements. In Appendix A, additional light field
data is presented regarding the definition of parameters in the methodology section.






Chapter 2

State-of-the-Art

2.1 Light fields

The first time the concept of light field was proposed, was in 1936 by Gershun in the pub-
lication of a monograph “The Light Field” [16]. The light field was then defined by the
totality of rays or radiance in three-dimensional space through any position and in any
direction.

L:g—c (21)
where:

L represents the Light field, a function that maps the geometry of light rays to their
respective color intensities.

« g refers to the geometry mapping of the light ray, describing its position and direc-
tion in space.

« cis a vector describing the intensity of each light component. For example, in the
RGB color model, ¢ corresponds to the intensity of red, green, and blue in the light
ray.

When talking of light fields, it is essential to introduce the concept of plenoptic function.
All 3D representation formats can be obtained through this function, since it describes all
visual information. So far, there have been different representations worth mentioning.

Gershun himself defined a five-dimensional plenoptic function L(x, v, 2, 6, ¢) € R?, where
each ray is described by three coordinates (x, y, z) and two angles (6, ¢).

In contrast to the previous 5D model, Levoy and Hanrahan (responsible for the introduc-
tion of light fields into the computer graphics field) [17] proposed a four-dimensional (4D)
representation L(u, v, s,t) € R*, suggesting that the light field consists of oriented lines in
free space. This representation effectively reduces the redundancy in the dataset and sim-
plifies the plenoptic function reconstruction. The 4D representation L(u, v, s, t) describes
lines by their intersections with two planes at arbitrary positions, where (u, v) denotes the
first plane and (s, ¢t) denotes the second plane (this representations can be seen in Figure

B.0.).



L(u, v, s, £)

Figure 2.1: 5D and 4D light field representations. a L(z,v, 2,0,¢) € R®, where (x,, 2)
represents the coordinates, and (0, ¢) represents the angles between the light ray and the
planes; b L(u,v,s,t) € R*, where (u,v) represents the first plane and (u,v) the second
plane[1].

2.2 Light field Acquisition

Unlike traditional cameras that capture a flat, two-dimensional representation of the light
rays reaching the lens, light field acquisition devices record not only the brightness and
color values at each point on the sensor but also the direction and angle of the incom-
ing light rays. This angular information enables the reconstruction of the exact path each
light ray took before reaching the camera sensor. As a result, it becomes possible to com-
pute a three-dimensional model of the scene, providing a more immersive and interactive
viewing experience.

2.2.1 Camera Array

Light field acquisition has traditionally been achieved using camera arrays (either by phys-
ically moving a single camera to capture static images or by employing a physical N x N
array of cameras), where each camera captures the scene from a different angle and view-
point, providing a diverse range of perspectives. This method offers high spatial resolu-
tion and good image quality, as each camera in the array is equipped with a dedicated K x
K sensor, where K can be a large number. In another words the spatial resolution of the
light field data acquired by the camera array is determined by the sensor size of a single
camera, and the angular resolution is determined by the number of cameras [18]. The
wide baseline created by the physical arrangement of cameras allows for a broad range of
object depths to be resolved, enabling detailed 3D reconstructions of the scene [f].

However, the camera array approach comes with several challenges. Synchronizing the
shutters of all cameras is essential to avoid temporal discrepancies, and managing vary-
ing illumination across different viewpoints can be difficult. Additionally, the processing
of vast amounts of data from multiple cameras to generate a coherent light field video is
computationally intensive, requiring significant computing power. The wide baseline pro-
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vides extensive angular information but also results in a far hyper-focal distance, which,
combined with the physical size and complexity of the array, reduces portability and prac-
ticality for many applications. Moreover, the spacing between cameras limits the achiev-
able view resolution and the bulkiness of the system poses significant difficulties in terms
of synchronization and calibration across multiple cameras ([19], [20]).

Figure 2.2: The Stanford Multi-Camera Array [2]

2.2.2 Lenslet Cameras

The next significant development in light field imaging that addressed the portability chal-
lenges of camera arrays was the invention of the handheld light field camera. This ap-
proach uses a single camera with a micro-lens array (MLA) placed between the main lens
and the image sensor. The first handheld plenoptic camera, introduced in 2005, utilized
this innovative optical design to capture light fields more compactly and conveniently than
camera arrays [3].

Subject

Main lens i
Photosensor
Figure 2.3: The structure of a light field camera,[3]

The light field/plenoptic camera operates through a combination of the main imaging
lens, a well-ordered micro-lens array, and a conventional image sensor. As shown in Fig-
ure .3, the main lens is aligned along the principal optical axis, similar to an ordinary
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camera. However, each micro-lens in the array covers a section of the sensor correspond-
ing to a set of pixels, forming what is often referred to as a “macro-pixel” or “lenslet im-
age”. This arrangement allows the camera to capture both the intensity and the directional
paths of incoming light rays.

Figure 2.4: (a) Raw light field data. Here each circular image patch (32x32 in this case)
corresponds to a single microlens (b) Montage of sub-aperture images (one marked with
a green rectangle). Each of these sub-aperture image was generated by sampling the same
(u, v) lenslet pixel from every microlens. This format of data essentially is a simple rear-
rangement of the (a) [4]].

Light passing through the main lens is projected onto the sensor after passing through the
micro-lens array, forming a unit image for each micro-lens. The resulting raw image data,
as shown in Figure .4 a), consists of small circular patches corresponding to individual
micro-lenses.

By treating each unit image as a macro-pixel, we can extract sub-aperture images (SAIs)
(Figurep.4b)). These are generated by sampling the same pixel positions across all macro-
pixels, yielding an array of images that represent different perspectives of the scene. This
method captures both angular and spatial information about the photographed object
[18]. The hexagonal macro-pixels in the light field raw data are shown in Figure p.q a)
and the principle of sub-aperture image extraction in which the pixels in different macro
pixels are arranged in order are shown in Figure .5 b).

This results in the capturing of N x N views by the corresponding sensor elements under
each microlens, and these sub-images can be processed to produce a set of N x N images
in which each represents a unique view with a spatial resolution of K x K [6], in Figure
b.g it is shown how the definition of the parameters K and N change per using a Camera
Array or a Lenslet Camera.
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Figure 2.5: Sub-aperture imaging principle. (a) Light field image raw data; (b) Sub-
aperture image extraction method [5].
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Figure 2.6: Duality between the array-of-cameras approach (left) and the single-camera-
with-microlens-array approach (right) [6]

While this setup provides a portable form factor and a high density of views (since N,
the number of micro-lenses, can be relatively large for high-resolution image sensors), it
comes with a trade-off: the spatial resolution of the final image is limited by the num-
ber of micro-lenses, and the very small baseline between left/top and right/bottom views
restricts depth imaging to nearby objects.

2.3 Areas of research

The existence of the various unique properties present in light fields leads to multiple
areas of research, such as depth estimation, editing techniques, image enhancements, re-
construction, view synthesis, and the light field industry, which includes acquisition and
display devices.



2.3.1 Depth Estimation

As mentioned previously, light field data record the spatio-angular details of light rays,
making it feasible to extract depth information from these images. Depth cues typically
include correspondence cues, defocus cues, binocular disparity, aerial perspective, and
motion parallax [1]. When faced with challenges like occlusion—where multiple objects
are very close together, obscuring some information—light fields allow for selecting dif-
ferent viewpoints to see past the obstruction, which is particularly advantageous for re-
solving depth maps with occlusion. Consequently, researchers have focused on various
depth estimation techniques, including conventional constraint-based methods [21] , ex-
ploring different depth cues and their combinations, simplifying estimation using epipo-
lar image-based methods [22], and applying convolutional neural network (CNN) ap-
proaches ([23],[24]) , with special attention to managing occlusion. The key to enhancing
other light field-related applications, such as refocusing or rendering, lies in developing
more precise and robust depth estimation methods.

2.3.2 Editing

Because light fields are 4D and most tools available are 2D, editing light fields can be
difficult. Additionally, local edits must maintain the 4D light field’s redundancy, and the
4D light field’s implicit depth information makes editing difficult.

Light field editing research areas can be divided into four categories:

» Refocusing — Unlike 2D images, light fields allows for refocusing after capture,
an example of the application of this technique can be seen in Figure b.7. Fu et al.
implemented the frequency domain digital refocusing of raw images shot with the
Lytro light field camera [7].

() (b) (©

Figure 2.7: The frequency domain refocusing effects [7]. (a) Raw image, (b) and (c) Images
refocused at different focal planes: one focused on the background and the other on the
foreground.

+ Removing Occlusions — Consists in the removal of occlusions. Wang et al. pro-
posed handling the LF de-occlusion (LF-DeOcc) problem using a deep encoder-
decoder network “DeOccNet”, the first deep learning based method for LF-DeOcc
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[8]. They evaluated their proposal by comparing their results to existing methods,
and were able to achieve superior performance, as exemplified in Figure .8.

(b)

Figure 2.8: DeOccNet visual comparison with previous methods, extracted from [8]
(a)Occluded (Bikeo1); (b)Refocusing method [9]; (c)State-of-the art DeOcc method[10];
(d)Proposed DeOccNet[8].

« Segmentation — Segmenting the light fields to make the editing experience as
smooth as editing a 2D image, simplifying tasks like removing scene objects or chang-
ing their color. Wanner et al. [25] developed a globally consistent multi-label assign-
ment framework for light field segmentation. Their approach utilizes appearance
and disparity cues to achieve accurate and consistent segmentation across multi-
ple views, leveraging the inherent geometry encoded in light fields to enhance label
optimization and improve performance in challenging segmentation scenarios.

» Interfaces — Development of tools and software that enable easier editing of all
tasks related to light fields. An example of this is LightShop [26], which enables
users to interactively manipulate and composite 4D light fields within a unified frame-
work. This system was designed to allow manipulation and rendering of light fields
without being constrained by their parametrization or method of acquisition.

2.3.3 Enhancement

There are two main areas of focus when it comes to light-field enhancement, which con-
sists of the optimization of the images quality: deblurring [27] and super-resolution.

During the initial phase of light field super-resolution (SR) research, various 2D image
super-resolution methods, including Gaussian models and sparse representations, were
applied to light field super-resolution. As deep learning has advanced, approaches for
light field image super-resolution that leverage deep learning techniques have become
more prevalent and are steadily supplanting traditional techniques [18].

2.3.4 Reconstruction and View Synthesis

When capturing light fields, there is an inherent trade-off when it comes to the spatial
and angular resolution that can be obtained, due to hardware limitations. When captured
by plenoptic cameras the light field present relatively high angular resolution but a lower

11



spatial resolution with a more narrow baseline. On the other hand, by using a camera
array the result is the opposite, it allows for a larger baseline and higher spatial resolu-
tion but lower angular resolution (sparse set of views). Reconstruction/SR methods are
presented as a solution for this problem.

To obtain spatial SR from sub-aperture views, there are two approaches that stand out,
single-view super-resolution and refinement, and end-to-end residual learning [28].

To overcome the problem of having a sparse set of views (therefore low angular resolu-
tion), intermediate views are synthesized between the sub-aperture captured images to
obtain dense light fields. The most frequently used methods for view synthesis of light
fields include EPI super-resolution, Depth estimation and warping, and multi-plane im-
age generation[28].

Various methods have been developed to perform both spatial and angular super-resolution
for input light fields. Earlier approaches to spatio-angular light field reconstruction relied
on sparse representation and compressive sensing theories [28]. Recently, deep learning
techniques have gained prominence, providing powerful tools for the simultaneous spatial
and angular reconstruction of light fields.

For example, Ko et al. proposed a light field super-resolution algorithm based on AFR
(adaptive feature remixing). They developed separate SR networks for angular and for
spatial super-resolution. These networks use a trainable disparity estimator to extract
multi-view features. Then performs feature remixing, these remixed features are then
use to reconstruct the images[29]. Also Wu et al. proposed a spatial-angular attention
network to perceive non-local correspondences in the light field, and reconstruct high
angular resolution light field in an end-to-end manner [30].

2.4 Industry Solutions

The industrial applications of light fields can be divided into two categories, acquisition
devices and display devices.

It enables high-resolution imaging, realistic 3D visualization, and immersive experiences
without the need for specialized glasses or extensive post-processing. Below, we explore
some of the key industrial applications and advancements in light field technology.

These solutions solve problems in two important parts of the light field imaging pipeline:
acquisition and display. In the near future, it is expectable the emergence of new portable
devices for capturing light fields. In addition, the use of light field displays may extend
from fixed screens to display extremely small or extremely large pictures and can fur-
ther benefit medical microscopy or cinematic displays. Finally, light field technology can
contribute to closer-to-truth communication, which should make the “smart life” more
attainable.
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2.4.0.1 Acquisition

As mentioned previously, the creation and development of handheld light field cameras
marked a pivotal moment in the evolution of light field technology, making it more acces-
sible and practical for various applications.

Lytro [31] was a pioneer in this field, introducing the first consumer-grade handheld light
field camera. Raytrix [32] followed with high-resolution light field cameras designed for
scientific and industrial use, such as microscopy and material inspection, further expand-
ing the practical applications of light field technology.

Wooptix [33] presented a solution to reduce the trade-off between spatial and angular
resolution, by using a liquid lens in front of the sensor. This innovative approach allows
for rapid changes in focal planes, achieving full sensor resolution in real-time.

Google has also participated in light field acquisition research holding several patents. In
2018, Google introduced a camera design that captures light field images with uneven and
incomplete angular sampling [34]. This method improves both spatial resolution and the
quality of depth data, which is crucial for applications such as augmented reality (AR),
virtual reality (VR), and telepresence.

2.4.0.2 Display

Displaying light fields effectively is another critical aspect of this technology. Several com-
panies are advancing in creating more realistic and immersive display solutions.

Sony’s recent advancements include the 3D Spatial Reality Display Technology [35], which
tracks the user’s eye position to create a glasses-free 3D experience with high resolution.
This technology is particularly suited for professional applications like design, medical
visualization, and interactive advertising. Another innovation, Atom View ([36], is used
in volumetric virtual production through point-cloud rendering. This technology enables
the digitization of spaces and objects for virtual sets, which is highly valuable in film pro-
duction, gaming, and virtual reality experiences.

Looking Glass Factory [37] has developed a light field display capable of providing 45
different viewpoints within a 58° viewing cone. Such technology allows for more dynamic
and engaging visual experiences without the need for special glasses, making it suitable
for consumer electronics, advertising, and digital art installations.

Light fields have the capability of transforming how we experience digital content and
communicate, with Google’s Project Starline [38] as a notable example. Designed for real-
time communication, Project Starline uses glasses-free light field display technology to
create a sense of physical presence during virtual meetings, relying on custom-built hard-
ware and specialized equipment for more natural and engaging interactions in corporate
communication and remote collaboration.
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2.5 Compression

The complexity of light field data has driven extensive research into compression algo-
rithms over recent years, ranging from adaptations of standard video codecs like H.264,
HEVC, and VVC to specialized methods tailored for light field data, including a plenoptic
coding standard developed by the Joint Photographic Experts Group (JPEG).

In this thesis both VVC and JPEG Pleno light field codecs will be considered. Because of
that they will be further elaborated in the following.

2.5.1 JPEG Pleno

The JPEG Pleno standard aims to establish a comprehensive framework for capturing,
representing, and exchanging various plenoptic imaging modalities, such as omnidirec-
tional, depth-enhanced, point cloud, light field, and holographicimaging [39]. Such imag-
ing should be understood as light representations inspired by the plenoptic function, re-
gardless of which model captured or created all or part of the content [39].

In the JPEG Pleno Light Field Coding (Part2) [40], two coding modes are defined, 4D-
Prediction mode (4D-PM) and 4D-Transform mode (4D-TM).

While both modes are able to code any light field that is represented as a 2D array of
2D Views (sub-aperture images) [17], the 4D-TM exhibits superior rate-distortion (RD)
performance for densely angular-sampled light fields, like lenslet light fields, but struggles
with light fields that have broader baselines [12]. On the other hand, the 4D-PM performs
better for more sparsely angular sampled light fields at the expense of requiring good
quality depth data, while not excelling for denser light fields [12].

This differences in performance are directly related to the functioning of each method.
The 4D-PM uses depth-based synthesis, where reference views are encoded using 2D
codecs like JPEG 2000 [41], and intermediate views are predicted based on the depth
information. As a result, its RD performance is highly dependent on the accuracy of the
depth maps. On the other hand, the 4D-TM does not require any depth or geometric
data, which makes it more robust in scenarios where such information is not available or
is difficult to acquire with sufficient accuracy.

The 4D-Transform Mode (4D-TM) offers a 4D-native coding solution, where redundan-
cies within and across views in the light field are jointly exploited using a multiscale 4D
Discrete Cosine Transform (4D-DCT) [12].

The 4D-TM architecture includes five core modules: block partitioning, a transform mod-
ule, a quantizer, a symbol generator, and an entropy encoder.

It adopts a multiscale 4D-DCT and a hexadeca-tree-oriented bit-plane clustering approach,
relying on an adaptive 4D segmentation scheme to partition the light field data into a set
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of disjoint four-dimensional (4D) sub-blocks of varied sizes. The set of 4D sub-blocks
forms a 4D Partition of the original light field, which is represented by a segmentation
tree where each leaf node is associated with a single 4D sub-block. Each 4D sub-block is
transformed by a separable 4D-DCT transform and the bit-planes of its coefficients are
subsequently encoded using an hexadeca-tree structure [12].

Figure p.d illustrates the architecture of the 4D-TM codec, showcasing how the various
modules interact to achieve compression.

REGULAR variable-sized
3GUL [ | 4D MULTISCALE bblocks
Input 1D BLOCK LXK xXNxM BLOCK 4D sub-blocks
LF PARTITIONING blocks PARTITIONING
partition 4D-DCT
flags
4D-DCT coefficients
of sub-blocks

QUANTIZATION

HEXADECA-
LF coding| ARITHMETIC [T o TREE- quantized
- RIENTED

stream CODING | bits and BIT-PLANE 4D-DCT
partition CLUSTERING coefficients
flags ———— of sub-blocs

Figure 2.9: JPEG Pleno light field coding 4D-TM architecture according to [11]. Extracted
from [12]

2.5.2 VVC

The evolution of digital multimedia systems has led to the adoption of hybrid coding ar-
chitectures, which are particularly effective for compressing light field (LF) images and
videos. Among these, Versatile Video Coding (VVC) stands out as a leading codec, devel-
oped by the Joint Video Exploration Team (JVET), comprising the ITU-T Video Coding
Experts Group (VCEG) and ISO/TEC MPEG [42]. VVCbuilds on the principles established
by its predecessors, such as the High Efficiency Video Coding (HEVC) standard [43], uti-
lizing a combination of prediction and transform coding to efficiently reduce redundancy
in visual signals.
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Figure 2.10: Block diagram of a hybrid video encoder, including the modeling of the de-
coder within the encoder, from [113].

Asillustrated in Figure 5.5, a modern hybrid video coder employs several key components,
including block partitioning, motion-compensated prediction, and intra-picture predic-
tion [13]. VVC enhances these techniques by introducing flexible partitioning schemes
and advanced motion estimation processes, allowing for the efficient encoding of both
spatial and temporal redundancies. Furthermore, VVC incorporates innovative trans-
formation and quantization methods, optimizing data representation while minimizing
perceptual losses [13].

By leveraging its advanced coding capabilities, VVC presents a promising framework for
LF compression, capable of maintaining high fidelity while achieving substantial bitrate
reductions.
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Chapter 3

Methodology

This chapter details the methodology used in the thesis, focusing on the datasets, codecs
and reconstruction technique employed, and the integrated workflow. It describes the
datasets’ characteristics and relevance, the selection and configuration of the codecs, and
the step-by-step data processing procedure, including encountered challenges and solu-
tions. This overview aims to clarify the techniques and tools that support the research
findings.

3.1 Used Light Fields Datasets

Four light fields were used, to evaluate the performance of using view synthesis for light
field compression: Bikes, and Fountain& Vincent2 from the EPFL dataset, and Bicycles
and Sideboard from the HCI Light Field Database. The first two were captured by Lenslet
Lytro Illum Camera and the other two were synthetically created. The center view for each
light field is presented in Figure .1. In this study, four datasets were employed to evaluate
the performance of light field compression and view synthesis techniques.

a0 = =~
(c) Bicycle (d) Sideboard

Figure 3.1: Center view for every light field used in this work
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3.1.1 Lenslet Lytro Illum Camera Datasets

The Lenslet Lytro Illum Camera data set is part of the EPFL dataset [44] [45]. The light
field images were captured using a Lytro Illum Bo1 (10-bit) light field camera.

Both Bikes and Fountain and Vincent 2 were selected from The JPEG Pleno Light Field
Datasets according to common test conditions [46]. Bikes belongs to a category named
Urban, presenting a high level of spatial information and moderate depth of field. Foun-
tain&Vincent2 is part of the category People, displaying one person and a fountain, which
are very close to the camera presenting a high level of spatial complexity.

These light fields sub-aperture images (views) are available in the JPEG Pleno Light Field
Datasets as PPM images with RGB color components, non-interlaced. The content is nat-
ural and outdoors, and consists of 15x15 views, though only the central 13x13 views are
usable to avoid dark views caused by vignetting. Their spatial resolution is 625x434 with
a 10-bit depth.

3.1.2 Synthetic HCI HDCA Datasets

These light field images were synthetically created and are made available by the Hei-
delberg Collaboratory for Image Processing (HCI), with the Bicycle dataset taken directly
from 4D Light Field Benchmark website[47].

These light field sub-aperture images are available in the HCI Light Field Database as
individual PNG images (views), with RGB color components, non-interlaced. The content
consists of synthetic objects, and the dataset provides 9x9 views. Each image has a spatial
resolution of 512x512 with an 8-bit depth.

The Sideboard light field from the Synthetic HCI HDCA dataset is also included in the
The JPEG Pleno Light Field Datasets according to common test conditions [46], where a
modified version of this light field is available. In this version, the views are provided as
PPM images with a 10-bit depth, which is particularly useful since the used JPEG Pleno
Codec only accepts input images with these characteristics. The version of JPEG Pleno
employed here is from its first edition, which had this limitation. Although the current
version has resolved this issue, its implementation is not yet publicly available.

3.2 Codecs

3.2.1 JPEG Pleno

As mentioned previously the JPEG Pleno is one of the Codecs employed in this thesis.
The software used was “JPEG Pleno Light Field reference software model (4DTM tools)”
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[48]. This software provides reference implementations for the standardized technologies
within the JPEG Pleno framework for purpose of reference for prospective implementers
of the standard and compliance testing.

For this thesis, five different bitrate values were selected for a better analysis of codec
performance and interaction with view synthesis. The JPEG Pleno codec and the Bikes
light field (a selection of the central 5x 5 views set) were used to pick the reference bitrate
values.

To vary the bitrate, the parameter \ was used in the encoder input command. This variable
represents the Rate-Distortion trade-off: a larger lambda value produces encoded LFs
with lower bitrates and thus lower quality, while smaller lambda values result in higher
bitrates and better quality.

First, the highest A value (A = 20000), considered the worst acceptable quality based on
visual analysis, and the lowest A value (A = 200), where visual analysis indicated no dis-
tinguishable difference from the original views, were selected. The corresponding bitrates
were used to calculate the three intermediate bitrate values.

3.2.2 Versatile Video Coding (VVC)

Versatile Video Coding (VVC) was finalized in July 2020 as the most recent international
video coding standard. It was developed by the Joint Video Experts Team (JVET) of the
ITU-T Video Coding Experts Group (VCEG) and the ISO/IEC Moving Picture Experts
Group (MPEG) to serve an ever-growing need for improved video compression as well
as to support a wider variety of today’s media content and emerging applications.

The VIM reference software for VVC from Fraunhofer was used. This software package is
the reference software for Rec. ITU-T H.266 | ISO/IEC 23090-3 Versatile Video Coding
(VVC) [49].

From the VTM software two encoder configurations were used, Random Access and Low
Delay. In the encoder configurations files two parameters were set for the required com-
pression. First, for the bitrate control, the QP (quantization parameter) that varies from
o to 51. Larger QP value produces encoded LFs with lower bitrates and thus lower quality,
while smaller QP values result in higher bitrates and better quality. The QP values chosen
were the ones that presented the bitrates closest to the reference bitrates.

The second parameter is the InternalBitDepth. It represents the codec operating bit-
depth, and it was kept with the value of 10 for all light fields, except for the Bicycle light
field, that required a value of 8.

For every light field a configuration file was created with the corresponding characteris-
tics, bellow is the configuration file for the Bikes 5x 5 light field to be fully compressed.
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InputFile : originalbxb.yuv

InputBitDepth : 10 # Input bitdepth

InputChromaFormat 1 444 # Ratio of luminance to chrominance samples
FrameRate : 30 # Frame Rate per second

FrameSkip : 0 # Number of frames to be skipped in input
SourceWidth : 625 # Input frame width

SourceHeight : 434 # Input frame height

FramesToBeEncoded : 25 # Number of frames to be coded

Level : 6.2

In Appendix [A], the presented tables show the bitrate control parameters defined for every
bitrate in each codec/configuration for every light field. For JPEG Pleno, the used param-
eter is the rate-distortion trade-off (\), while for VVC, it is the quantization parameter

(QP).

3.3 View Synthesis

In light field imaging, when studying the use of view synthesis, the choice of a reconstruc-
tion method is vital to achieve high-quality results.

The view synthesis method chosen for this work is SepConv++ [15], an improved version
of SepConv [14].

In a comprehensive study Chen et al. [50], considered many types of view synthesis in-
cluding existing depth image-based rendering, and video frame interpolation methods,
that can be directly applied to the LF angular super-resolution problem. Although it was
originally created to be applied for video interpolation, SepConv has shown strong perfor-
mance in light field view generation, outperforming other state-of-the-art methods like
Shearlet [51] and LFEPI [19] considering metrics such as PSNR and SSIM.

In 2020 Niklaus et al. [15] described revisiting the 2017 take on SepConv. The paper fo-
cuses on improving adaptive separable convolutions for video frame interpolation, achiev-
ing near state-of-the-art results by carefully optimizing an older technique. The updated
SepConv++ architecture incorporates techniques like residual blocks and kernel normal-
ization, leading to improved interpolation quality. The study highlights the impact of
contextual loss and self-ensembling on interpolation quality and suggests future work on
high-resolution footage and exploring other applications of adaptive convolutions.

SepConv++ extends the original SepConv neural network architecture, where given input
frames I1 and 12, an encoder-decoder network extracts features that are given to four sub-
networks that each estimate one of the four 1D kernels for each output pixel in a dense
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pixel-wise manner. The estimated pixel-dependent kernels are then convolved with the
input frames to produce the interpolated frame I [14]. An overview of this architecture

can be seen in Figure §.d.

: convolution layer : average pooling layer

~-» : skip connection @ : bilinear upsampling layer

Figure 3.2: Overview of the neural network architecture of SepConv [114/]

One of the main enhancements in the updated model (SepConv++) is the inclusion of
residual blocks, which take advantage of the significant advancements in deep learning
architectures developed after the original release of SepConv. Along with other network
improvements, these updates contribute to enhanced interpolation quality.

The kernel normalization strategy was also changed in SepConv++. The updated ap-
proach applies adaptive separable convolution to both the input and a mask, and then
normalizes by dividing the filtered input by the filtered mask. This modification signif-
icantly improves synthesis quality and model convergence. The overview of SepConv++
neural network architecture can be seen in Figure B.4.

: skip connection with residual block

@ : conv : strided conv [7) : bilinear up

Figure 3.3: An overview of SepConv++ neural network architecture [15]

3.4 Process Workflow

The methodology applied in this work undergoes several modifications depending on the
dataset or Codec employed. These differences will be elaborated on later. Nevertheless,
the primary methodology is as follows:
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Onginal ——» 1stGen «—— Qriginal

1stGen ——» 2ndGen l«—— 1stGen [ |

f— | —

L T

Onginal —» 1stGen «—— Qriginal

Figure 3.4: View Synthesis process applied to the sparsely sampled 3 x 3 light field. Leg-
end: Square - Original selected views Yellow Circles - Reconstructed views in the first
view synthesis stage, Red Circle - Reconstructed views in the second view synthesis
stage.

1. Selecting the Inner 5x5 Views of a Light field:

« Initially, the inner 5x5 views of a light field were selected for further process-
ing. Light fields typically contain a large number of views, which can make the
processing computationally intensive and time-consuming, To keep things ef-
ficient and get the results for analysis, we focused on using just the inner 5x5
views of the light field for this study .

2. Creating Two Sets of Images:

 One set consists in the selected 5x 5 views from the previous step.

« A new 3x3 sparsely sampled set is made by keeping nine of the views. This
selected views are represented by the green squares in 3.4.

3. Encoding at Different Bit Rates:

« Both the 5x5 and 3x3 sets were encoded at five different bit rates using the
chosen codecs: Pleno, VVC Low Delay, and VVC Random Access.
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» The encoded images were then decoded to obtain the corresponding views.
4. Preparing the 5x5 Set for Analysis:

+ The 5x5 fully compressed set, after decoding, was ready to be analyzed for met-
rics.

5. Further Processing of the 3x3 Set:

« After decoding, view synthesis was applied to the 3x 3 views.

+ This resulted in a 5x5 light field with reconstructed views, this process of view
synthesis is done in a two stage process that can be seen in .4. This recon-
structed light field consists of three types of views:

— 9 original compressed views (green squares)
— 12 first-generation (yellow circles)

— 4 second-generation images (red circles)
6. Comparison with Original Views:
+ The fully compressed light field and the sparsely sampled that went through

view synthesis were then compared with the original views.

» Metrics such as PSNR-HVS-M, MS-SSIM, and FSIMc were used for compari-
son.

« The resulting graphs and tables are discussed in the Results section.

As previously mentioned, this process undergoes several adjustments based on the Codec
and Dataset being used. These differences will now be explained.

3.4.1 VVC
Pseudo-temporal sequence
8 or 10-bit generation recsgi;rtlc'::ted
PPMLF | Scanning PPM o YUV Encoding [2ISU€ATL  pbocoding PPM to PNG
ordering conversion
reconstructed
PNG LF
| Extra step [ =
xtra step View

for the

...................

Figure 3.5: Compression process scheme for VVC

The implementaion using VVC is roughly represented in Figure B.5. The sequence gen-
eration was done in a clock wise from inner to outwards manner, this is better described
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in Figure B.6. Its worth mentioning that the conversion from PPM to PNG is necessary
to use both the reconstruction technique but also to use the metrics for evaluation. The
metrics are used to evaluate the final output ”5x5 LF” which can consist of either 8 or
10-bit PNG light field depending on which dataset is being processed.

[y

Figure 3.6: Encoding sequence for VVC. (a)- For the original light fields; (b)- For the
sampled light fields.

3.4.2 Pleno

reconstructed
10-bit PPM LF| bitstream PPM LF
» PPMto PGX > Encoding » Decoding » PPM to PNG
A
reconstructed
PNG LF

o
810 10 bit ' ¥ .
LF transformation , Extra step!
y : View Generation | for the :
' 3x3 LFs :

)
'
8-bit PNG LF , l l
1
—* PNG to PPM : 5x5 LF '
1
b e e e e e e e e —— -

Figure 3.7: Compression process scheme for JPEG Pleno

The implementation using JPEG Pleno is roughly represented in FigureB.7. While imple-
menting this codec it was noticed that the reference software available is not yet prepared
to handle light fields with a different bit depth other than 10 bit, that explains the extra
steps in the beginning of the scheme to handle the bicycle dataset (the only dataset used
in this works that is not part of JPEG Pleno Light Field Datasets, so that presents 8-bit
depth) . Once again the conversion from PPM to PNG is necessary to use both the recon-
struction technique but also to use the metrics for evaluation. The metrics being applied
to the final output “5x5 LF” which consists of a 10 bit depth PNG light field.
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3.5 Metrics

Three objective quality metrics were used to compare the result light fields with the orignal
ones, PSNR-HVS-M, MS-SSIM and FSIMc. The reference implementation of all this ob-
jective quality assessment metrics is available at the “JPEG AI Quality Assessment Frame-
work” repository [521[53].

3.5.1 PSNR-HVS-M

When it comes to image and video processing, PSNR stands out as one of the most widely
used objective metrics, primarily due to its simplicity in implementation and its speed of
computation. However, while PSNR is an effective metric for comparing different codecs
and methods of image compression, its scores do not always correlate well with perceived
quality. This limitation arises because PSNR evaluates image quality through a pixel-by-
pixel comparison without considering the contextual meaning of the data [54/]. This limi-
tation has led to the creation of modified PSNR metrics designed to account for properties
of the human visual system.

The PSNR-HVS is an extension of PSNR that incorporates properties of the human visual
system (HVS), such as contrast perception ([55],[56]). PSNR-HVS-M further improves
upon this by considering visual masking effects ([571,[56]). The matlab implementation
of both of this metrics is publicly available [58].

Instead of the standart PSNR, “JPEG AI Quality Assessment Framework” employs the
PSNR-HVS-M [57]. It consists of a simple and effective quality model which uses DCT
basis functions and is based on the human visual system (HVS). The model operates with
8x 8 pixel block of an image and calculates the maximum distortion that is not visible due
to the between-coefficient masking [52]. The proposed metric, PSNR-HVS-M, considers
the proposed model and the contrast sensitivity function (CSF) [52].

3.5.2 MS-SSIM

The Multi-Scale Structural Similarity (MS-SSIM) [59] is among the most recognized algo-
rithms for assessing image quality, calculating relative quality scores between reference
and altered images by comparing details across multiple resolutions. This provides excel-
lent performance for codecs based on machine learning. MS-SSIM offers greater adapt-
ability over single-scale techniques like SSIM, as it accounts for variations in image reso-
lution and viewing conditions. Additionally, the MS-SSIM metric incorporates an image
synthesis based method to calibrate the parameters that weight the relative importance
between different scales [52]. The smaller the MS-SSIM values the greater the difference
between the pixels.
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The Multi-Scale Structural Similarity (MS-SSIM) [59] builds on the principles of SSIM
by computing the mean, variance, and cross-correlation components at K image scales,
where each scale corresponds to low-pass filtering and down-sampling of the original im-
age. The MS-SSIM index is defined as seen in Equation 5.1 [6d].

K
MS — SSIM = m (X, V)" [ [ oe(X,Y)Peri(X, V)% (3.1)
k=1

Here, my(X,Y), v (X,Y),and r;(X,Y) represent the mean, variance, and cross-correlation
components computed for patches from scale k. The exponents a, {8}, and {v},
are non-negative and normalize to sum to one across scales (i.e., Zszl Br = 1). These
vary according to k and adjust the contribution of the components.

3.5.3 FSIMc

The feature similarity (FSIM) metric [61] is based on the computation of two low level
features that play complementary roles in the characterization of the image quality and
reflects different aspects of the human visual system (HVS): 1) the phase congruency (PC),
which is a dimensionless feature that accounts for the importance of the local structure
and the image gradient magnitude (GM) feature to account for contrast information [52].

Although FSIM is designed for grayscale images (or the luminance components of color
images), the chrominance information can be easily incorporated by means of a simple
extension of FSIM, and denominated FSIMc. This is the version used in this thesis [61].
A high metric value express better image quality.

The final FSIM index between two images is given by Equation B.d, where S; () repre-
sents the local similarity map, PC,,(x) is the maximum phase congruency value at each
location z, and 2 denotes the entire image spatial domain[61].

> SL(x) - PC(x)

_ xeQ
FSIM = S P (%) (3.2)

xe€)

The extension for FSIMc involves converting the original RGB images to the YIQ color
space, where Y represents luminance and, I and Q represent chrominance. Chrominance
similarity, denoted as S¢(x), is calculated using the I and Q components, and the com-
bined chrominance measure is incorporated into FSIMc via Equation B.4 [61]. In this
equation, ) is the parameter used to adjust the importance of the chromatic components
in the overall similarity measure.
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Chapter 4

Results

For each light field, six plots were created for analysis, this can be seen in the Tables [4.1,
k.2, ls.3 and [4.4. All of these tables follow the exact same layout, being organized into two
columns, each containing a set of three plots. Instead of repeating the legend for each plot,
a single legend is placed in the last row of each column, corresponding to the plots above
it. This ensures that the legend applies to all three plots in the same column, avoiding
unnecessary repetition.

1. Left column plots:

« Three metrics are evaluated PSNR-HVS-M-HVS-M, MS-SSIM and FSIMc (one
per plot).

+ Ablack dashed reference line labeled “ViewGen” can be seen in every plot. This
line represents the performance of the view generation method when applied
to a sampled light field without compression, serving as a baseline to assess
SepConv++ impact.

« In each plot, there are six curves representing the performance of the codecs
employed: Pleno, VVC LowDelay, and VVC Random Access. Each codec/codec
configuration is distinguished by color: Pleno is represented in red, LowDelay
in blue, and Random Access in green.

« For each codec/configuration, there are two lines: a continuous line and a
dashed line. The continuous line corresponds to the fully compressed 5x5
light field. The dashed line represents the sparsely sampled 3x3 light field,
which undergoes compression followed by view synthesis to restore the miss-
ing views.

« This arrangement allows for a clear comparison of the impact of view synthesis
on the reconstructed light field quality for each codec.

2. Right column plots:

» Three metrics are evaluated PSNR-HVS-M, MS-SSIM and FSIMc (one per plot).

« Each plot contains nine curves representing the performance of the different
codecs/configurations: Pleno, LowDelay, and Random Access. These are color-
coded as follows: Pleno in red, LowDelay in blue, and Random Access in green.

« For each codec/configuration, there are three lines: a continuous line, a dashed
line and a dotted line. These correspond to different view types from the light
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field obtained after starting with a 3x3 set and applying view synthesis. The
continuous line represents views that were part of the initial view selection and
only underwent compression. The dashed line represents the first-generation
views created during the initial view synthesis stage. Finally, the dotted line
represents the second-generation views generated in a subsequent stage of view
synthesis.

These plots contain two additional reference lines in yellow, which evaluate the
view generation process without any compression applied. The yellow dashed
line represents the first-generation views created through view synthesis ap-
plied to the original 3x3 (no compression applied), and the yellow dotted line
corresponds to the second-generation views produced in the subsequent stage.
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Table 4.1: Plots for the Bikes light field.
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Table 4.2: Plots for the Fountain&Vincent 2 light field.
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Table 4.3: Plots for the Bicyle light field.
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Table 4.4: Plots for the Sideboard light field.
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4.1 Plots Analysis

4.1.1 Reference Line (ViewGen)

The black dashed reference line labeled “ViewGen” remains consistently high across all
metrics, representing the performance of the view generation method without compres-
sion, providing a benchmark for comparison. Furthermore, by examining the yellow ref-
erence lines in the right column plots, it becomes easier to observe the effect of the view
synthesis at each stage. While there is an expected loss of quality for each generation
level, the initial drop in quality between the original 3x3 light field and the first gen-
eration views is more significant than the subsequent loss between the first and second

generation views.

However, it is worth noting that the PSNR-HVS-M metric tends to be more affected com-
pared to MS-SSIM and FSIMc. This difference can be attributed to the nature of the met-
rics: PSNR focuses on pixel-wise differences, making it more sensitive to even slight varia-
tions in pixel values, even with the modified version PSNR-HVS-M. In contrast, MS-SSIM
and FSIMc are more perceptual metrics, designed to better align with human visual per-
ception. They tend to be less impacted by small pixel-level changes, which is why they ex-
hibit higher and more stable values in comparison to PSNR-HVS-M. This highlights how,
even though PSNR-HVS-M shows a relatively larger drop, the actual perceived quality
remains high across the other metrics.

This demonstrates the SepConv++ method ability to reconstruct the views with minimal
quality loss, making it a reliable choice before introducing the additional compression
losses.

4.1.2 Codec Performance (Pleno, VVC LowDelay, VVC Random Ac-
cess)

Overall, Pleno consistently delivers the poorest performance across all metrics, with the
gap being particularly noticeable at lower bitrates. VVC Random Access performs the best,
with VVC Low Delay following closely but always slightly behind. However, as the bitrates
increase, all three codecs converge, showing similar performance at higher bitrates.

4.1.3 Comparison Between Fully Compressed and View Synthesized
Light Fields

The analysis is divided into two parts because PSNR-HVS-M and the perceptual met-
rics MS-SSIM and FSIMc evaluate different aspects of image quality. PSNR-HVS-M, as
a pixel-based metric, measures pixel-level differences, while MS-SSIM and FSIMc focus
on structural information and human visual perception. This leads to distinct behaviors
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when assessing the plots generated for the different light fields.

4.1.3.1 PSNR-HVS-M plots behavior

For PSNR-HVS-M, the fully compressed 5 x 5 light field consistently outperforms the sparsely
sampled 3x3 light field that undergoes view synthesis, across all datasets and bitrates.
This performance gap becomes more pronounced at higher bitrates. There are only a few
instances, primarily at lower bitrates, where the two sets exhibit comparable performance,
but these are minimal and do not significantly impact the overall conclusions.

The behavior observed in the PSNR-HVS-M plot of the left columns can be further ex-
plained by analyzing the corresponding plots in the second columns, which breaks down
the PSNR-HVS-M performance by light field view types. While all view types (original,
first generation, and second generation) start with the same value at the lowest bitrate, the
gap between them increases as the bitrate rises. Specifically, the original (3x3), the first
generation synthesized views, and the second generation synthesized views drift further
apart in terms of quality. This widening gap negatively impacts the overall performance of
the 3x3 set, especially at higher bitrates, where the lower quality of the synthesized views
becomes more evident, explaining why the 3x 3 set performs worse compared to the fully
compressed 5x5 set.

4.1.3.2 MS-SSIM and FSIMc plots behaviour

For VVC Random Access and VVC LowDelay: In the MS-SSIM and FSIMc plots,
the sparsely sampled 3 x 3 light field that undergoes view synthesis, often performs better
than the fully compressed 5x 5 one, particularly at lower bitrates. As the bitrate increases,
the gap between the two narrows, and in most cases, they converge at higher bitrates.

This behavior is further explained by analyzing the corresponding MS-SSIM and FSIMc
plots for the view types in the second columns. For these cases, at the lowest bitrate, all
view types exhibit nearly identical values for every codec. As the bitrate increases, the gap
widens slightly, the original maintain the highest quality followed by first generation, and
lastly second generation. The gap between these generations remains quite small, even at
the highest bitrate where the difference is more pronounced.

This explains why, in most cases, the sparsely sampled 3x 3 set performs comparably or
better at lower bitrates. However, it gradually loses this advantage with the bitrate in-
crease and the quality differences between view synthesis stages become more noticeable.

For Pleno:

The Pleno codec exhibits a different behavior when handling view generation, diverging
from the patterns observed in the other codecs. By examining the second-column plots for
all datasets, it becomes clear that at the lowest bitrate, the second-generation synthesized
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views demonstrate the highest quality, followed by the first generation, and lastly, the
original views. This is contrary to what is observed with other codecs, where the original
views typically maintain the highest quality.

As the bitrate increases, the gap between these view types diminishes until they intersect.
The exact point of intersection varies depending on the metric/light field, occurring at
different bitrates—sometimes in the middle of the range and other times closer to the
higher bitrates. After the intersection, the gap between the views widens again, but the
order of quality reverses: original views now exhibit the best quality, followed by the first-

generation views, and finally, the second-generation views.

This shift in behavior between view types explains why the first-column plots for Pleno
show slight differences depending on the metric and dataset being analyzed. Although all
second-column plots for MS-SSIM and FSIMc follow the same general behavior, the vari-
ations in values, such as gap sizes and intersection points, cause the left-column plots to
exhibit subtle differences across the different datasets. These differences are listed below:

+ Bikes and Fountain Light Fields: The sparsely sampled 3x3 light field that
undergoes view synthesis, initially outperforms the fully compressed 5 x5 light field
at lower bitrates. However, as the bitrate increases, this gap gradually decreases
until the two intersect from mid to high bitrates. After the intersection, the fully
compressed 5x5 set surpasses the 3x3 that suffered view synthesis, although the
difference remains minimal after the intersection.

+ Sideboard Light Field: Similar to the Bikes and Fountain light fields, the sparsely
sampled 3x 3 light field that undergoes view synthesis starts with a better perfor-
mance at the lowest bitrate compared to the fully compressed 5 x 5 one. As the bitrate
increases, the gap narrows. For the highest bitrate, both sets converge, resulting in
nearly identical performance.

» Bicycle Light Field: This dataset shows unique behavior. At the lowest bitrate,
the 3x 3 set that goes through view synthesis and the fully compressed 5x 5 set begin
with the same performance. From that point to the mid-bitrate range, the 3x3 set
outperforms the 5x5 set, with the gap widening. However, at mid to high bitrates,
the gap closes once again, and the two sets converge by the highest bitrate. This
behavior could potentially be caused by the up-sampling for 10-bit depth.

4.2 Additional Results and Analysis

4.2.1 Bjontegaard Metrics

Table |4.5 shows the average Bjontegaard (BD) deltas for the PSNR-HVS-M, MS-SSIM
and FSIMc considering the four light fields used in this work. For every codec the fully
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Table 4.5: Average BD-Metrics and BD-Rate for each codec, comparing the 3x3 set against

the 5x5 set.
Codec PSNR-HVS-M MS-SSIM FSIMc
BD-PSNR-HVS-M | BD-Rate | BD-Metric | BD-Rate | BD-Metric | BD-Rate
Pleno -0.024 0.515% 1.330E-03 -6.864% 1.544E-03 -3.958%
Low Delay -0.797 25.341% 6.370E-05 -0.731% 3.762E-05 5.6909%
Random Access -0.425 9.494% 6.268E-04 -16.034% 7.605E-04 -12.154%

Table 4.6: Average BD-Metrics and BD-Rate considering the 5x5 JPEG Pleno as refer-

ence.
Codec set PSNR-HVS-M MS-SSIM FSIMc
BD-PSNR-HVS-M | BD-Rate | BD-Metric | BD-Rate | BD-Metric | BD-Rate
Random Access5x5 4.211 -61.184% 8.812E-03 -65.866% 9.599E-03 -59.712%
LowDelaysx5 3.690 -54.791% 7.775E-03 -55.084% 8.340E-03 | -48.895%
Random Access3x3 3.413 -56.796% 8.798E-03 | -68.404% | 9.548E-03 -59.229%
LowDelay3x3 3.312 -55.308% 8.508E-03 -63.917% 9.244E-03 -56.547%

compressed light fields (5x5) is used as reference to be compared with the correspondent
sparsely sampled light field (3 x 3) that undergoes view synthesis. It can be observed that a
better PSNR-HVS-M is obtained using fully compressed light fields for every codec instead
of a small set of views followed by view synthesis. However, when perceptual metrics
such as MS-SSIM and FSIMc are used, a slight increase in compression performance is
obtained using the selection of 3x 3 and the view synthesis method.

Table 4.6 presents a comparison using Bjontegaard metrics of the Pleno codec’s fully com-
pressed 5x5 set with various other codec configurations. For PSNR-HVS-M, the results
show that all other codecs outperform the Pleno 5x 5 set. The ranking, from best to worst
quality, is as follows: Random Access 5x 5, LowDelay 5 x5, Random Access 3x 3, LowDe-
lay 3x 3, Pleno 5x5, and Pleno 3x3.

For perceptual metrics like MS-SSIM and FSIMc, a similar trend is observed, where all
light fields surpass JPEG Pleno 5x 5 light field. In this case, the quality ranking from best
to worst is: Random Access 5x5, Random Access 3x3, LowDelay 3x3, LowDelay 5x5,
Pleno 3x 3, and finally, Pleno 5x5.

4.2.2 Visual Comparison

In this section, a visual comparison of the reconstructed light fields is presented to com-
plement the metric-based analysis. Since human perception of image quality does not
always align with objective metrics, these visual comparisons offer insight into how com-
pression and view synthesis affect the reconstructed views. Several figures are provided
to show the results across different datasets and codec configurations.

Figure [4.1 focuses on the Bikes dataset, compressed using JPEG Pleno. Its organized as
a 3x6 matrix, where the first row displays three original views: the first is part of the
3x 3 set, while the second and third are dropped views, later reconstructed via first and
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second-stage view synthesis. Below each original view, the subsequent rows display the
compressed or generated versions at five different bitrates: very high, high, medium, low,
and very low, listed from top to bottom. Similarly, Figure .3 provides visual comparisons
for the Fountain and Vincent light field using the same structure. For the Sideboard (Fig-
ure 4.5) and Bicycle (Figure l4.8) light fields, only three rows—medium, low, and very low
bitrates—are displayed due to larger image sizes and minimal visual differences at higher
bitrates.

For the VVC codec configurations (Low Delay and Random Access), only two bitrate val-
ues — medium and very low — are presented in the visual evaluations. This is because
VVC performs so well perceptually, that very high and high bitrates do not show notice-
able differences in quality, even when compared to the original views. In fact, even at
very low bitrates, the compression quality remains visually impressive, reducing the need
to include additional higher bitrate comparisons.

The analysis for Low Delay and Random Access codecs follows a similar structure. Figure
l4.9, for the Bikes light field, begins with the original views in the first row, followed by two
rows displaying the compressed versions at medium and very low bitrates using Low De-
lay. After a repeated row of original views, the next two rows show the results for Random
Access at the same bitrates. Figure 4.4 uses the same layout for the Fountain&Vincent
light field. Due to the larger image sizes of the Sideboard light field, the results are split
between two figures: Figure 4.6 shows the first three rows for Low Delay, and Figure [4.7
shows the corresponding Random Access rows. This division is also used for the Bicy-
cle dataset, with Figures 4.d and showing Low Delay and Random Access results,
respectively.

The views selected for analysis were determined by using the JPEG Pleno codec as a ref-
erence for each light field. The view with the lowest MS-SSIM was chosen from the high-
est bitrate across each view type: original compressed views, first-generation views, and
second-generation views.
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Figure 4.1: Chosen views for visual evaluation of JPEG Pleno for Bikes Light Field.
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Figure 4.2: Chosen views for visual evaluation of VVCs Low Delay and Random Access
configurations for Bikes Light Field.
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Figure 4.3: Chosen views for visual evaluation of JPEG Pleno for Fountain&Vincent 2

Light Field.
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Figure 4.4: Chosen views for visual evaluation of VVCs Low Delay and Random Access

configurations for Fountain&Vincent 2 Light Field.
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Figure 4.5: Chosen views for visual evaluation of JPEG Pleno for Sideboard Light Field
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Figure 4.6: Chosen views for visual evaluation of VVC with Low Delay configuration for
Sideboard Light Field.
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Figure 4.7: Chosen views for visual evaluation of VVC with Random Access configuration
for Sideboard Light Field.
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Figure 4.8: Chosen views for visual evaluation of JPEG Pleno for Bicycle Light Field.
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Figure 4.9: Chosen views for visual evaluation of VVC with Low Delay configuration for
Bicycle Light Field
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Figure 4.10: Chosen views for visual evaluation of VVC with Random Access configuration
for Bicycle Light Field
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4.2.3 Compression Times

The compression times were measured on a system running Ubuntu 22.04.5 LTS with
an AMD Ryzen 7 2700X Eight-Core Processor and 32 GB of RAM. The times shown in

the table below represent the average compression time (in seconds) for each codec and

bitrate, calculated across four different datasets. Results are provided for both the fully

compressed 5x 5 set and the sparsely sampled 3x 3 set.

Pleno | Pleno3x3 Low Low Random Random
Delay Delay 3x3 Access Access 3x3
Very High | 12,20 8,31 2536,6 1376,9 3209,7 1833,3
High 8,69 6,00 1847,1 951,7 2033,6 1225,411
Medium 6,748 4,113 1280,983 660,509 1281,618 794,346
Low 5,452 3,041 863,684 448,303 790,970 493,899
Very Low 4,517 2,352 521,578 282,181 478,711 318,799

Table 4.7: Compression times across different datasets for various codecs and configura-

tions

1. Bitrate and Encoding Time Relationship:

* As the bitrate decreases from Very High to Very Low, encoding times consis-
tently decrease across all codecs. This reinforces the idea that lower bitrates
require less computational effort, aligning with expectations in image compres-
sion.

2. 3x3 Sparse Sampling Efficiency:

» The 3x3 sparsely sampled light fields (Pleno3x3, Low Delay 3x3, Random
Access 3% 3) show notably lower encoding times compared to their fully com-
pressed 5x5 counterparts. Though by adding the view synthesis process time
no substancial difference will be noticed for the VVC codec (in either configu-
ration), since JPEG Pleno is substantially quicker the addition of the view syn-
thesis process would actually make Pleno3 x 3 slower than the fully compressed
Pleno 5x5

3. Comparative Performance of VVC vs. JPEG Pleno:

» While VVC codec (Low Delay and Random Access configurations) generally
provide better performance than JPEG Pleno across most bitrate categories,
the encoding time for VVC is much higher. For example, in the Very High bi-
trate category, the encoding time for VVC (3209.7 seconds for Random Access)
starkly contrasts with JPEG Pleno (12.20 seconds). This raises a critical con-
sideration: the performance gains might not be justified by the additional com-
putational effort required, especially in time-sensitive applications.
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Chapter 5

Conclusions and Future Work

This thesis aimed to explore the potential of view synthesis to improve light field compres-
sion while reducing the complexity, and focusing on maintaining high image quality, while
reducing data storage and transmission requirements. The study examined two codecs,
one of them using two distinct configurations — JPEG Pleno, VVC Low Delay, and VVC
Random Access — across datasets of distinct characteristics to evaluate their performance
alongside view synthesis. By applying compression to both fully captured and sparsely
sampled light fields, the work aimed to determine how effectively fewer views could be
used while still reconstructing the original light field with minimal quality degradation.

This work allows to conclude that the SepConv++ can use compressed views to generate
denser light fields without a relevant loss of quality. For lower qualities, the perceptual
metrics even show slightly better quality.

Sparse light fields require less bitrate, but to obtain similar average qualities after view
synthesis, a very similar bit rate is needed.

The use of the proposed model has the advantage of requiring much less complexity and
resources, because only a small set of views needs to be compressed, while other views
can be synthesized with similar quality levels.

VVC consistently outperforms JPEG Pleno in retaining quality, whether using Random
Access or Low Delay configurations. Despite this, JPEG Pleno is significantly faster in
execution, offering a relevant lower complexity advantage.

Additionally, VVC supports both 8-bit and 10-bit depth images, making it more versatile.
In contrast, the current JPEG Pleno implementation is limited to 10-bit images, which
limits its practicality for other types of images, as they require additional processing before
use.

This study explored the potential of learning-based view synthesis techniques, particularly
focusing on the SepConv++ model, for light field compression. The results demonstrate
that SepConv++ can successfully generate denser light fields from compressed views with-
out a significant loss in quality. Notably, for higher quality reconstructions, perceptual
metrics such as MS-SSIM and FSIMc even indicated a slight improvement, emphasizing
the effectiveness of the view synthesis process.

The analysis also highlighted the balance between compression efficiency and reconstruc-
tion quality. Sparse light fields require lower bitrate for storage and transmission, when
the parameters used for compression are the same as the ones used for the fully com-

51



pressed light field. However, to achieve similar average quality levels after view synthesis,
an increase in bitrate to nearly similar bitrates values used for the fully compressed light
fields, is necessary.

From a codec comparison perspective, VVC consistently outperformed JPEG Pleno in re-
taining visual quality across both Random Access and Low Delay configurations. How-
ever, JPEG Pleno offered a notable speed advantage, making it a viable option for appli-
cations where fast encoding is a priority.

The proposed approach, which utilizes compressed views for synthesis, proved advanta-
geous by significantly reducing computational complexity and resource demands, partic-
ularly evident in the VVC codec, where the encoding time is substantially higher for fully
compressed light fields. Only a subset of the views needed to be compressed and trans-
mitted, while the remaining views were synthesized with minimal quality loss, making
this a promising method for light field data handling. However, the initial premise that
view synthesis would allow for a reduced bitrate while maintaining the same quality was
not fully supported by the results. In practice, with the selected tools, it was observed that
achieving comparable quality levels required bitrates that were nearly the same as those
for fully compressed light fields. This revealed how effective this codecs are in extracting
the redundancies between views.

5.1 Future Work
Several avenues for future research can be pursued based on the findings of this study:

+ Advanced View Synthesis Models: Further exploration of more sophisticated
new view synthesis techniques, including those based on deep learning models, could
potentially enhance the quality of synthesized views.

« Sub-sampling Strategies: Furtherinvestigation into different sub-sampling strate-
gies and ratios could reveal optimal configurations for various light field datasets.
Recent studies utilizing view synthesis for super-resolution purposes have demon-
strated the effectiveness of methods where only corner input views are required to
generate the rest of the light field, which could significantly reduce the amount of
data that needs to be stored.

« Broader Dataset Evaluation: Extending the evaluation to a more diverse range
of datasets would allow for a better understanding of the performance and flexibility
of the proposed methods across different light field scenarios.

» Subjective Testing: Due to time constraints, it was no possible to include a sub-
jective evaluation of the results. However, conducting such tests would be essen-
tial to better understand the perceptual quality of the compressed and synthesized
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views, as subjective assessments often provide insights that objective metrics may

overlook.

In conclusion, the use of view synthesis in light field compression represents a promising
approach to reduce storage and transmission costs while maintaining high visual qual-
ity. However, further advancements in synthesis techniques, codec implementations, and
sub-sampling strategies are necessary to fully realize the potential of this technology.
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Appendix A

Appendix

A.1 Additional Data of the Light Fields

Bitstream size | BPP | Control Parameter
6764512 0.998 200
3201352 0.472 599
PLENO 1597136 0.236 1600
800368 0.118 5500
401992 0.059 20000
844991 0.997 77
399955 0.472 240
PLENO 3x3 199471 0.235 695
100070 0.118 1970
50258 0.059 6100
6115736 0.902 17
3150088 0.465 20
LowDelay 1606072 0.237 23
821168 0.121 26
380392 0.056 30
700699 0.827 15
375976 0.444 18
LowDelay 3x3 204575 0.241 21
105676 0.125 24
50178 0.059 28
912128 1.076 16
406396 0.479 19
RandomAccess 215252 0.254 22
94756 0.112 26
54690 0.065 29
952032 1.123 13
368802 0.435 17
Random Access 3x3 208347 0.246 20
101739 0.120 24
50325 0.059 28

Table A.1: Bitstream Size (in bytes), bitrate (BPP) and bitrate control parameter defined
for the Bikes light field.
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Bitstream Size | BPP | Control Parameter
850480 1.003 230
397354 0.469 750
PLENO 198266 0.234 2100
102310 0.121 6000
49825 0.059 22000
841002 0.992 77
404164 0.477 300
PLENO 3x3 199834 0.236 880
100047 0.118 2600
50358 0.059 7400
855165 1.009 17
407555 0.481 21
LowDelay 203455 0.240 24
99522 0.117 27
53881 0.064 30
784190 0.925 14
394027 0.465 18
LowDelay 3x3 197727 0.233 22
108516 0.128 25
49034 0.058 29
758923 0.895 17
431786 0.509 20
RandomAccess 189618 0.224 24
101534 0.120 27
47211 0.056 31
805212 0.950 14
421412 0.497 17
RandomAccess 3x3 187769 0.222 22
91137 0.108 26
53847 0.064 29

Table A.2: Bitstream size (in bytes), bitrate (BPP) and bitrate control parameter defined
for the Fountain&Vincent light field.
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Bitstream Size | BPP | Control Parameter
817800 0.998 180
386382 0.472 720
PLENO 192658 0.235 2685
96635 0.118 8800
48257 0.059 26000
815365 0.995 60
387055 0.472 300
PLENO 3x3 193865 0.237 900
96386 0.118 2840
48860 0.060 10000
857524 1.047 13
371023 0.453 18
LowDelay 199337 0.243 22
99251 0.121 26
49956 0.061 30
824137 1.006 8
369772 0.451 14
LowDelay 3x3 186347 0.227 19
90739 0.111 24
49717 0.061 28
843644 1.030 13
405555 0.495 17
RandomAccess 191835 0.234 22
100757 0.123 26
46593 0.057 31
837059 1.022 8
385193 0.470 14
RandomAccess 3x3 193805 0.237 19
101135 0.123 24
51411 0.063 29

Table A.3: Bitstream size (in bytes), bitrate (BPP) and bitrate control parameter defined
for the Bicycle light field.
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Bitstream Size | BPP | Control Parameter
818987 1.000 465
385558 0.471 1750
PLENO 193661 0.236 5000
97587 0.119 13000
48177 0.059 44500
816817 0.997 133
388072 0.474 610
PLENO 3x3 192589 0.235 2000
96848 0.118 5800
48122 0.059 16000
827491 1.010 13
404635 0.494 17
LowDelay 207098 0.253 21
96104 0.117 26
46510 0.057 31
853359 1.042 7
363788 0.444 14
LowDelay 3x3 204516 0.250 18
90064 0.110 24
48330 0.059 29
851817 1.040 13
385260 0.470 17
RandomAccess 204378 0.249 21
102176 0.125 26
47979 0.059 32
796204 0.972 8
392404 0.479 14
RandomAccess 3x3 186025 0.227 19
92726 0.113 25
46425 0.057 31

Table A.4: Bitstream size (in bytes), bitrate (BPP) and bitrate control parameter defined
for the Sideboard light field.
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