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Abstract

Nowadays, richer 3D visual representation formats are emerging, notably light fields and point
clouds. These formats enable new applications in many usage domains, notably virtual and
augmented reality, geographical information systems, immersive comronssaand cultural
heritage. Recently, following major improvements in 3D visual data acquisition, there is an
increasing interest in pokitased visual representation, which modelsweald objects as a cloud

of sampled points on their surfaces. Paloud is a 3D representation model where the real visual
world is represented by a set of 3D coordinates (the geometry) over the objects with some
additional attributes such as color and normals. With the advances in 3D acquisition systems, it is
now posdile to capture a realistic point cloud to represent a visual scene with a very high
resolution. These point clouds may have up to billions of points and, thus, storing and transmitting
them in a raw format would require an unbearable amount of memoryaaddidth. Therefore,

the storage and transmission of large point clouds critically ask for the development of efficient
point cloud coding solutions. In this context, to boost a wide adoption of this 3D visual
representation model, it is also necessamgliably measure the quality of experience offered to

the endusers by measuring the point cloud quality. While objective quality assessment metrics
aim to mathematically measure the quality of point clouds, notably decoded point clouds, ideally
replicatirg the scores that would be given by human beings, the subjective quality assessment
allows not only to perform more reliable assessment but also allows to assess the correlation of the
avail able objective qual ity mesignranddadentfieatianiof t h e
the most reliable objective quality metrics, notably for point clouds, requires subjective evaluation
data obtained in meaningful and already proven methodology.

In this context, the main objective of this Thesis is twofatdt,fto perform appropriately designed
subjective quality assessment experiments for decoded point clouds under different degradations
and impacting factors like coding and rendering which allows to assess and benchmark the
reliability of point cloud objetive quality metrics; and second, to propose novel objective quality
metrics with a higher correlation with the obtained subjective assessment scores.

To achieve these objectives, three subjective quality assessment experiments have been performec
consideing different contents, degradations, and impact factors. Moreover, four objective quality
metrics have been proposed, all outperforming the-efatee-art objective quality metrics at the

time they were developed. Due to the importance of geometrpiah @oud perceived quality,

and new challenges associated with geometry quality evaluation, most of the efforts in this Thesis
were around geometry quality evaluation, notably for static point clouds. However, in the last
chapter, a quality metric jointiconsidering geometry and color is proposed, which outperforms

all available quality metrics in the literature for point clauds

Keywords: Point Cloud, Subjective Quality Assessment, Objective Quality Assessment, Geometry,
Attributes,Coding, Rendering
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Resumo

Hoje em dia, formatos mais ricos de representacao visual 3D estéo a surgir, nomeadamente campo:
de luz e nuvens de pontos. Estes formatos tornam possivel oferecer novas aplicagcbes em varios
dominios, nomeadamente realidade virtual e aumentada, sistemafordeacdo geografica,
comunicacdes imersivas e aplicagdes culturais. Recentemente, no seguimento de varios avanco:
em termos da aquisicao de informacéo visual 3D, cresceu o interesse em representacdes visuai
gue modelam os objectos do mundo real como nuvam de pontos amostrados sobre as suas
superficies. As nuvens de pontos sdo um modelo de representacédo 3D onde o mundo visual real ¢
representado através de um conjunto de coordenadas 3D sobre os objectos (a geometria) con
alguns atributos adicionaisisgacomo cor e normais. Com 0s avan¢os nos sistemas de aquisicéo
3D, é agora possivel capturar nuvens de pontos realistas para representar uma cena visual con
elevada resolucdo. Estas nuvens de pontos podem ter até alguns bilides de pontos e logo o sel
armaenamento e transmissdo no formato original requereria uma quantidade irrazoavel de
memoria e débito de transmissdo. Assim sendo, 0 armazenamento e transmissdo de nuvens d
pontos exige o desenvolvimento de solucdes eficientes de codificacao.

Neste conteto, de forma a possibilitar a adopcdo em larga escala deste modelo de representacéo
visual 3D, é também necesséario medir de um modo fidvel a qualidade de experiéncia oferecida aos
utentes, medindo a qualidade das nuvens de pontos. Enquanto as métritaa®bje avaliacdo

de qualidade tém como finalidade medir a qualidade das nuvens de pontos de forma matematica,
nomeadamente de nuvens de pontos descodificadas, idealmente replicando as classificacées qu
seriam dadas por observadores humanos, a avatinbfrtiva de qualidade permite ndo sé fazer

uma avaliagdo mais fiavel da qualidade mas também disponibilizar os dados necessarios para
avaliar a correlacdo das classificacbes objectivas de qualidade com as classificagdes subjectivas
O desenvolvimento e identificacdo das métricas objetivas de qualidade mais fiaveis,
especialmente para nuvens de pontos, necessita de dados de avaliagao subjetivos obtidos com urr
metodologia comprovada.

Neste contexto, esta Tese tem dois objectivos principais: primealizareexperiéncias de
avaliacdo da qualidade subjectiva de nuvens de pontos descodificadas, com diferentes tipos de
degradacéo e factores de impacto como a codificacdo e a renderizacdo, 0 que permite avaliar €
comparar a fiabilidade das métricas objectivie avaliagdo de qualidade ja disponiveis para
nuvens de pontos; segundo, propor novas métricas objectivas de avaliagdo de qualidade pare
nuvens de pontos, nomeadamente com uma melhor correlagdo com as correspondentes avaliagoe
subjectivas.

Para alcancaestes objectivos, foram realizadas trés experiéncias de avaliacdo subjectiva de
qualidade considerando diferentes contetdos, degradacdes e factores de impacto. Para além disst
foram propostas quatro métricas objectivas de avaliagdo de qualidade pasdeipentos, todas

elas oferecendo um desempenho de correlacdo superior, as métricas de qualidade disponiveis n
momento em que foram desenvolvidas. Devido a importancia da geometria na qualidade
perceptual das nuvens de pontos, a maioria do trabalhovdbsdo nesta Tese esta focado na
avaliacdo da qualidade da geometria, nomeadamente para nuvens de pontos estéaticas. Contudo, r
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altimo capitulo, é proposta uma métrica objectiva de qualidade que considera conjuntamente a
geometria e a cor, apresentanda desempenho superior a todas as métricas objectivas de
qualidade disponiveis na literatura para nuvens de pontos.

Palavraschave Nuvem de Pontos, Avaliacdo Subjectiva de Qualidade, Avaliagcdo Objectiva de
Qualidade, Geometria, Atributos, Codificacdo, Renzhcao
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Part I. Background






Chapter 1

|l ntroducti on

1.1 Context and Motivation

Nowadaysthe emergence of new 3D visual representation models allows for more immersive
experiences compared to the classical 2D images and videos. Moreover, recent advances in 3D
acquisition have made these representation models increasingly popular. Poinactoowls of

these immersive 3D representation models and allow offering many newliéserl applications

such as geographical information systems, virtual and augmented reality, cultural heritage, and
free viewpoint broadcasting. In this context, poirducls are becoming an important 3D visual
representation format to capture the real visual world, easily and precisely, due to the availability
of several novel acquisition devices, from range sensors to-canitera arrays.

A point cloud (PC) is an unorded set of 3D points represented by their (X, y, z) coordinates and
associated attributes, such as color, normal and reflectéigoeel.1 shows an example of a pbin

cloud with point coordinates and attributes. Point clouds can be classified with respect to their
temporal evolution as static, dynamic, or progressive point clouds. While static point clouds
correspond to a single time instant, dynamic point cloudespond to a point cloud evolving
along time, thus corresponding to a sequence of static point cloud frames. Moreover, progressive
point clouds correspond to largeale point clouds that are not consumed all at once and, thus, are
made from complementanags of a visual scene; these parts are basically complementary static
point clouds which may even have been acquired at different times; however, unlike dynamic point
clouds, there is no temporal redundancy between these parts. These point clouds asedfie
autonomous driving.



Point #714160

Figure 1.1: Red and blaclC: full point cloud, and zoomed region, and a point specified with its
(%, y, 2 coordinates, normal coordinates, and associated RcGIoB

The point cloud visual representation model is specifically relevant for multiple use cases such as
immersive telecommunications, 3D sport replays broadcasting, Geographic Information Systems
(GI1S), cultural heritage, etfl]. Figurel.2 shows some examples of point cloud applications.

Sport Replays

Cultural Heritage

Immersive Communications

Figure 1.2: Point clouds associated ddferent applications such as sports replays, geographical
information systems, cultural heritage, and immersive communications.



The major challenge associated to the point cloud representation model is the huge amount of data
required for a visual scenéth high fidelity, which may require several millions or even billions

of points. Since this large amount of data needs to be efficiently stored and transmitted, point cloud
coding solutions are essential to allow the deployment of point-tlasdd apptiations involving

the huge amounts of point cloud data produced by the point cloud acquisition devices and
processes. As in the past for images and videos, the point cloud coding solutions must be efficient
in the sense that a target fidelity/quality mistachieved at a much reduce rate compared to the
raw, acquisition rate. To assess the-digtortion (RD) performance of a point cloud coding
solution, reliable point cloud quality assessment is required, notably to evaluate the fidelity/quality
of the cecoded point clouds for a specific rate. The reference way to reliably measure point cloud
quality is through subjective quality assessment experiments where opinion scores are collected
from several observers in a specially designed subjective testmgviiark. However, subjective
guality assessment is expensive and ttmesuming, and thus, reliable objective quality metrics

are critical to effectively design efficient point cloud coding solutions. A reliabladtgrence

guality assessment metric careasure the quality of a decoded point cloud in comparison to the
correspondingeferencepoint cloud. Subjective quality experiments are performed not only to
assess the point cloud quality more reliably, e.g., while developing a new codec, but alsmléo pr
ground truth subjective scores to assess the correlation performance of objective quality metrics
with the quality perceived by humans.

The most used point cloud objective quality metrics are theabed DEPSNR and DZPSNR
metrics, widely used bPEG [2], notably for the development of the emerging MPEG point
cloud Coding (PCC) standards, the Geombtrged Point Cloud Compression-R&C)[3] and

the Videsbased Point Cloud CompressionPC)[4] standards. Recent advances in point cloud
coding, notably adopting different coding approaches and, thus, involving different coding
artefacts, including deep leamg-based point cloud coding, have made the point cloud quality
assessment task more challenging. Several objective quality metrics have been proposed to addres:
these challenges and several subjective quality assessment studies in the literature dseek asse
the correlation of available objective quality metrics for different coding and rendering conditions.
Although major advances have been made, all these efforts show that there is still much room to
improve objective quality metrics for point clouds

1.2 Objectives

This Thesis focusson subjective and objective point cloud quality assessment, notably studying
the impact of several modules in the point cloud processing pipeline on the perceived quality, such
as the coding and rendering processes, and prapasore reliable point cloud objective quality
metrics. The main motivations for the work developed in this Thesis were:

1 There were not enough subjective quality assessment studies for point cloud quality, notably
considering different contents, rendereryd degradations.



1 Most of the subjective quality assessment studies in the literature were considering pure octree
pruning and Gaussian noise addition to create the test materials and not advanced coding
solutions, such as the recent MPEG point cloudrgpdtandardgs] [6] [7] [8].

1 Objective quality metrics were not showing high correlation performance with subjective
scores for the emerging point cloud coding solutions.

In this context, the key objectives of this Thesis were:

1. Study the impact of different types of distortions, bbtaoding artifacts, on the point cloud
perceived quality.

2. Study the impact of different rendering solutions on the perceived quality of point clouds.

3. Benchmark the correlation performance of the stitthe-art objective quality metrics for
point cloudscoded with statef-the-art point cloud codecs for different coding conditions and
rendering scenarios.

4. Design more reliable objective quality metrics for point clouds, notably with a better
correlation with the perceived quality as measured by Mean @ptcores (MOS) scores,
considering various point cloud intrinsic characteristics as well as point cloud coding and
rendering solutions

1.3 Contributions

Theresearch developed in the context of this Thesis has been focusing on the evaluation of the
availableobjective quality metrics and the proposal of novel metrics to assess the quality of
decoded point clouds. Naturally, new metrics should offer better correlation with subjective scores
as expressed through Mean Opinion Score (MOS) and, thus, severaltigabgssessment
experiments were performed, which by themselves are also an important contribution.

The subjective experiments and the objective quality metrics have considered different types of
quality degradations resulting from different processes, notably coding, and rendering. Moreover,
the subjective quality studies were performed consideringrdiit relevant factors that may
impact the visibility of the degradations, such as the intrinsic point cloud characteristics, e.g.,
density.

Following the main objectives defined above, the main contributions of this Thesis are illustrated
in Figurel1.3. The contributions are organized based on the two main objectives, i.e., subjective
guality assessment studies and novel objective quality assessment metrics. Although the focus of
this Thesis is on coding artefacts, denoising algorithms were also stlideedovel contributions

made will be presented in detail in Part Il (Chapters 3, 4 and 5) and Part Ill (Chapters 6, 7, 8 and
9), for subjective and objective quality assessment, respectively.
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Figure 1.3: Structured representation of the novel contributions in this Thesis.

Part Il T Subjective Quality Assessment Studies (Chapters 3, 4, and 5)

In the context of point cloud subjective quality assessment studies, this Thesis brings the following
contributiors: i) Subjective assessment methodology for point cloud denoising algorithms; ii) one
of the first subjective studies on coding artifacts: iii) performance evaluation of the objective
guality metrics available in the literature for different degradatimsine of the first subjective
studies using the MPEG point cloud coding standards; and v) the only subjective study considering
the impact of rendering on point cloud quality. A summary of the novel contributidesesibed

in the following.

Subjectiveand Objective Quality Evaluation of 3D Point Cloud Denoising Algorithms

In this work, the impact of two different types of noise and denoising algorithms on the point cloud
geometry quality was subjectively assessed. Then, the performance of avadtdbé-thie art
guality metrics for the evaluation of noisy and denoised point clouds was compared. This work
offers two main novel contributions:

1 Subjective assessment methodology fpoint cloud denoising algorithms:This assessment
assumed arbitrary andhstructured point clouds, without an underlying connectivity, what is
rather important since point clouds are rendered before being displayed and the presence of
noise can lead to annoying artifacts which lead to lower perceived quality. To perform this
study, classical image denoising solutions, e.g., using Tikhonov and Total Variation
regularization functions, were adapted to point clouds, inspired by the emerginghgsmuh
signal processing fielth either remove erroneous points or improve its osig.

1 Study on the correlation of available objective quality metrics with user subjective scores:
As reliable objective metrics, well correlated with human perception, are urgently needed, this



work performed subjective experiments with the aim to etalsome selected point cloud
objective quality metrics. As far as the authors know, this was the first study of this type made
available in the literature and could have a key role on the future development not only of point
cloud denoising algorithms baiso other types of point cloud processing algorithms. This
study considered two types of objective metrics, notably fiotpbint and pointo-plane
metrics. ADouble Stimulus Impairment Sca(®SIS) protocol has been used for the subjective
assessment.

This research work led to the following publicati®:

1 A Javaheri,C. Brites, F. Pereira, J. Ascenso, S
3D point cl oud datarcatiosal Cogfereack gro Multimedimn £ ,ERpo
WorkshopsHong Kong, July 2017.

Subjective and Objective Quality Evaluation of Decoded Point Clouds

In this work, the impact of two different coding solutions on point cloud geometry quality was
subjectively assessed arttperformance of weknown objective quality metrics was studied.
Two popular point cloud coding solutions were used to code point clouds with different
approaches: octrdeased coding and simple transfeb@sed coding, notably designed using
emerging gaphbased signal processing; the color attribute was not coded. The main contributions
are:

1 Subjective quality assessment opoint clouds with coding artifacts: A DSIS protocol has
been used for subjective assessment. For the firstpimng,cloud fromthe MPEG repository
were used for a subjective study and two codecs were used to create test materials:-an octree
based and a gragiased codec.

1 Objective quality metrics evaluation for point cloudswith coding artifacts: Two types of
objective quality meics for the point cloud geometry were considered, notably paipoint
and pointto-plane metrics. To the best of our knowledge, this was the first study of the
correlation performance of objective quality metrics with subjective scores for decodéd poi
cloud data. Therefore, the conclusions of this paper could have an impact on the design of
future point cloud codecs.

This research work led to the following publicat{ao]:

1 A.Javaheri, C. Brites F. Pereira, J. Ascenso,Su bj ecti ve and objecti\
compr essed [EBE Wdrkshopl oa WMdltsnedia Signal Processihgton, UK,
October 2017.

Point Cloud Rendering after Coding: Impacts on Subjective and Obijective Quality of
Geometry

The objective of this work was to study the impact of the different artifacts produced bgfstate
the-art point cloud geometry codecs for different types of point cloud rendering by performing




subjective experiments and assessing objective quality metrseveral scenarios. This was the

first time that the rendering and coding processes, which play a major role on the final perceived
quality, were jointly evaluated in this case for static point clouds. In this context, the main
contributions are:

1 Point cloud rendering after codingi subjective quality assessmentudyof the subjective
quality impact of multiple renderingoding combinations for relevant, lossy point cloud
geometry coding and rendering solutions. Moreover, the visibility of the distsréissociated
to each codec under different rendering scenarios was analyzed. This first contribution is
critical for the design of suitable point cloud subjective assessment methodologies, where a
rendering solution must be chosen.

1 Point cloud rendering after codingi objective metrics assessmentEvaluation of the
subjective correlation performance of availaplent cloud objective quality metrics for
multiple renderingcoding combinations, i.e., for different types of rendering andngod
artifacts. This should allow understanding the strengths and weaknesses of apailatble
cloud geometry objective quality metrics as well as their scope of validity, i.e., for which
conditions these metrics represent well enough the human perceigbty.qThis second
contribution is critical for the design of more relialpleint cloudobjective quality metrics,
notably for the evaluation of nepoint cloudgeometry coding solutions as well as associated
processing techniques.

This research work letb the following publicatiorl1]:

M1 A.Javaheri, C. Brites, F . Pereira, J . Ascenso, i F
on Subjective an tEEECgnsactians eaneMultnedidEarly access),
Novenber 2020.

Part Il 7 Proposed Objective Quality Assessment Metrics (Chapters 6, 7, 8, and 9)

Regarding the objective quality assessment metrics, this Thesis proposes four different point cloud
objective quality metrics, three of them evaluating only thengary quality and the last one
evaluating texture and geometry together.

Generalized Hausdorff Distance PSNbased Quality Metric (GH-PSNR)

This work proposed a novel point cloud geometry quality assessment metric based on a
generalization of the Hausdorff distance. To achieve this goal, itelsd generalized Hausdorff
distance for multiple rankings is exploited to identify the best pmifay quality metric in terms

of correlation with the MOS scores obtained from a subjective test campaign. The experimental
results showed that the objective quality metric associated to the classical Hausdorff distance leads
to low objectivesubjective carlation and, thus, fails to accurately evaluate the quality of decoded
point clouds for emerging codecs. However, the quality metric associated to the generalized
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Hausdorff distance, with an appropriately selected ranking, outperforms the MPEG adaopted poi
cloud geometry quality metrics when decoded point clouds with different types of coding
distortions are considered.

This research work led to the following publicatia2]:

1 A.Javaheri,C. Brites, F. Pereira, . A smso, AA generalized Hausd:
metric for poi lEEE Iddrationdl Cgnéeeme dnrQuality of Multimedia
Experienc§ QOMEX), Athlone, Ireland, May 2020.

Resolutionr-adaptive PSNRbased Quality Metric (RA-PSNR)

In this work, novel improved PSNHRased point cloud geometry quality metrics are proposed by
exploiting the intrinsic point cloud characteristics and the rendering process that must occur before
visualization. Point cloud s are rendered on 2D screens to be shtherstthjects. Due to the way

point clouds are acquired and fme@cessed (before coding), the intrinsic resolution, a measure of
distance between points in the 3D space, plays an important role on the final perceived quality, not
only to mitigate or highght coding artifacts but also to measure the intrinsic point cloud quality
(i.e., after acquisition). To achieve higher correlation with perceived quality, the proposed
objective quality metric considers the point cloud intrinsic resolution as well andering
resolution. The rendering resolution corresponds to the resolution of the point cloud after 2D
projection for rendering. The main contributions of this work are the following:

1 Resolutionradaptive PSNR:Proposal and evaluation of several nowahp cloud geometry
guality PSNRbased metrics that exploit tirinsic characteristicof a point cloudIn this
case, intrinsic resolution and precision were considered the most important intrinsic
characteristics influencing the final point clogdality. The main novelty regards the new
intrinsic resolution estimators.

1 Renderedresolution-adaptive PSNR: Proposal and evaluation of a novel point cloud
geometry quality PSNRased metric that exploits the way point clouds are typically rendered.
In this case, the intrinsic resolution is also considered but after rendering. This allows to
significantly increase the objective quality metric performance, i.e., to obtain higher correlation
with human opinion scores.

This research work led to the followipgblication[13]:

1 A. Javaheri, C. Brites, F. Per ei r a,-baskd quality emetnts o ,
performance f or pEEE InternattohabGonferepoe omreager Pyocedsing
(ICIP), Abu Dhabi, UAE, Oaber 2020.

Mahalanobis-based Poin{to-Distribution Metric for Point Cloud Geometry Quality
Evaluation (P2D)

To obtain an efficient quality metric, the underlying surface oféferencepoint cloud should be
modelled and the distance of the decoded points to this surface measured. The MPEG-D2 point
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to-plane metric models this surface as a plane centered on a point with orientation defined by its
normal. However, this is a rather limiteagproach considering the unstructured nature of the point
clouds, especially for points that are not well modelled by this plane. In this work, a novel objective
guality metric is proposed which considers a point to distribution correspondence rathar than
pointto-point correspondence between two point clouds. In this context, the Mahalanobis distance
is adopted to compute the distance between a point and a set of points in the two point clouds under
comparison. This metric takes benefit from the fact 8everal points have more statistical
information about the underlying surface than a single point. Thus, the main contribution of this
work is a novel pointo-distribution metric considering a new type of correspondence, namely
between a point and a tlibution of points corresponding to a small point cloud region. The idea
behind this novel type of metric is to statistically characterize the point cloud local surface, using
the covariance matrix of points within some local region.

This research worled to the following publicatiofiL4]:

A. Javaheri, C. Brites, F. Pereira, J. Ascenstdahalanobis Based Point to Distribution Metric
for Point Cloud Geometry Quality EvaluatiotEEE Signal Processing Lettengol. 27, pp. 1350
1354, July 2020.

A. Javaheri, C. Brites, F. Pereira, J. Ascens@ Pointto-Distribution Joint Geometry and Color
Metric for Point Cloud Quality Assessmeérbubmitted to IEEE Workshop on Multimedia Signal
ProcessingTampergFinland October 2@1.

Projection-based Point Cloud Quality Assessment Metric

In the literaturea few works exploited the idea of measuring the point cloud quality by projecting
the point cloud into one or more 2D images, i.e., by converting a 3D point cloud into several 2D
images. These 2D images can be obtained by performing a projection farditffiewpoints, i.e.,

using different projection centers. Then, powerful 2D quality metrics can be used, to assess the
entire point cloud quality by assessing the quality of these projected views. However, the
projectionbased metricsavailable in the Igrature were not showing better correlation
performance than pouto-point quality metrics, where correspondences are established in the 3D
space and errors in the points position and color are accounted.

In this work, a novel projectiehased point cloud quality metric is proposed, which addresses the
limitations of the statef-the-art projectiorbased metrics and achieves high performance in terms
of objectivesubjective correlation. The main contributsbassociated to this quality metric are:

1 Geometry alignment: The idea is to compare the projectederenceand degraded color
images for two fixed levels of geometry, for both tleéerenceand decoded point cloud
geometry. The two scores obtained fotibgeometry levels are fused together, implying that
the proposed approach implicitly considers geometry distortion as well as texture distortion.
By comparing images with the same geometry, any misalignment is avoided, which is the main
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responsible for th loss of performance in previous stafedhe-art projectionbased quality
metrics.

1 Padding: This novel quality metric can handle decoded point clouds with a larger or a smaller
number of points with respect to treferenceby performing padding in tH2D domain, this
means using interpolated color values instead of a fix background value or even skipping these
additional points.

This research worwill be submitted to a journal.

A.Javaheri,C. Brites, F. Per e-basalPoiniClod Qualitydssessment it P r
Me t r Sulmijttedto IEEE Transactions on Multimedia

Benchmark of the Stateof-the-art Point Cloud Quality Metrics

This thesis presen& exhaustive survey of all PC quaktysessmestudies and objective quality
metrics available in the literatu(€hapter 2)and therefore provide a deeper insight and analysis
into the underlying principles and techniques used in the context of this Thesist Alewjdes

an assessment oélevantPC quality metrics literature and its performararg] therefore good
understanding of the overall landscafée performance of the statef-the-art metrics are
benchmarked ifChapter 9 Point cloud objective quality metrics aamso classified in different
type of metrics anthe performance of almost thirty different quality metrics evaluated with a
relevant dataset.

1.4 Thesis Structure

This Thesis reports the main technical contributions developed, notably three subjective quality
assessment studies and four new objective quality metrics, each of them outperforming-the state
of-the-art point cloud quality metrics in the literature at the tithey were developed and
published Figurel1.4 shows the structure of this Thesis.

Part | - Background

This part introduces the context and objectives of this Thesis and reviews the relevant background
work, notably on point cloud quality assessment; this part includes two chapters.

Chapter 1 presents the context and motivation for this Thesis, followetidpbjectives
and main novel technical contributions.

Chapter 2 reviews the background work for this Thesis by first reviewing the main
available point cloud coding solutions and their associated artefacts; after, and more
importantly, this chapter remvs the statef-the-art on point cloud quality assessment.

Part Il - Subjective Quality Assessment and Associated Objective Metrics Assessment

This part presents the contributions of this Thesis related to subjective quality assessment and
includes three chapters.
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Chapter 3introduces the subjective and objective study performed to evaluate point
cloud denoising algorithms and the performancstateof-the-art objective metrics to
assess the quality of denoised point clouds.

Chapter 4 presents a similar study targeting coding artifacts.

Finally, Chapter 5 studies the subjective impact of several rendering approaches on the
quality of decodegboint clouds. The performance of the statehe-art objective quality
metrics in assessing point clouds coded with the MPEG point cloud coding standards, is
also evaluated, and benchmarked in this chapter.

Point Cloud Coding,

Part 1 ———— > Rendering and Quality

Back
RCEIONEC Assessment: A Brief
l Review
Chapter 1 Part 11
Context, Motivation, Subjective Quality Part I11
Objectives and Assessment and Objective Quality
Contribution Associated Objective Assessment
Metrics Assessment
Chapter 3-5 Chapter 6-9
Impact of Denoising, Proposed Metrics:
Coding and GH-PSNR, RA-PSNR,
Rendering on P2D and Projection-
Perceived Quality based

Chapter 10

Summary and
Conclusions

Figure 1.4: Thesis structure.

Part Ill - Objective Quality Assessment
This part includes all the novel point cloud objective quality metrics proposed in this Thesis.

Chapter 6 proposes a metric based on the Generalized Hausdorff distance, which
performs well by filtering some of the larger errors.

Chapter 7 proposes an improvement to the PSbdged metrics (largely used in the
MPEG and JPEG standardization groups) for pomuaigeometry, which explicitly
considers the point cloud precision and intrinsic resolution.

Chapter 8 proposes a poirtb-distribution quality metric, which considers a new type of
correspondence to overcome the weaknesses ofofttite-art quality metics to evaluate
decoded point clouds with a larger number of points than the reference point cloud.
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Finally, Chapter 9 proposes an imaggased metric where the point cloud is projected
onto several 2D planes to jointly assess the geometry and coldy ausatig
conventional 2D image quality metrics.

Finally, Chapter 10 closes this Thesis with a summary of the achievements, main conclusions,
and some directions for future work.
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Chapter 2

Poi nt Cllda und , Renderi ng
Assessment: A Brief Re

2.1 Introduction

With the recent progress in acquisition sensors and signal processing techniquesgsolhigion

3D model of any object can be acquired in 4teak, including animated objects. This visual
representation format enables many emerging applications suatm@ersive communications,
cultural heritage, autonomous driving, and virtual and augmented reality. The perceived quality of
the obtained point clouds is highly affected by the acquisition method and sensor accuracy. Many
applications such as culturalrfiiage and immersive communication require point clouds with high
quality/fidelity comparing to the reavorld model. Point clouds are easy to acquire and process;
however, they typically contain a large number of points with their associated attribchegssu
color, reflectance and normactoss. This large amount of data is expensive to store and transmit
and will be a bottleneck for many storage and transmission systems. Naturally, point cloud coding
solutions are used to reduce the bit rate while ikgethe content quality/fidelity as much as
possible. In this context, point cloud quality assessment is essential to design efficient coding
solutions and eventually optimize some specific parts of the point cloud coding engine. At the
client side, the dmded point clouds have to be rendered before being visualized using a specific
type of visualization. Different types of rendering may create different impressions of quality and
reality for the point cloud. For decoded point clouds, rendering has diffienpact on visibility

of distortions associated depending on the used coding scheme. Finally, the way users interact with
the rendered point clouds is also important for the perception of quality. A user watching a
rendered 2D video of a point cloud haslifferent quality perception from a user who is free to
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interact with the point cloud using a heaunted VR headset. More importantly, in a point cloud
communication system, it is rather important to monitor the point cloud quality offered to the users

The main objective of this chapter is to introduce the main concepts necessary to understand this
Thesis and briefly review the stadéthe-art on the key technologies, especially point cloud
coding, rendering and quality assessment.

In this chapter,ite point cloud processing pipeline is introduced in Se@idto make clear which

are the main modules in a typical point cloud application and which factorahaagr impact

on the perceived point cloud quality. Point cloud coding and point cloud rendering are reviewed
in Section.3and2.4, as two most important parts of the pipeline with focus in this Thesis. Then,
the stateof-the-art on point cloud subjective and objective quality assessment is reviewed in
section2.5and2.6. Finally, in Sectior2.7, some final remarks for this chapter will be presented

2.2 Point Cloud Processing Pipeline

A typical point cloud processing pipeline is shown Rigure 2.1, including acquisition,
representation, encoding and decoding, rendering and visualization modules. It is important to
highlight that every single module in the pipeline may affect the padaouality in different

ways. InFigure2.1, for better illustration, modules include some images inside them.

Visualization

Repr i Y i, SO Rendering
o

- ) Sl &
ll E%." 1 —-L Encoding \ﬂ}_’ Ll -

Figure 2.1: Point cloud processing pipeline.

User

Interaction

Passive

The various modules in the point cloud processing pipeline are as follows:

91 Acquisition: The 3D representation of the objects in real world is captured with appropriate
sensors, such as depth sensors, esamners (LIDAR), and arrays of cameras which can be
arranged differently. This means that based on acquisition setup, point cloud data can be
acquired directly as a set of 3D coordinates, using laser scanners or indirectly as a set of 2D
images or depth aps, eventually with some associated texture information. The perceived
quality of a point cloud strongly depends on the acquisition accuracy and reliability of the
sensors, which can introduce errors and noise in the 3D coordinates.

1 Representation While 3D data is acquired with a specific model, depending on the available
sensors, it may happen that this is not the best representation model for the target application
and some representation model conversion needs to be applied before coding. The most
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comnon example is to perform the acquisition with array of 2D cameras images, basically a
light field, and convert this data into a point cloud using appropriate signal processing
techniques.

1 Encoding: The encoding module is essential to deal with large ptooids, notably with up
to billions of point coordinates and their associated attributes. The way coding is performed
has a strong impact on the perceived quality of point clouds. Moreover, it may lead to artefacts
that are very different than the artefatgpical of 2D images. Due to its importance, the next
section will briefly review the point cloud coding statiethe-art, especially the recent MPEG
standards on (lossy) point cloud coding.

1 Decoding The bitstream at the client side is processed @ikte decoded point clouds. The
decoded point cloud is typically different from tieéerencepoint cloud in terms of the precise
position of points as well as errors in the color components which are typically introduced in
the quantization process. Mamver, the number of decoded points, their precision (er bit
depth) may not be the same.

1 Rendering: Based on the type of visualization intended and the application requirements, point
clouds may be rendered in a different way. There are two main appréaatesslering: points
may be rendered directly with a primitive, i.e., using some elementary structure, or some
connectivity may be associated to the points to create a surface (e.g., a polygonal mesh) with
the rendering performed with these surfaceseXdsected, the rendering has a critical impact
on the perceived quality of the decoded point clouds. Due to its importance, Sethoafly
reviews point cloud redering approaches, especially the most common ones, and discuss their
advantages and disadvantages.

1 Visualization: Point clouds are rich 3D visual representations and thus can be visualized with
different devices with (interactive) or without interactieith the users (passive). The simplest
approach is to render point clouds on a 2D screen from some specific viewpoint (that can be
changed by the user), but other devices are also possible, such as a stereoscopic display (twa
views) with passive glasses autostereoscopic displays (tens or thousands of views). More
importantly, virtual and augmented reality displays can also be used to display point clouds,
eventually with other representations (e.g., meshes) or embedded in the physical word. In this
lag case, user interaction is more natural since it follows the head and/or body motion.

From all processes applied to a point clopdint cloud codingand renderinghave the most
significant impact on the perceived quality as it will be explained in more detail next.

2.3 Point Cloud Coding

Pointcloudsmay have billions of points and their associated attributes; for this reason, coding is
critical before storage and tremission. There are several coding approaches for point cloud
coding in the literature. Considering the scope of this Thesis, the most relevant and representative
point cloud coding solutions available in the literature, later used for subjective awtivebje
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guality assessment, are reviewed in this section. Naturally, the MPEGG33] and \VPCC[4]
codecs, which were recently standardized, are the most relevant for this work a® ttieymost
recent and efficient point cloud coding solutions available. These codecs are part of thd MPEG
set of standards, which aim to design key technologies for immersive media.-GalkeddPoint
Cloud Library (PCL) codec is the first point cloedding scheme which became popular and
adopts an octrebased coding approach.

Sincethe PCL[15], MPEG GPCC, and WPCC codecs are often used in many parts of this Thesis,
they will be reviewed here. These codecseasent the three most relevant approaches to structure
point cloud data for coding purposes, namely basetteensurface andpatch respectively. A

tree is a data structure used to organize the points in some hierarchical way, e.g., odirees, kd
asurface is a data structure where the points are represented with a parametrized surface model
(e.g., as a set of triangles); finally, a patch clusters points into groups with some size, which is
suitable for 3D to 2D projections. In this Thesis, only ngddf geometry and color of static point
clouds is considergd 6]. Naturally, these point cloud codecs produce different types of geometry
artifacts, such as loss of geometric detail, geometric deformations, holesrcraad other
geometric distortions, e.g., when curved surfaces are represented by a small number of planes as
well as color artifacts such as blocking artefacts, etc.

2.3.1 Point Cloud Coding with Tree Structures

The point cloud coding solution selected forstitlass is the popular point cloud codec, publicly
available in the Point Cloud Librafl5], a large scale, open project for 2D/3D image and point
cloud processing. To facilitate the coding of geometry data, this cegeesents the point cloud

3D coordinates and its attributes with an octree strugitijle The PCL point cloud codec is often

used as performance benchmark since it can handle unorganized point clouds of arbitrary
sizddensity which may be acquired with different types of sensors (e.g., LIDAR or stereo based
cameras) and has low encoding and decoding compl&xiyre2.2 illustrates the block diagram

of the PCL codec.

Point Detail Coefficients

Compressed PC
Entropy Coding

Voxel Attribute Avg.
+ Detail Coefficients

Point Detail Encoding

PC T

—> Octree Structure

l

Point Attribute Encoding

Serialization

Figure 2.2: PCL Static point cloud encoding architect{t&].

Thekey modules of the PCL codec are:
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1 Octree Structure: In PCL, each octree node corresponds to a voxel in 3D space. The root
node corresponds to a voxel that contains all points of the point cloud;théestpoint cloud
bounding boxThen, starting from the root node, each voxel is divided iteratively into 8 voxels
with the same size; however, a node is not divided if the corresponding voxel is not occupied.
The occupancy of a node is represented with a sioyigethat signals the occupied child nodes.

By traversing the octree in breaditrst order, a stream of occupancy bytes is created, thus
allowing an efficient representation of the point cloud geometry. This process is called
serialization Figure2.3 shows an example of the relationship between an octree and its byte
stream, created via serialization. The decoded quality is determined by the octree depth, which
indirectly specifies the minimum voxel size; when the octree does not have enough depth to
represent the points with their precision, it corresponds to a pruned octree. When the point
cloud is decoded, all the points inside an occupied voxel are representg@dsivithe point at

the voxel center.

65?6 C 5)\0“0

00011000 00100000

Serialized Octree:
00000100 01000001 00011000 00100000

Figure 2.3: Overview of an octree structure and its serialization.

1 Point Detail Coding: This process aims to improve the point coordinates accuracy without
further inceasing the octree depth. In this step, all the points inside a voxel at a specific octree
depth are differentially encoded with respect to the center of the voxel. If point detail coding
is disabled, all points inside a voxel are represented by the vextelrgoint. This means that
the number of decoded points is reduced compared teférence

1 Point Attribute Coding: Once an octree structure is generated, during the pruning, the color
associated to the voxel center point is the average color of all the points in that voxel. In case
point detail coding is enabled, the same approach used for geometry is also apipdigubiott
cloud attributes and detail coefficients are calculated, which correspond to the difference
between the voxel points average color andéferencecolor value of each point.

1 Entropy Coding: The statistics of the occupancy bytes are exploited by an entropy encoder
that considers the specific (noamiform) symbol frequencies to reduce the final bitrate. The
entropy coder for this codec is a range c¢ti8f which is variant of an arithmetic coder.
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2.3.2 Point Cloud Coding with Surface Models

The point cloud coding solution selected to represent this coding approach is the MPEG G
codec, which is capable of lossy and lossless coding of large point clouds, ati#h sgndom
access, view dependent processing, packetization, and scaldi)itAs the PCL octrebased

codec, the @ CC codec is also based on an octree decomposition to code the point cloud geometry
but extends tis coding approach with a parameterized surface model. As for PCL, a pruned octree
is used but the geometry of the points at each leaf voxel is not represented by the voxel center;
instead, a set of triangles is used to represent a surface formed bydimsd-igure2.4 shows

the architecture of MPEG-BCC encoder.
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Transform
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Coefficients Quantization

Geometry Reconstruction

[

Arithmetic Encoding Arithmetic Encoding

Geometry Bitstream Color Bitstream

Figure 2.4: MPEG GPCC encodearchitecture.

The key modules of the-BCC codec are:

1 Coordinate Transform and Voxelization: Thepoints coordinates are first transformed to lie
in the cubettc  p , whered corresponds to the octree (full) depth parameter (defined
priori). Then, theyare truncated so that each point is represented by the center of the voxel
which is a nomegative integer (voxelization process).

1 Octree Coding: An octree structure is created for the point cloud data and then pruned from
the root down to some specifictoee levely which must be smaller or equal than the octree
depth; for lossless coding, the octree level must be equal to the octree depth.
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Surface Approximation: If &is smaller than depth, a polygonal representation is used to
represent the pointghich is known agriSoup an amalgam for Triangle Soup. This means
that the limited depth octree is complemented with additional geometry information within
groups of voxels, calleblocks this additional geometry is represented by vertices,
correspondig to the intersections of the surface with some edges of the block (in this case at
most 12 vertices). This set of vertices is sufficient to reconstruct a surface, corresponding to a
non-planar polygon passing through all the vertices. A bit vector datesmwhich edges
contain a vertex (i.e., intersection with the block edges) and which do not; then, for each edge
containing a vertex, the position of the vertex along the edge is uniformly scalar quantized.
The bit vector and the quantized positions aaadmitted to the decoder side.

Geometry Reconstruction: Since color attributes must be coded and transmitted only for the
decoded points, the geometry needs to be decoded; this needs to be performed before the
coding of the color or other attributes am@ tsame operation occurs at the decoder. In this
module, the octree is decoded, and then a surface is reconstructed from the position of vertices
and bit vector by surface approximation. A decoded point cloud is created with a similar
resolution (number gfoints per volume) to theferencepoint cloud or more by sampling the
reconstructed surface.

Color Transform: Color of points may have to be transformed from RGB taGfColor
space.

Color Transfer (or Re-Coloring): For lossy geometry coding, the reconstructed points are
recolored using the color information available for t&erencepoint cloud. In GPCC, each
decoded point is assigned with the color of the clasdstencepoint in terms of Euclidean
distance.

Color Coding: There are three color coding modes iFPGC, notably Region Adaptive
Hierarchical Transform (RAHT]J20], Predicting Transform, and Lifting Transforfh9].
These coding mazs are explained next:

0 RAHT: Color data is spatially transformed using RAHT which is an adaptive form of
the Haar wavelet transform, performed with respect to a hierarchy defined by the so
calledMorton codegqi.e., indices) of the voxelRAHT s recursiely applied from the
targetdepth (level) up to the octree root, to blocks of voxels grouped two by two at each
level and along each of the three coordinates successively.

o0 Predicting Transform (LoD Generation): The Predicting Transformis an
interpolationbased hierarchical nearagtighbor prediction scheme for attribute coding
[19], implying that already encoded colors are used for prediction. It relies on a Level of
Detail (LoD) representation that distributes the inpaints into sets of refinements
levels (R) using a deterministic distance criterion. The attributes of each point are
encoded by using a prediction determined by the LoD order. The maximum number of
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prediction candidates can be specified, and the nurobemearest neighbors is
determined by the encoder for each point.

o Lifting Transform: The Lifting Transform[19] is built on top of thePredicting
Transform It introduces an update (Lifting) operator and ataptive quantization
strategy. In the LoD prediction scheme, each point is associated with an influence
weight. The prediction residuals are used to update the color/attribute values at each
stage of the prediction and guide the quantization process.

Coefficients Quantization: Transformed color coefficients are quantized by a uniform

guantizer.

Arithmetic Coding: Geometry symbols and quantized transform color coefficients are
encoded using an arithmetic entropy coder, thus building the corresponding bitstream.

the decoder side, after arithmetic decoding, the octree is reconstructed, and surface
reconstructions performed using the decoded vertex information and bit vector. Then texture
information is inverse transformed to obtain the color value for each decoded point

2.3.3 Point Cloud Coding with Patch-based Projection

The point cloud coding solution selected fiwetpatchbased coding approach is the MPEG V
PCC codec, which targets dynamic point cloud coding and performs a 3D to 2D mapping of both
the geometry and color componef[i&]. Thus, depth and texture images are creatdadh may

be coded with any video codec, notably a High Efficiency Video Coding (HEVC) standard
compliant code§22]. Figure2.5 shows the architecture of the MPEGRCC encoder.
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Figure 2.5: MPEG V-PCC encoder architecture.

Thekey modules of the \PCC codec are:
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3D Patch Generation: In the first step, the point cloud is decomposed into several patches
with smooth boundaries, while minimizing the reconstruction error. Point cloud points are
clustered according to the relation between their normal vectors and the normal directions of
six predefined oriented planes (forming a 3D bounding box). Typically, this step includes
several operations such as normal estimation, clustering according to the normal vectors and
six predefined planesx, -xy, yz -yz xz -x2) and a connected compang algorithm.

Patch Packing: Patches are extracted from the clusters created in the previous module and
mapped onto a 2D grid using a packing process which attempts to minimize the unused space.
At the end, each NxN (e.g., 16x16) block in the grid is@ased with a unique patch.

Geometry Image Generation:After the packing where geometry (depth) is mapped from 3D
to 2D. The 3D point positions are represented in thelgnal (i.e., monochromatic) geometry
images.Considering projection on the plane while thewandwcoordinates correspond to
the position of the pixels within the frame, the remairicgordinate corresponds to the pixel
intensity value, similarly to a depth map. To handle multiple points being projected on to the
same pixel, each patch is projected onto two geometry images, referred tanaartheyer
(DO) and far layer (D1) contairing points with the lowest and largest depéh Yalues,
respectively. There are several approaches to cod®@hend D1 layers: i) D1 is coded
differentially with respect t®0, thus describing the surface thickness; ii) using a single layer
whereDO0 ard D1 are interleaved across the rows or columns of the imagB0igndD1 are
subsampled and spatially interleaved; andiM)is dropped and interpolated at decoder side.

Texture Image Generation: Since the decoded geometry may have a different nuofber
points, texture image generation requires the decoded geometry to compute the colors
associated to the decoded points. A recoloring process transfers the color information from the
referencepoint cloud to the decoded geometry point cloud. The pixetba texture images

take the color values of the mapped points in a similar process to the previous step, thus texture
images are created.

Smoothing Patch boundaries améconstructedeometry images are smoothened using some
filters. For geometry, thedea is to avoid discontinuities that may appear at the patch
boundaries. In this case, boundary points are moved to the centroid of their nearest neighbors.
For color, adaptive filters based on the median, averaging, bilateral filter, order statistic filte
can be used. The smoothing process is signaled to the decoder side.

Image Padding: The empty spaces between the patches packed inside the generated images
are filled using a padding process to obtain a smoother image (easier and cheaper to code).
This will enable an efficient image or video compression and minimize block artifacts. For
geometry images, an adaptive padding strategy is perforrded 4tblock level: i) for a block

with all occupied positions, nothing is done; ii) for a block witmalocaupiedpositions, the

pixels in the block are filled with the values of the last block row/column; and iii) for a partially
filled block, empty pixels are iteratively filled with average values of neighboring pixels. For
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texture images, an optimization peattre finds the values of empty pixels such that the
obtained padded image is as smooth as possible.

1 (HEVC) Video Coding: These above created maps are passed to some video encoder, e.g., an
HEVC encoder, which exploits the spatial and temporal correlaitoassery efficient way.
This step is the core of encoding process for tHeGQLC encoder. For this, the-bd HEVC
profiles are preferred since they can improve the accuracy and compression efficiency.

1 Patch Sequence CodingTo reconstruct the 3D dataofm the 2D maps at the decoder side,
for each patch, the index of the unique patch and the index of the projection plane associated
to its normal vector direction is encoded, as well as its 2D bounding box and 3D location. For
the case of a temporally cost@nt packing, this information can be differentially encoded
using the values of the matching patches from a previous frame.

1 OccupancyMap Coding: An occupancy map is used to determine whether somed
block is occupied or not; this map is coded to determine which 3D points should be
decoded/filled. This binary map can be lossy or lossless coded aigla useefined
parameter which can control the traafébetween precision and rate. For losslasding, this
information is coded directly using binary arithmetic coding. For lossy coding, the occupancy
map is coded as a video frame that may have a smaller spatial resolution than the geometry
and texture frames.

At the decoder side, four differentdmx streams are demultiplexed and decoded, namely the patch
information, the occupancy map and the geometry images are decoded first and then the texture
information is decoded to obtain the color attribute for each decoded point.

2.4 Point Cloud Rendering

Point cloud rendering is the process of producing a visual representation that can be consumed by
the users using an available display, e.g., conventional 2D, stereestengtnscopic, head
mounted displays, et§23]. Since it effectively selects the information to be seen, the rendering
process has a significant impact on the quality perceived by the user. In this section, the rendering
solutions selected for the experiments reported in the Thesis are briefly described

Regarding point cloud rendering, there are two main approaches: the fratlestpointbased

directly uses the point cloud data while the secondaiedmeshbased converts the point cloud

data into another representation format, very commoslyface such as a polygonal mesh. The
decision on the rendering approach to adopt mostly depends on the application requirements which
may be very different.

The point cloud conversion to another more rendering friendly representation format may bring
same loss of information and, in some cases, it may not even be possible due to the complexity of
the visual scene in terms of geometry or the low point cloud density. By directly rendering point
clouds, massive amounts of points can be visualized. Ratieer, tfiese point clouds do not fit
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into the available memory and require special algorithms to stream, process and render only a
small subset of the entire point cloud data. This is easier to perform with éopsed model due

to the lower complexity aesiated to the rendering process in comparison to a polygonal mesh
representation where surface reconstruction and interpolation are usually needed-bagsaint
rendering, the soalled rendering primitivesthe simplest (atomic) elements, are combited

create the 3D impression of a surface in the final displayed content. 2D rendering primitives may
be circles (splats), squares, quads, etc. and 3D rendering primitives are cubes, spheres, etc.
Typically, large scale models for geographical informatigstesns are usually rendered with a
pointbased representation while mdsised representation may be preferred for immersive
communications.

Independently of the rendering approach, a geometry shader with some primitives is employed to
construct the finaimage shown to the user. In this context, the geometry shader is responsible for
the creation of appropriate levels of light, darkness, and color within a rendered imadg2Aliew

For point clouds only with geometry,alshading is commonly performed with a single color;
otherwise, color attributes are used for each point or vertex.

2.4.1 Point-based Rendering without Color Attributes

Pointbased rendering algorithms use a set of discrete points that may be irregulabytdibtri
simple rendering primitives and 3D/image space interpolation procedures to obtain a rendered
view, i.e., a 2D image. The main advantage of this rendering approach, labelledRBoed3ss

that it can achieve high levels of realism and is adegf@t complex objects, such as trees,
feathers, smoke, water, etc. In addition, pdiased rendering simplifies the rendering process and
typically requires less memory and computational power due to the lack of connectivity
information.

In this approachgdepending on the visualization device and type of rendering, simple and fast to
render 3D or 2D primitives are selected, such as circles (splats), squares, quads for 2D rendering
and spheres, and cubes for 3D rendering. Based on the point cloud deddigtance to the

virtual camera (zoom level), the size of the primitives can be manually or automatically adjusted
to create the impression of a surface; in the automatic case, connectivity information between
points is usually computed to determine tperapriate primitive siz¢25]. The definition of an
appropriate size for the primitive is rather important to reduce the appearance of empty spaces
(holes) between points (size too small) or aliasing artifacts (size too.large)

Regarding shading, color attributes are not used in this specific rendering approach; this may be
useful to assess the impact of geometry distortions without the influence of any additional
component if it exists. The human visual system can easilg@natately derive the 3D orientation

of surfaces by using the variations on the image intensity §éhe
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2.4.2 Point-based Rendering with Color Attributes

The second rendering approach is still pdiased but also uses taeailable color attributes and
thus,for this reason, it will be labelled &Colorin the following.In RColor, theRPointrendering

method above is again applied but the point color attributes are used. This means that the surface
is still represented wth points and displayed with the same primitives but now rendered with the
color data obtained during the point cloud acquisition process. While the color attributes
correspond to the real color of the objects, they are still influenced by the speltfoinglitions

that have occurred during their acquisition. For this reason, no shading applied to points. However,
in the final rendered image, some colors may be interpolated, e.g., between points, to avoid
aliasing. Moreover, since the captured colooaenveys the object depth, it may mask some
geometry distortions on the geometry/surface. On the contrary, distortions may be more visible at
object boundaries, which are essential to give the user the shape perception of the objects in the
visual scene.

2.4.3 Mesh-based Rendering without Color Attributes

The first step in the medbased rendering approach, hereafter labelleRMssh is to create
polygonal meshes with a surface reconstruction algorithm, such a$disson Surface
Reconstructiof27]. This means that rendering is performed with a set of vertices along with their
connectivity to obtain a closed surface, very precisely defined.

The advantage of this rendering approach is that, independently of the distance to th@mwobjec
scene) or the point cloud density, a seamless surface is obtained; this may not occur with point
based rendering since the quality depends on the number of points representing the surface and the
distance between the viewer and the object. The lsaddantage of this rendering approach is

that it requires surface reconstruction, which usually removes high frequency geometry details
[28], i.e., smoother surfaces are obtained. It is important to note that surface redonstouct
complex surfaces is not always straightforward, i.e., it may not always be successful and can even
require some user intervention. After surface reconstruction, the polygonal mesh needs to be
rendered, usually with some shading algoritf#28] [30]. There are several mesh rendering
techniques performing shading, reflection, refraction, and indirect illumination, and able to
improve (when properly applied) the quality of the rendered data.

2.5 Point Cloud Subjective Quality Assessment

In this section,lte most relevant subjective point cloud quality assessment concepts and related
works will be reviewed.

2.5.1 Background and Key Concepts

In subjective point cloud quality assessment, the degraded point cloud quality is assessed with
some weHldefined procedurseand opinion scores are collected from some observers; these opinion
scores may also be used as reference to validate objective point cloud quality metrics. The design
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of a subjective quality assessment test requires some basic components that mesitdue sel
depending on the application and aim of the test:

1 Testenvironment: Subjective tests can be performed in almost any environment. However,
due to possible influence from outside conditions, it is typically advised to perform tests in a
neutral enviroment, such as a dedicated laboratory room. Such a room may bepsoafed,
with walls painted in neutral grey, and using properly calibrated light sources. Several well
known recommendations specify these environment condiédf$32].

1 Visualization device: The type of visualization device and its configuration should also be
decided depending on the application and purpose of the test. For point clouds, different types
of displays can be usesuch as augmented or virtual reality displays, stereoscopic or auto
stereoscopic displays and still most commonly classical 2D displays.

1 Test materials: The test material is the content selected for the subjective experiment.
Typically, referencepoint clouds with different characteristics are evaluated under different
degradations, e. g. different coding rates, different noise levels, etc.

1 TestMethodology. The methodology used to perform the subjective experiment, this means
how the stimuli are shown the observers and how the opinion scores are collected, is very
important and needs to be carefully selected depending on the application and purpose of the
test. There are several test methodologies, many already defined in suitable s{a3h{ga2lks
[33]. The three most popular test methodologies for point cloud quality assessment are:

1. Double Stimulus Impairment Scale (DSIS):Referenceand degraded point clouds are
shown sideby-side or consecutively in time to the users who must score the level of
impairment for the degraded point cloud comparing toréferencepoint cloud, e.g., in
five levels: “imperceptible", "perceptible but nannoying”, "slightly annoying",
"annoying", and "very annoying". Naturally, these point clouds are rendered with some
technique and shown on a specific device. This type of methodology is often used to
evaluate visual degradations due to compression gthereferencéor reference) stimuli
are available, and the fidelity is the main aspect to be accounted and assessed.

2. Absolute Category Rating (ACR): The ACR method, aka single stimulus method,
displays one point cloud at a time and the observers a#isesquality without a
referenceEach of the point clouds is scored individually, e.g., with five leVelcellent",
"good", "fair", "poor”, and "bad". However, the ACR method may be inappropriate since,
without a reference, the observers may use tveirinternal reference and the scores may
have some bias. This disadvantage can be mitigated by using-tialesb ACR with
hidden reference (ACGRIR) method where theeferencepoint clouds are also assessed

together with the degraded point clouds.

3. PairwiseComparison (PWC): Point clouds are shown sithg-side and observers must
select the one with the highest quality (preferred), which is a rather simple and fast task.
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Unlike the previous test methods/protocols, a psychometric scaling operation isdequire
to convert the results to numerical subjective quality scores. Nowadays, this methodology
is regarded as one of the most accurate subjective assessment methods.

1 Test Subjects:Test subjectmustassess the quality and are also called observers. A minimum
number of subjects is needed for a subjective assessment test to be statistically meaningful.
While a larger number of subjects increases the reliability of the collected experimental data,
notably by reducing the standard deviation of the averaged saoigesisually difficult and
even costly to attract participants to the subjective tests. The minimum number of subjects that
are required for a subjective video quality study to be statistically meaningful is not very
strictly defined. According to ITH [31], a minimum of 15 subjects should be used. However,
fewer than 15 subjects are also possible for studies with very limited scope. Ideally, subjects
should be notexperts, but experts can also be invited if their numbeotgoo high. In any
case, the level of expertise of the subjects should be reported.

91 Data Analysis: After collecting the subjective scores, outlier subjects must be rejected
according to the procedures defined in RecommendatiorRTBY 500.13[31], notably: i)
first, it is determined whether the distribution of scores for a test sequence is according to a
normal distribution or not; if the kurtosis (fithess measure) of all subjects scores for each test
stimulus/sequence is lvegen 2 and 4, then the distribution can be considered as normal; ii) to
reject a subject, a confidence interval is defined using the following procedure: if scores are
distributed normally, for each score larger than two standard deviations (higheabowvg
the mean score for that test stimulus/sequence, a c@uigéncremented. Also, for each score
smaller than two standard deviations (lower limit) below the mean score, a cOuriger
incremented. In case of normal distributions, the uppend lower limits areic 1t from
the mean to increment and0 . For a subject to be rejected, it is necessary to fulfill the
following two conditions:

—— T8tv and — T&® (2.9

where0 is the number of stimuli.

After outlier removal, the average of all scores across the subjects are computed for each point
cloud stimulus, thus obtaining the overall Mean Opinion Scores (MOS). The MOS for each point
cloud stimulus/sequencawill be:

B Y0 "8
0

00"y (2.2
where( is number of subjects in the test divd "#v is the subjective quality score given by
subjectsQo the stimulus/sequence a stimulus typically corresponds to specific point, coded at
aspecific rate, with a specific codec.
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2.5.2 Point Cloud Subjective Quality Assessment: Statef-the-Art Review

This section will review the major advances in point cloud subjective quality assessment in recent
years.

In [34], Zhanget al. have designed a subjective test for point clouds renderedR@tior for
different levels of degradation, both for geometry and color. The quality degradations have been
introduced by down sampling the geometry and adding (synthetic) uniform noise to both color and
geometry. The main conclusion was that human perceptionoig tolerant to color noise
compared to geometry noise in point clouds.

In [35], Mekuriaet al.conduct a subjective assessment experiment using a point cloud codec based
on geometry octree pruning and JPEG baseduatiss coding. The subjective evaluation was
performed in a mixed reality system, combining coded point cloud data (acquired) rendered with
RColorwith shading and computer graphics generated 3D content renddR&tkeaklwith color.

In the subjective testhe users could interact with the content by navigating a visual scene with

an avatar. The system performance was globally assessed with a questionnaire addressing eight
different quality aspects, among them realism, impressiveness, and color qualitybjeatdve

guality metrics (mean squared error based) were introduced to assess both the geometry and colol
gualities. However, the correlation between objective metrics and subjective results was not
assessed.

In [36], the performance of the codec presentg@%jis subjectively evaluated again. Both static

and dynamic point clouds are evaluated under several coding configurations such as lossy, lossless,
all intra, etc. at differentates for dynamic and static point clouds. A passive subjective assessment
approach was adopted, and video sequences of the point cloud models renddR&bioittvere
generated from predefined viewpoints. The point clouds were rendered using cuked eize

as primitive.

In [5], Alexiou et al. perform a subjective quality assessment study of the point cloud geometry
for two types of degradation, notably octree pruning and Gaussian noise, considering different
guality levels and artifacts. An augmented reality (AR) headset was used to visualize simple point
cloud objects without coloRPointwithout shading) from different perspectives (user could move
around the object). It was concluded that the objective quaktyiea could perform well for
Gaussian noise but underperformed for RHi&& compression artifacts.

In [6] and[37], Alexiou et al. perform a subjective test with the same data §5]iand the same
distortion types but the content was visualized on 80 2D display. In both caseRPoint

without shading rendering was used, and user interaction was allowed; a simple rendering method
with unit size points was selected. I[B7], the impact of adopting two different subjective
assessment methodologies, Absolute Category Rating (ACR) and Double Stimulus Impairment
Scale (DSIS), was studied by comparing the resulismmdd. The DSIS protocol was found to be
more consistent and with lower confidence intervals and, thus, it was used |&}elrif6]it was

shown that statef-the-art objective quatly metrics perform well in the presence of Gaussian
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noise. However, the performance for predicting the quality of ctiased codecs is content
dependent and, therefore, metrics are not performing well for this type of distortion.

In [8], Alexiou et al.perform a subjective study to evaluate the point cloud geometry quality using
an octree pruningpased codec. Before rendering, a Poisson surface reconstruction algorithm was
used to obtain a mesh from the decoded poimtdd without color RMesh. In this case, no
interaction was allowed with the content and the subjective experiment also followed the DSIS
protocol. It was found that most point cloud objective quality metrics have a low correlation with
the subjective seges and the 3D surface reconstruction algorithm plays a crucial role on the quality
scores obtained.

In [38], Alexiou et al. perform two subjective tests to study the impact of visualization on the
subjective quality agssment of point clouds. The first test used an88 2D display and the

second an AR headset. As before, geometry artifacts associated to octree coding and Gaussiar
noise were studied and point clouds are rendered R®intwithout shading. The assessm

protocol was DSIS and user interaction was not allowed. In any case, the correlation between the
subjective scores obtained with different visualization devices was rather high, notably statistically
equivalent for the two experiments with Gaussiars@oi

In [39], Dumicet al. investigate the impact of visualization on the point cloud perceived quality.
Several point clouds from the JPEG repositpt9] were used and two computer generated
geometrical volumes: a cube and a torus. Some point clouds include color and some others only
geometry Referencegoint clouds rendered &Point RColorandRMeshwith and without color

are used to evaluate the quaiih a 2D display versus a stereoscopic 3D display. They follow a
passive approach and use an ACR methodology to conduct the subjective tests in three different
laboratories. They show that there is no preference for viewing point clouds in 3D displays ove
2D displays.

In [41], Alexiou et al.conduct a subjective quality evaluation experiment to assess the quality of
decoded point clouds renderedrddeshin several types of 3D displays, from passive stereoscopic

to autestereoscopic displays. Geometry degradations in the form of octree pruning were evaluated
in the absence of color. The results obtained with 3D displays have a strong correlation with the
results obtained with 2D displays for the same content. Howevesrastalso found that the
rendering method may play a significant role in this evaluation.

Moreover, Alexiouet al have benchmarked objective quality metrics for point cloud data
represented by octree pruning and corrupted with Gaussian [d@ijseBoth DSIS and ACR
assessment protocols were used in separate sessions with point clouds rendeRfoinith
without shading. It was found that the correlation between subjective and objective quality scores
was low for distaoe-based objective metrics, for octrbased compression artifacts, but better
correlation performance could be achieved with metrics considering the normal at each point.

In [43], Christakiet al. perform a subjectivetudy for simple point clouds, that were converted to
meshes and coded with suitable ogenrce mesh codecs. While some of the test point clouds are
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common with the point clouds often used in previous subjective quality evaluation studies (e.g.,
Bunny) ohers were obtained with a platform designed for 3D human capture (with multiple Kinect
devices). I{43], a variant of the pairwise subjective assessment protocol was used for evaluation
with three stimuli rendered witRMeshand presented simultaneously. Overall, three mesh codecs
were considered, and content was displayed with a VR application on anbeated display.

The key conclusions are that usual 3D mesh quality metrics have a low correlation performance in
this scenario and the 3D mesh surface reconstruction method plays an important role.

Torlig et al. [44] evaluate the visual quality of voxelized colored point clouds rendered with
RColorin subjective experiments that wererformed in two different laboratories. Point cloud
voxelization is performed in reéilme, and orthographic projections of both the reference and the
distorted models are shown sibg-side to the subjects in a platform which allows user interaction.
The projected images shown to the user are then used by conventional 2D quality metrics, which
allows to measure the perceptual quality of the point clouds in an objective way. The subjective
study was only used to assess the performance of the point cliegthv@bquality metrics.

In [45], Alexiou and Ebrahimi use degraded models d44hand the point clouds are rendered

with anRPointapproach using cubes as primitive geometric shafdee point clouds are evaluated

in an interactive renderer, where the wusers
information is further analyzed and used to identify important viewing directions of the point
clouds under assessment. Therfprmance of projecticbased quality metrics in [35] was
improved by exploiting this interactivity data, by assigning weights to the images projected from
different views based on the time that users had spent on each one. While one view is enough to
achieve high performance, interactivity information can be used to further improve the
performance of a projectiemased metric.

In [46], Dumicet al review the statef-the-art on point cloud subjective quality assessnagt
point cloud objective quality metrics.

Most of the works above mentioned, study the subjective quality impact of point cloud
degradations associated to octree pruning and Gaussian noise. More recghily Atexiou et

al. perform a subjective evaluation of MPEG point cloud codecs (as well as the MPEG adopted
objective metrics) considering both decoded geometry and color. They used three subjective test
sessions all usin@Color rendering; in the first, MPEG conon test conditions were used to
encode some test material and their quality was evaluated using a DSIS methodology. In this
experiment, MOS scores are obtained by data processing which allows to evaluate the performance
of the MPEG point cloud codecs aneinchmark objective quality metrics. In the second session,

as RVC method was used to determine the user preferences among different types of geometry
artifacts associated to-BCC coding configurations, namely betwdeiSoupandOctree Finally,

in the last session, a similal®C test is done to assess which bit allocation is most efficient and
visually pleasant between geometry and texture for some target bitrate.
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In [48], Zermanet al. describe two subjective tests performed with two dynamic point clouds
encoded with the \PCC codec, one using a DSIS methodology to assess large differences in
quality and another a PWC methodology to assess smaller quality differences. Point clothds in bo
sessions are rendered wigColor. Four different subsampled versions of tieéerencepoint
clouds have been decoded wittPCC and compared together. Experimental results show that the
final quality is independent of the number of input points foir tih&taset.

Zermanet al.in [49] have also conducted a subjective study to compare textured mesh and point
cloud under different coding methods:R&C[3], V-PCCJ4] for point clouds and Drad&0] for

meshes. They built a dataset with eight dynamic point clouds frdgsilBand point cloud and

mesh data captured by the authors. Thes# plouds are coded with three codecs at six different
rates, creating stimuli with 152 distorted contents. In this work, an ACR methodology is used, and
the point clouds rendered wiRColorand the meshes wilRMeshwith color. The rendered videos
werecr eated and shown on a 240 LCD display. T
higher rates, while point clouds perform better for lower bitrate scenarios. They also compare V
PCC and GPCC compression efficiencies using BIDS to show that WPCC always vyields

better performance.

In [52], Wu et al. perform a subjective assessment study with 20 different point clouds from
MPEG, JPEG and Sketchfab repositories. TRRGC codec is used to code the point clouds for
five different ratedistortion points. The DSIS methodology is usadd the subjects visualize
meshes reconstructed from point clouds, rendered RMieshwith color interactively, with an
HMD device. They show that in a VR environment, texture has aéegliegpact than geometry on
the overall point cloud quality.

In [53], Suet al. apply several types of degradation (Gaussian noise, octree codi@CGand

V-PCC coding) on a large point cloud dataset with differgoég of content. Each point cloud

was created using a 3D reconstruction method receiving as input several views of an object. Some
video sequences are generated from point clouds renderdd@atbrand the DSIS methodology

is used for the subjective assenent. It is shown that the-RCC codec outperforms the other
codecs, especially at low rates.

In [54], the subjective quality of dynamic encoded point clouds is assessed in an adaptive streaming
scenario. Three pointauds are coded at five different rates using thBGC codec. The point

clouds are rendered witRColor and visualized passively, using three different camera paths.
Video sequences are shown to the users through an emulated network of three bandwidths, t
different bit rate allocation schemes (videcused and uniform) and two different viewport
predictions (most recent and clairvoyant). It is shown that overall rating for volumetric video is
lower than for traditional HD or 4K videos. Volumetric videai2D sequence of a dynamic point
cloud. Regarding the objecthgibjective correlation performance, they use 2D quality metrics for
streamed sequences and they show that metrics need to be adjusted and scaled to properly matc
the human perception. Thalso show that viewport prediction leads to better results.
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In [55], Subramanyanet al. perform a subjective study to evaluate the point cloud quality in 3
DoF and éDoF using a VR heathounted device. Point clouds amecoded with MPEG \PCC

and the octrebased codec if35] at four different rates. The subjective test follows an ACR
methodology with Hidden Reference (HR) and the subjects could interact with the decoded point
clouds rendered withRColor. Using the subjective study results, they show th&CC is
significantly better than35] for low rates while for higher rates the difference is statistically
insignificant.

In [56], Perry et al. perform a subjective study to evaluate the MPER&G and VPCC Intra

codecs using static point clouds. The subjective test is conducted in four different laboratories
using RColor rendering and following a DSIS methodology; a passive approach is used where
video sequences are generated for predefined paths. The main conclusions regard the performance
of objective quality metrics that will be presented in the next section.

This section presented a brief overview of the subjective quality assessment studies available in
the literature. The summary of all these studies is presenfeabie2.1. The subjective studies

conducted in this Thesis are also included
regards the data that is used in the tests,
and the data used. Subject e t e st met hodol ogi es are | istec
regards the point cloud rendering approach, the rendering primitives and whether color is used for
rendering or not. The visualizati ompoiteoudsc e a
are addressed in AVisualizationo and Al nter a

Table 2.1: Summary of the subjective point cloud quality assessment studies in the literature.

TestMaterials Test Condition Rendering
Authors(s) Year Evaluation Methodology Visualization Interaction
Data Type Domain Degradations Approach Primitives
) ) Geometry Down-sampling ” Min-size )
Zhanget al.[34] 2014 Objects Static i Unspecified RColor 2D Monitor \
Color Noise Square
Geometry Octree Coding RColorw Min-si
Mekuria et al[35] 2017 | People | Dynamic ACR shading Sml'fa:fs 2D Monitor \Y
Color JPEG Coding RMeshw Color q
Static Geometry Octree Coding .
Mekuriaetal(36] | 2017 | FEOPe _ ACR RColor Faesze | 2D Monitor u
d Dynamic Color JPEG Coding
) ) ) Gaussian Noise RPointwo Min-size AR
Alexiou et al. [5 2017 Objects Static Geometr DSIS " \
Bl ! Y| octree Coding Shading Square 2D Phone
Gaussian Noise RPointwo Min-size
Alexiou et al. [6] 2017 Objects Static Geometrn DSIS : 2D Monitor \
el ! Y| octree Coding Shading Square
Gaussian Noise DSIS RPointwo Min-size
Alexiou et al [37 2017 Objects Static Geometrn : 2D Monitor \
7] g Y| octree Coding ACR Shading Square
Alexiou et al. [8] 2018 Objects Static Geometry Octree Coding DSIS RMesh - 2D Monitor U
2D Monitor
Alexiou et al [38] 2018 Objects Static ?eon.‘e”.y Gaussian Noise DSIS RPointwo Min-size 2D Phone \
Visualizatio | - e Coding Shading Square
n AR
| isualizati RPoint Min-size 2D Monitor
Dumicet al.[39] 2021 | PeOPle | guahe | Visudlizatio |\ pistorted ACR RColor Square : U
Objects n RMesh 3D Monitor
es| -
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TestMaterials Test Condition Rendering
Authors(s) Year Evaluation Methodology Visualization Interaction
Data Type D - Degradations Approach Primitives
omain
RMeshw Color
Alexiou et al [41] 2018 Objects Static Geometry Octree Coding DSIS RMesh - 2D Monitor U
Gaussian Noise DSIS i in-si
Alexiou et al [42] 2018 Objects Static Geometry ) RPomt_wo Min-size 2D Monitor \
Octree Coding ACR Shading Square
Geometr i i
Torlig et al. [44] 2018 Pe_ople Static y Octree Coding DSIS RColor Fixesize 2D Monitor \
Objects Color Cube
Geometr i
Alexiou et al.[45] 2019 Pe_ople Static y Octree Coding DSIS RColor A_daptlve 2D Monitor \
Objects Color size Cube
Christakiet al.[43] 2019 Pepple Static Geometry Mesh Coding N°“§‘af.‘da’d RMesh Mesh VR \
. Objects Pairwise
Geometr G-PCC i
Alexiouetal[47] | 2019 | PP | e y DSIS RColor Adaptive | o0 \onitor v
Objects Color V-PCC size Quads
Geometr Down-samplin: DSIS iX-Si
Zermanet al.[48] 2019 People Dynamic y ping RColor Fix-size 2D Monitor V]
Color V-PCC PWC Splat
G-PCC i
. Geometry RColor Fix-size .
Zermanet al.[49] 2020 | People | Dynamic ol V-pCC DSIS Square 2D Monitor U
olor
Draco RMeshw Color )
People . Geometry
Wu et al.[52] 2020 . Static V-PCC DSIS RMeshw Color Mesh VR \
Objects Color
Gaussian Noise
Geometn Octree Codin in-si
Su et al[53] 2019 | Objects Static y 9 DSIS RColor Min-size 2D Monitor U
Color G-PCC Square
V-PCC
Geometr V-PCC iX-Si
Van der hoofet al. 2020 People Dynamic y ) ACR RColor Fix-size 2D Monitor V]
[54] Color Streaming Quads
Geometr V-PCC iX-Si
Subramanyaret al. 2020 People Dynamic y . ACR-HR RColor Fixsize VR \
[55] Color Codec in[35] Quads
X Geometry Fix-size .
Perryet al.[56] 2020 People Static V-PCC DSIS RColor 2D Monitor U
Color Square
Javaheri in Chapter
3, Impact of . . . . h 5
Denoising 2017 Objects Static Geometry Gaussian Noise DSIS RMes| - 2D Monitor U
Algorithms
ii Octree Codin i
A]arahen 0 Chapter 2017 Pe_ople Static Geometry g DSIS RColor A_daptlve 2D Monitor U
, Impact of Coding Objects Graphbased size Cube
Javaheri in Chapter People Octree Coding RColor Fix-size
5, Impact of 2019 ObjeF(J:ts Static Geometry V-PCC DSIS RMesh Square 2D Monitor U
eI G-PCC RPoint -

2.6 Point Cloud Objective Quality Assessment

This section will review the most relevant works in the literature on point cloud objective quality
assessment after introducing some basic concepts.

2.6.1 Background and Key Concepts

As described in Chapter 1, objective qualdssessment is essential for many point cloud
applications. Point cloud quality metrics are much needed during the process of designing a point
cloud codec, in the monitoring of the quality offered to users by point cloud communication
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systems and for theptimization of modules in the point cloud pipeline shown in Se@i@n
Objective quality metrics can be classified into three categories:

T

Full reference (FR) quality metric: The quality score is computed by comparing the
referenceand degraded point clouds.

Reducedreference (RF) quality metrics: The quality score is computed by comparing some
compact representation extracted fromréferenceand degraded point clouds.

No-reference(NR) quality metrics: The quality score is computed only from the degraded
point cloud and does not require tleéerencepoint cloud.

A point cloud is defined as a set of points, the geometry, with their associated attributes. Color (or
luminance information is the most important attribute, giving texture to the geometry, to create
more realistic impressions of the object or visual scene. Both color and geometry may suffer
degradations. In this context, point cloud quality metrics can be diintztivo classes:

T

Point cloud geometry quality metrics: These metrics only consider differences between the
geometries (3D point coordinates) of tieéerenceand degraded point clouds.

Point cloud geometry and texture quality metrics: These metrics joity evaluate the
geometry and texture degradations. Note that attributes such as color can only exist associated
to the points and thus these metrics consider the geometry in an implicit (only explicitly
measuring texture distortions but using geometry@lthe process) or explicit (measuring
geometry and texture distortions separately and performing some type of fusion) way.

Referenceand degraded point clouds may be compared in the 3D world or mapped to 2D planes
and compared as images or video sequefeq., obtained from multiple views). Based on the
type of error (or similarity) that is computed from treferenceand degraded point clouds,
objective metrics (geometry and texture) can be classified into three groups:

T

Point-based metrics: Compare thegeometry or texture by establishing pointwise
correspondences between th&erenceand degraded point clouds and measuring the distance
(or positional error) between corresponding points. These quality metrics are usually computed
in both directions (symetric), i.e., betweemneferenceand degraded and vieersa. Since

point clouds are unordered, the corresponding point in the other point cloud is often computed
based on nearesteighboringcriterion. The DIPSNR and DZPSNR (defined later) are
examplef these metrics and will be introduced in Section

Feature-based metrics: Extract some geometry and/or attributes features from each point
cloud in a global or local way and use this intermediate fehdiased representation to compute

the eror (distortion) between theeferenceand degraded point clouds. These metrics often
need to use geometry information to associate local features between the two point clouds.
However, when global features are used, such as color attributes, no ganfoatrgtion is
required.
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1 Projection-based metrics:Map 3D points into 2D planes and the error (distortion) is obtained
by comparing the resulting 2D images, typically using a 2D quality metric. These metrics can
evaluate texture and geometry (implicitlypgether sincethe projected color is highly
influenced by the geometry deformations.

2.6.2 Point Cloud Obijective Quality Assessment: Statef-the-Art Review

In this section, the stataf-the-art objective quality assessment metrics are reviewed, following
the chssification proposed in Secti@rb.1

Point-based Point Cloud Quality Metrics

The most popular poiftased quality metrics for geometry are the ptorpoint (P@Po)[57] and
pointto-plane (Po2PI)58] metrics. For every point in a degradedérencepoint cloud, the
nearest neighbor is obtained in tieéerencédegraded point cloud and the Haussdorff distance or
the mean squared error (MSE) based distance is computed over all pairs of points; this type of
metrics is usually referred as Po2Po metfi¢e main disadvantage of this type of metrics is that
they do not consider the fact that point cloud points represent the surface of an object(s) in the
visual scene. To solve this issue, PaoiPlane (Po2PIl) metrics have been proposed byédtiah

[58], which model the underlying surface at each point as a plane; this plane is perpendicular to
the normal vector at that point. Again, the pdmpoint distance from every point to its nearest
neighbor in the other @at cloud is computed, which is then projected along the corresponding
normal vector. This type of metrics results into smaller errors for the points that are closer to the
surface. Currently, the MPE&dopted point cloud geometry quality metrics are PA2BE& (D1)

and Po2PI MSE (D2) distances and their associated PEIREhese metrics are presented in
detail in the next section.

The soecalled Plando-Plane (PI2PI) metric proposed by Alexi@i al. [59], measures the
similarity between the underlying surfaces associated to the pointsneféhenceand degraded

point clouds. In this case, tangent planes are estimated for bo#idrenceand degraded points.

As for Po2P| metricstangent planes are used as a local linear approximation of the underlying
object surface but, in this case, planes are estimated for bothféhenceand degraded point

clouds. These metrics are affected by the difficulty to obtain reliable normalrwvdotothe
decoded point clouds, especially when some types of compression artefacts are present (e.g., holes
or when the decoded point cloud is rather spf8g This metric will be presented with more

detail in thenext section.

Although less popular, another type of metrics is the Ro#Sturface (or Pointo-Mesh) metrics
[60]. In this case, a polygonal mesh is created fromefegencepoint cloud and then the distance
of ead decoded point to the surface at the correspondifgrencepoint is computed, thus
considering the underlying surface (not necessarily a plane anymorejtd®8inface metrics are
very much dependent on the specific surface reconstruction procem®detter suited for mesh
guality assessment.
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There are not many poHbvased metrics considering color. However, the Po2Po PSNR of color in
theYG,C: color space is widely used by MPEG and in the literature to evaluate point cloud texture
degradations. Tih metric works similar to Po2Po geometry metrics, but the error does not
correspond to the distance of each point to its nearest neighbor. Instead, the difference between the
color of the points in some correspondence is used, i.e., the error betweelotha a point in

one point cloud and the color of its nearest neighbor in another point cloud. This metric may also
be computed only for the luminance-PSNR) or chroma component(C-PSNR) individually,

or as a weighted average of all color compuse

Feature-based Point Cloud Quality Metrics

Most of the featurdbased metrics, consider both the geometry and attributes, together. There is
only one metric that only considers geometry feature$61h Meynetet al. propose the PC

MSDM metric, a structural similarithased point cloud geometry quality metric based on local
curvature statistics. This metric computes the surface curvature associated to each point and then
establishes poidtased correspondences. Thetric score corresponds to the Gaussian weighted
curvature statistics for a set of local neighborhoods. Experiments show that this metric outperforms
the Po2Po and Po2Pl MSE (D1 and D2) distance metrics for six point clouds in the subjective
study preseted in[37].

In [62], Viola et al.design a point cloud quality metric based on the histogram and correlogram of
the luminance component. A correlogram allows to characterize tihiemslap between each pair

of numeric variables in a dataset. Due to the unordered nature of point clouds, a specific color
correlogram based on thenlkearest neighbor distance is proposed. The proposed point cloud
guality metric shows better performandan Po2Po YPSNR Additionally, in this work, the
proposed quality metric is fused with the Po2Pl MSE geometry metric (D2) using a linear model
with a weighting parameter found using a grid search method. Experimental results show a
significant improvemenin the correlation performance of the final quality metric after fusion,
compared to other point cloud quality metrics.

In [63], Diniz et al. propose the soalled Geotex metric which is based on Local Binary Pattern
(LBP) descriptors adapted to point clouds and applied to the luminance. LBP is an efficient texture
operator which labels the pixels of an image by thresholding the neighborhood of each pixel and
considering the resulting binary number as a good featurdndmbint. To apply it on point
clouds, the descriptor is computed on a local neighborhood corresponding tenélaeekt
neighbors of each point in the other point cloud. Histograms of the extracted feature maps are
obtained for both theeferenceand thedegraded point clouds to be compared using a distance
metric such as-flivergencd64] to compute the final quality score. Experimental results show that
Geotex has a competitive and consistent performance comparing totateef-the-art quality
metrics, notably Po2Po, Po2PIl and PI2PI metrics.

In [65], by Dinizet al.extend the Geotex metric by considering multiple distances, notably Po2PI
MSE for geometry and distance between LBP dtesisrom[63]. The quality score is the linear
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combination of the Po2PlI MSE distance between points and their nearest neighbor in the other
point cloud, Po2Po MSE distance between distance between LBP feature maps disthhce
between the LBP feature map histograms, with the weights of this linear combination obtained
using a least square error optimization. The results show that by including geometry distortions,
the performance increases comparing to the origieat€x formulation.

In [66], Diniz et al. propose another quality metric which computes Local Luminance Patterns
(LLP) on the knearest neighbors of each point on the other point cloud. The proposed metric
includes several steps, such as voxelization, LLP descriptor creation, histogram distance
computation and regression. The LLP descriptor associates a label to each target voxel considering
the voxel luminance and the luminance of neighboring voxels. After, label histograms are
computed, which are then compared with the Euclidean distance ameaniapthe final score

using some regression algorithm. The experimental results show that the logistic regression results
in better performance than other regression methods. They also show that the proposed metric
outperforms statef-the-art metrics intuding several Po2Po and Po2PI distance metrics and
projectionbased metrics ifd4] and[47] for two different datasets.

In [67], Meynetet al. propose the Point Cloud Quality Metric (PCQM) metric, which combines
the geometry features used[@1] with five color features related to lightness, chroma and hue.
PCQM corresponds to the weighted average of the difesefor geometry and color features
betweerreferenceand decoded point clouds. The logistic regression is used to estimate the weights
through croswalidation on a portion of the data. The metric is comparedDitRPSNR and2-

PSNR as well as PI2PI Me@bsolute Error (MAE) and outperforms these metrics significantly.

In [68], Viola et al. propose a reduced reference quality metric that jointly evaluates color and
geometry. A set of seven statistical features suaheen, standard deviation, etc. are extracted
from thereferenceand degraded point clouds in the geometry, texture, and normal vector domain,
in a total of 21 features. The quality score is computed as the weighted average of the differences
for all thesefeatures between threferenceand degraded point clouds, with the weights obtained
through a linear optimization algorithm. These algorithms maximize the Pearson Linear
Correlation Coefficient (PLCC) between the objective and subjective scores obtainea fr
subjective study. The performance of the proposed metric is evaluated for four publicly available
datasets to show the impact of the proposed features and the high performance of the metric.

Inspired by the SSIM quality metric for 2D images, Alexaébal. proposes ifi69] a quality metric

using statistical local dispersion features. The features are extracted in a local neighborhood around
each point in theeferenceend degraded point c¢clouds consi d
notably geometry, color (luminancelpnmal and curvature information. The metric is computed

by pooling the differences of feature values between associated points rieférenceand
degraded point clouds, for each final feature corresponding to a combination of a dispersion feature
andanbattri buted. The experiment al results sh
only the variance of the luminance attribute, which outperforms all thedfttte-art metrics.
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Projection-based Point Cloud Quality Metrics

The first projectiorbased point cloud quality metric was proposed by Queiroz et pl0nthis

metric was not compared with the alternative stditthe-art metrics since it was mainly targeting

to be used to codec ratiéstortion optimiation. This metric projects theferenceand decoded

point clouds onto the six faces of a cube around the point cloud, concatenates the corresponding
images and measure the 2D PSNR of the resulting decoded image (using as refereferertice

image).

In [44], Alexiou et al designed a rendering software for visualization of point clouds on 2D
screens, which was used to extract the orthographic projection of point clouds onto the six faces
of a cube. A 2D quality mat is then applied to each image resulting from the projection and the
final score is obtained with the average operator. In this way, the same content that is shown to
subjective test subjects is also used for quality assessment by 2D quality mepasmErtal

results show that this metric outperforms Po2Po and Po2PI MSE and Hausdorff as well as PI2PI
MSE.

In [45], Alexiouet al.study the impact of the number of projected 2D images (each corresponding
to a specifizview) on the correlation performance of projectlmsed quality metrics. In this work,

it is shown that even a single view could be enough to achieve high performance. Moreover, a
projectiorbased quality metric weighting the images according to thentseactions performed
during the subjective test is proposed. Experimental results show that the interactivity information
obtained from users can be beneficial since the metric prediction power is significantly increased.

In [47], the quality metric proposed [i#4] is benchmarked considering different number of views,
different pooling functions, etc. The best performance of the projelbiead metric is achieved
when 2D quality meics are applied on the projections from 42 different views and pooled with
an I-norm. However, the experimental results show that this projebtisad metric cannot
outperform théd1-PNSR and2-PSNR geometrpnly quality metrics.

In [71], a 2D quality metric is proposed to assess the point cloud quality, assuming that some 3D
to 2D mapping already available can be used. In this case, the orthographic projections of the
texture and depth are obtained for 6 views gpoading to the faces of a cube surrounding the
point cloud. RGB to Gaussian Color Model (GCM) conversion is performed to use a color space
more aligned with the human visual system. The defdtie map is aggregated upon texture
similarity between theeferenceand degraded point cloud as a local feature. Jensen Shannon (JS)
for luminance is mathematically derived as the global feature. The contribution of each of the six
projected images in local and global feature is weighted through a linear regressiess and

used in the final quality index betwerssferenceand degraded point clouds. Experimental results
show that the proposed 2D quality metric designed for projected point clouds, outperforms the ten
stateof-the-art 2D metrics used in the experint
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The point cloud objective quality assessment metrics available in the literature are [isbtein
2.2 with their respective name, year, domain, and type. The quality metrics proposed in this Thesis

are also included and highlighted in green for further comparison.

Table 2.2: Summary of point cloud objective quality assessment metrics in the literature.

Author(s) Metric Name Year Domain Type
- Po2Po MSE - Geometry Pointbased
MPEG 3DG(C[57] D1-PSNR 2018 Geometry Pointbased
Cignoniet al.[60] Pointto-Surface 1998 Geometry Pointbased
Tianet al. Po2PI MSE 2017 Geometry Pointbased
MPEG 3DGC[57] D2-PSNR 2018 Geometry Pointbased
- Po2Po Hausdorff - Geometry Pointbased
Tianet al.[58] Po2PI Hausdorff 2017 Geometry Pointbased
Alexiou et al.[59] PI2PI MSE 2018 Geometry Pointbased
Alexiou et al.[59] PI2PI RMSE 2018 Geometry Pointbased
Meynetet al.[61] PGMSDM 2019 Geometry Featurebased
Meynetet al.[67] PCQM 2020 Geometr& Featurebased
Texture
Viola et al.[62] 0 2020 Geometn& Featurebased
Texture
Viola et al.[62] Q 2020 Geometn& Featurebased
Texture
Viola et al.[68] PCMrs 2020 Geomein Featurebased
exture
Alexiou et al.[69] Point SSIM 2020 Geometn& Featurebased
Texture
Diniz et al.[63] Geotex 2020 Geometn& Featurebased
Texture
Diniz et al.[66] - 2020 Geometry& Featurebased
Texture
Queiroz et al[70] - 2017 G(?rometry& Projectionbased
exture
Torlig et al.[44] - 2018 Geometry& Projectionbased
Texture
Yanget al.[71] - 2020 G(?rometry& Projectionbased
exture
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Author(s) Metric Name Year Domain Type

Javaheri at
Chapter 6, GH GH-PSNR 2019 Geometry Pointbased
PSNR

Javaheri at
Chapter 7, RA RA-PSNR 2019 Geometry Pointbased
PSNR

Javaheri at
Chapter 8, P2D P2D-MMD 2020 Geometry Pointbased
Metric

Javaheri at

Chapter 9, Geometry&
Projectionbased A At Texture

Metric

Projectionbased

2.6.3 MPEG and JPEG Point Cloud Objective Quality Metrics

Due to their importance in the point cloud objective quality assessment field, this section will
review with more detail the metrics adopted in the MPEG and JPEG point-relianed
stardardization activities. The Po2Po and Po2Pl PSNR metrics have been used in MPEG during
the development of the-BCC and VPCC standard codecs and are knowBD&aSNR and2-

PSNR. Currently, JPEG also uses the PI2PI quality metric for its point cloudycactinities.

These metrics serve often as the benchmarks for the novel, proposed metrics, thus somehow
representing the statd-the-art; due to their importance, they are explained in more detail in this
section.

D1-PSNR Quality Metric

D1-PSNR is basedn Po2Po MSE distance (called D1 in MPEG) which is computed, in a
symmetric way, between theferenceand degraded point clouds. In the following, the processes
to compute the symmetric Po2RISE and Hausdorff metrics and after the-BENR metric are
preented. Po2Po objective quality metris/] establish pointvise correspondences in two
directions, notably:

1) Direct'Y©O “Y For each point in the reference @wiginal) point cloudR the nearest neighbor
(NN) points in the degraded (as test) point cldwate identified.

2) Inverse' YO 'Y: Correspondences are computed as for 1) but now in the opposite direction, thus,
from point cloudT to point cloudR.

Assuming® i o as arerror vector between pointin point cloudRand thd nearest neighbor
pointo in point cloud’Y the Po2Point error vector length, i.e., the dist&tice? ¥ bétiveen these

two points is given by:
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DLy @i (2.1)
This distance is computed for all the points in both directions, i.e., feé@nenceto degraded
point cloudsck ° 2 ¥ °dnti'from degraded teferencepoint clouds ¥ © 2 £Tthere are three main
approaches to aggregate or pool all the compertexts:

1 Mean Squared Error (MSE): Average of the squared distances between each point and their
corresponding nearest neighbor in the other point cloud, for all points, as defined in:

p w00 ¢ O
- 3%a T QRO 2.2)
] N
where( is the number of points in the reference point cldud,

1 Hausdorff (HAUS) distance:Maximum for all points of the MSE distances as defined in:

(! 584 1 A@ QBLi0 (2.3
1 GeometricPSNR: Geometric PSNR metric defined as:
03.,2, piicC ® L edec 0 (2.4)
2hd - 34 '

whered is the peak constant value amdthe point cloud coordinates precisi@ince the metrics

above are defined just for one direction (from point clBud point cloudT), the metric needs to

be also computed in the other direction in order the final symmetric metric score can be computed
by pooling the maximum distance or nmmim PSNR value. DPSNR is the pooled minimum of
Po2Po PSNR in the two directions:

$p 0°YO I AG 3% .0 3%, (2.5)
06 Y'Y i A@! 53,0 ! 53, (2.6)
$@3. 2l ED3.,2,M03 .42, (2.7

D2-PSNR Quality Metric

Po2PI metricg58] take into consideration the underlying object surface represented by a fitting
plane to the local neighborhood of each point. Considering the 3D point locatidntheir
associated surfaces, the normal for each point corresponds to the normal to the tangent plane at the
surface. A point and the corresponding normal vector can, thus, determine the tangent plane for
each point. As for Po2Po metrics, Po2PI metrigs @lso symmetrically computed for both
directions, i.e., frommeferencdo degraded and from degradeddterencepoint clouds. However,

Po2PI metrics require the computation of normal vectors forefleeencepoint cloud, which are

used for the direatlirection {Y© "Y. For the opposite directioriY®C Y , the normal for each
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point is estimated by averaging the normal vectors of the nearest neighbor points from the
referencepoint cloud.

The Po2PI error distance between two pofts ho  in thereferenceand degraded point clouds

is obtained by first computing the Po2Po error ve&owhich is then projected onto the normal

¢B Thus, the Po2PI distan¢g ° 2 Rrepresents the error between a point and the corresponding
plan/suface at the other point cloud as is given by:

DL eim e i isP 2.9
MSE distance, Hausdorff distance and Geometric PSNR may then be computed with the projected

error distances as for Po2Po metricsguations 2.2 to 2.4 (where the error vector is not projected).
In this way, D2 and DPSNR come as:

$¢ 0°YO i A@ 3% .M 3%, (2.9)
00YY T A@! 53, ! 53, (2.10
$e3. 2l ED3.,2,03 .43, (2.19)

In this way, the degraded point cloud points that are closer to the reference surface have smaller
projected distances even though they are farther away from the corresponding point in the
referencepoint cloud.

PI2PI Quality Metric :

This type of point cloud objective quality metric estimates the similarity of surfaces in the
referenceand degraded point clougs9]. In this case, tangent planes are estimated for both the
referenceand degraded poisit As for Po2PI metrics, tangent planes are used as a local linear
approximation of the underlying object surface but, in this case, planes are estimated for both the
referenceand degraded point clouds.

Again, to compute PI2PI metrics, the nearest neigltoorespondences are computed in both
directions. The PI2Pl metrics depend on the angular similarity (or dissimilarity) between the
planes, i.e., the angular difference between the local planes associated to the points in a
correspondence. In this cadee secalledcosine similarity measuré Tneasuring the cosine of
the angle between two vectors is used. Here the two vectors correspond to the normal vectors
(perpendicular to the tangent planes) for the two points in correspondence in the pomRcloud
andT, thus obtaining:

. . gbted

eb ¢gb

where¢ Pandé Pare normals for poinis ando in point cloudsR andT, respectively. To compute
the angular difference (or distanc’éﬁi 2 fHe inverse cosine is used as follows:
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@l <ol 4 CAOARIITE
q])d‘]qmﬁl,&p _ (2.13

After computing the angular difference for all the points inréferencepoint cloud, different
strategies may be used for pooling, i.e., for aggregating the angular differences obtained for all
points. In this case, three pooling strategies were defined

1% o By (2.14
I N

31y & @Y (2.19
| N

2-31% -31% (2.16

MAD stands for mean angular difference, MSAD for mean squared angular difference and
RMSAD for the square root of MSAD. As for the othtgpes of metrics, (2.14) (2.16) are
performed symmetrically, this means in both the direct and inverse directions, and the minimum
value is selected as the final (similarity) quality score.

2.7 Final Remarks

This chapter introduced the point cloud processgipgline and reviewed the impact of each key
module on the perceived quality of a point cloud. The most relevant point cloud coding and
rendering approaches that are going to be frequently used in this Thesis were presented in detail.

Finally, point clowl quality assessment was reviewed both in terms of subjective quality
assessment studies and point cloud objective quality assessment metrics since these are the
benchmarks for theeferencadevelopments to be proposed in this Thesis.
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Chapter 3

| mpact of Denoi PionagtAl
CloRBercei ved Quality

3.1 Context and Objectives

Acquisition or creation is the first step of the point cloud processing pipeline shown in Section 2.2.
Typically, point clouds represent the external surface of real or artificial objects. For real objects
and visual scenes, point cloud data is directlyinglirectly acquired by some sensors or is
computationally created, e.g., via synthetic mbaked models. There are nowadays several
practical ways to acquire a point cloud, e.g., using an array of standard 2D cameras and some 3D
reconstruction technique, alternatively, some depth sensing devices such as Light Detection and
Ranging (LIDAR) and Timef-Flight Cameras. A rather popular consumer device is the Kinect
sensor but, recently, also several LIDAR sensors are employed in autonomous cars taheapture
surrounding environment as a point cloud. Both the point clouds generated from multiple images
using 3D reconstruction techniques and those obtained with depth sensors, like the Kinect
structured infrared light approach, are often rather rj@ly The noise in point clouds poses great
challenges at the coding stage but also at the subsequent rendering (or surface reconstruction) stag
[73]. Thus, point cloud denoising is assential step to enable a more faithful rendering of the
visual scene and the efficient compression of the point cloud data. In fact, in many application
scenarios, point cloud noise may lead to significant bitrate costs and lower the quality of egperienc
for the final users. Considering the increasing importance of the point cloud data 3D representation
model, research around point cloud denoising is becoming increasingly important in order better
experiences are offered to the users.

In this context, th reliable quality assessment of point cloud data is fundamental to evaluate the
performance of the several steps in a point cloud processing pipeline, notably acquisition,
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denoising, coding, streaming and so on. However, because subjective quality esteasmot

be performed too often, the reliable quality assessment of the point cloud data quality asks for
appropriate objective quality metrics as they can provide critical useful guidance for the design of
point cloudbased systems. In this contextstbhhapter addresses two main objectives:

1 Design of a subjective assessment methodology for point cloud geometry denoising
algorithms assuming arbitrary and unstructured point clouds, without any underlying
connectivity. This type of methodology is ratherpiortant since point clouds are rendered
before being displayed and thus the presence of noise can lead to annoying artifacts, which
lead to lower perceived quality. To achieve this objective, classical denoising solutions were
adapted to either remove @neous points or improve its positioning.

1 Study of the correlation performance of available objective quality metrics to evaluate
the quality of denoised point cloud geometriesSincereliable objective quality metricare
critically needed, this studyrgets evaluatinghe objectivesubjective correlation of available
objective quality metrics for point clouds which have been denoised. It is important to keep in
mind that the perceived quality of a (point cloud) surface is mostly related to the pogitioni
of the points in relation to the original surface, even if their position is changed.

To reach these objectives, this chapter is organized as follows. S&@idascribes the point
cloud denoisingapproaches used in this chapt®ection3.3 describes the subjective assessment
study performed and used in correlation performance studies. Sekdompresents the
experimental results and their analysection 3.4.1 evaluates the point cloud denoising
algorithms while SectioB.4.2brings the correlation performance of the stat¢he-art metrics at
time of this work. Finally, Sectio8.5 concludes this study on impactagnoising algorithms on
perceived quality of the point cloud.

3.2 Point Cloud DenoisingApproaches

In practice there are two distinct ways to generate the point cloud geometry data: by direct
acquisition, where the geometry is obtained using sensors whickuraeethe distance to the
objects/scene, and by indirect acquisition, where the geometry is obtained by means of 3D
reconstruction from a set of different perspectives (views) from the scene. In both cases, several
errors can occur, and point clouds areallgunoisy. In the first case, sensors usually have
limitations and make measurement errors due to environmental issues such as illumination,
materials reflectance, and imperfect optics. In the second case, the wrong estimation of disparity
(feature corrgzondences), imprecise depth triangulation, and inaccurate camera parameters, can
lead to significant geometry errors. The geometry errors corrupting a point cloud can be classified
in two types: outlier errors and positioning errors. The outlier erronsr ogloen there are some
points which are far away from the underlying object surface that should be represented. These
errors are very common in the indirect acquisition case when the disparity estimation between
views fails. The positioning errors occur evhthe points are only slightly out of their correct
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position. This typically occurs when there are imprecisions in the depth estimation (e.g., 3D
triangulation for indirect acquisition) and due to sensor noise (direct acquisition). Typically,
position erors are modelled with white Gaussian noise while the outlier errors are better modelled
with impulse noise.

The denoising of point clouds is a difficult problem since there is not any connectivity information
between points and therefore surface topolegyot directly represented. Most of the point cloud
denoising algorithms estimate the underlying surface, which is naturally more difficult or less
accurate when outliers are present. Thus, the first step is to identify and remove outliers before the
point cloud data is further processed since outliers do not contain relevant information about the
underlying surface and can reduce the performance of any position denoising algorithm. The next
sections review outlier removal and grapdsed positioning dersing algorithms

3.2.1 Outlier Removal Algorithms

The first step in point cloud denoising is to remove the points which are very far from the

underlying surface, which they should represent. Most of the outlier removal algorithms perform,
for each point, a statiical analysis using a set of its neighboring points and apply some criteria to
decide if the point under test is an outlier or not. The following two solutions for outlier removal

are described as examples:

1 Radiusoutlier removal [74]: This algorithm exploits the fact that outlier points are typically
far away from its neighbors. Thus, in this method, every point is connected to its neighbors in

a smal|l U radius using a small graphntlyThe
smaller number of neighbors than the other points, i.e., the number of graph nodes is smaller.
The outliers can be identified by establi

neighbors in th&Jradius neighborhood.

1 Sparseoutlier removal [75]: This algorithm also exploits the distance from each point to the
set of its neighboring points. In this case, it is assumed that the distribution of the distance
between each point and its neighboring points is a nodisaibution. For each point, the
mean distance), and the standard deviatign, to all its neighbors are calculated. All the
points that are out of a confidence interéal | ,, defined from this distribution, are
considered as outliers. The paramete U shoul d dependanalyzed t he
neighborhood.

Naturally, the points detected as outliers are removed from the point cloud. It is assumed that the
number of outliers is not typically large as otherwise this process may create holes or insufficient
number of points in some regions and, thus, reduce the pait glality. The two outlier removal
methods presented above are available in the popular Point Cloud Library[{BCL)
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3.2.2 Position Denoising Algorithms

ToAfter outl i er r evmamvpasitionsshoblkbe coerentad using rs@me local
regularization criteria. In this case, the distribution of the point positions has usually a certain
degree of smoothness or regularity since these positions describe a 3D object/surface in space. Ta
perform position dnoising, aK-NN graph“Ois constructed to represent the underlying object
surface; here the spatial coordinates are considered as signals residing on each node of this graph
The creation of &-NNgraph is a simple procedure, where each point is cogshéxitsK nearest
neighbors and then any duplicated connections are removed. Each connection established is
regarded as an edge and the Euclidean distance is used to measure the distance between point
Since the graph represents the geometric strudefieing the shape of an object, it is now only
necessary to associate the 3D coordinates of each point to each graph vertex.

At this stage, to perform denoising, grabased equivalents of classical denoising algoritfri#is

can be applied. This means the signal denoising problem on a graph may be addressed as a conve
optimization problem with the constraint that the denoised signal must be smooth on the graph as
for ordinary signal§76]. There are in practice several ways to regularize the signals on the graphs,
in this case the 3D positions, notably:

1 Tikhonov regularization - The most straightforward method is to applyighonov(TK)
regularization term using tHe norm where the graph denoising corresponds to solving the
following optimization problem:

w AOCEAL "&E [m & (3.0
wherewis the estimation of the denoised sigrfails the noisy signal, is the regularizédn

parameter antdl wis the gradient of the signal on grapli74] [77]; however, other regularization
terms may be applied.

1 Total variation regularization - When aTotal variation (TV)regularization term is used, the
following optimization problem must be solved:

W AGCHy "E A & (3.2

These two optimization problems can be solved using the Alternating Direction Method of
Multipliers (ADMM) [78]. The denoising algorithms were implemented with GSPB6% for
graph sgnal processing and UNLocBd&0] for convex optimization.

3.3 Subjective Assessment Framework

In this section, the subjectiv@ssessmergetupand the creation of the video content for the
subjective test are described
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3.3.1 From Point Clouds to Video Sequence

The Bunny Armadillo, Dragon and Happy Buddhaoint clouds from the Stanford 3D scanning
repository[81] were setcted; renderings of these PCs are shownguare3.1. At the time of this

work, voxelized point clouds were not available and, thus, the point clouds in this dataset have
floating point precision. To perform a fair comparison, pieént cloudcoordinates have been
normalized to a dynamic range between [@yid subsampled to have a similar number of points,

in this case around 50000; this should allow the point clouds to have rather similar density. The
voxel grid downsampling method from the PCL library was used tosaiple the point clouds

to the targeresolution. Highguality point clouds have been selected for this experiment in order

a ground truth without noise is available. After, the same type and amount of noise is added to all
point clouds to achieve an equivalent subjective quality degraddtiee noisy point clouds are

then processed by the outlier removal and position denoising algorithms described in Section 3.2.
For the outlier removal algorithm, the radius was set to 0.01 and the thréstwl8. The
regularization parameters for thesgmn denoising algorithms were experimentally defined as

p T,

6Bl

Figure 3.1: Stanford repository point clouds selected for the denoising quality smehadillo,
Bunny Dragon,andHappyBuddharendered as a mesh with mid gray color.

After, the denoised point clouds are further processed to create a rendered video to be visualized
by the final user, in this case in a standard 2D display. This processing should allow the test
subjects to ealuate the point cloud quality in a rather realistic way, notably observing the
impairments on the object surface from multiple viewing directions. The processing of the
denoised point clouds towards the subject visualization involves the following steps:

1. Poisson surface reconstructi@2] is used to create a 3D surface of the object; this process
was performed using the Cloud Compare softi@B¢

2. To allow the users to visualize the denoipetht clouds from multiple perspectives, a set of
relevant viewpoints is defined and a video with smooth transitions between viewpoints is
created, i.e., the motion of a virtual camera following ada®ned path between viewpoints
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is simulated. In thisase, the point cloud is first rotated around a vertical axis and after
rotated around a horizontal axis.

The final sequence with all viewpoints is stored as a {gghlity video sequence encoded in a
visually lossless way, with a 1600x800 spatial resoiyt25 fps, with a total duration of 10
seconds.

3.3.2  Subjective Assessment Methodology

TheDSIS assessment methodology was adopted to obtain the subjective scores from the subjects
in this experiment. All the subjects were selected fhostituto Superior TécnicdST)professors

and MSc and PhD students, including 4 females and 17 males; only 4 subjects were familiar with
the field of point cloud or mesh representation. The goal of the experiment was initially briefly
explained to the subjectand they were asked taupicipate in a short training session just before

the test session. The point clotelerenceand rendered videos were viewed and scored by each
subject in a test session lasting around 30 minutes where the play of each new point cloud video
sequencewasontrol l ed by the subjects as they had
sequences were organized into 9 rounds with each round including a video sequence for each test
point cloud; the order of the point clouds was random within each roawoth. ®und proceeded
according to B1500.13 recommendatiof81] with the subjects watching first the reference
rendered point cloud sequence (without noise degradation) and after the impaired/denoised video
sequence for each micloud pair. After, the second video impairment was scored with respect to
the reference videoinad scal e associated to five qual.
6annoyingb6, O6slightly annoyingd, dmpreltetedti bl
so-calledIST Point Cloud Subjective Assessment Applicaias been designed and developed
using MATLAB and fulfilling the BT500.13 specificationgrigure 3.2 shows the viewing and
scoring panels from the used quality assessment application.

Point Cloud Seqt

Figure 3.2: IST Point Cloud Subjective Assessment Apptinascoring panel is shown only
after viewing both the reference and degraded point cloud rendered videos pair.
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The point cloud rendered video sequences were visualized oArecRASUS VH238 monitor
with 1920%x1080 resolution. An i7 workstation with the Intel HD 530 graphic card and 128MB
video memory was used to play the test sequences at the correct frame rateamigiaelays.

3.3.3 Subjective Scores Processing

Thesame outlier removal process as describ&himpter 2vas deployed before further processing

the subjective scorei our study, none of the subjects was rejected. After outlier removal, the
average of all scores across the subjects were computed for each point cloud stimulus, thus
obtaining the overall MOS.

3.4 Performance Evaluation

This section focuses on the evaluatidthe point cloud denoising algorithms with subjective and
objective quality scores, as well as on the assessment on the correlation between the obtained
objective and subjective scores. First, Section 3.4.1 reports the subjective performance of the
outlier removal and position denoising algorithms. Then, Section 3.4.2 presents the subjective
objective correlation for various objective quality metrics, notably the most used metrics at the
time this work was developed

3.4.1 Denoising Algorithms Assessment

To study the impact of denoising algorithms on the point cloud perceived quality, first the outlier
removal algorithms are objectively assessed, and the best performing outlier removal algorithm is
selected. After, the subjective performancehs positioning denoising algorithms is assessed
(after outlier removal).

Outlier Removal Algorithms: Objective Assessment

The outlier removal algorithms were first objectively evaluated to select the best one. In this case,
Po2Po objective quality metriggere employed since it is difficult to reliably estimate the normal
vectors for Po2PI| metrics when outliers are present. To simulate the presence of outliers, 5, 10 and
15 percent of the points in theferencepoint clouds for the four test point cloudere affected

by impulse noise and were after denoised using the two algorithms presented inS2@&idihe

final degraded point clouds were after obtained Ingdoanly selecting 5, 10, and 15 percent of

their points and adding impulse noise to them. Impulse noise corresponds here to Gaussian noise,
with zero mean and a respective large variance (p in experiments of this Thesis where
contents are normalized beten 0 and 1). The average results for the four test point clouds are
shown inTable3.1 for the Root Mean Squared Distance (RMSD) and Hausdorff distance Po2Po
objective quality metrics; thus corresponds, in practice, to two types of data pooling from the same
Po2Po distances, the average and the maximum.

The results inTable 3.1 show that the radius outlier removal algorithm can remove the outliers
more efficiently in comparison with the sparse outlier removal algorithm, considering the RMSD
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and Hausdorff quality metrics (except for 10% noise level). The Hausdorff metric sebekess

stable for this case, very likely because it is a maximum distance and, thus, a single outlier can
lead to significant quality variations. Based on these results, it was decided to use the radius outlier
removal algorithm for the rest of thepetiments, i.e., as an outlier removal-precessing step

for the two position denoising algorithms.

Table 3.1: Objective quality assessment results for outlier removal algorithms.

Noise Level (%) Po2Po Metrics
RMSD | Hausdorff
5 19.47 | 426.578
Noisy Point Cloud 10 27.73 | 447.874
15 33.85 | 548.341
5 0.818 19.477
Denoised Point Cloud afteRadius Outlier Removal 10 1.063 34.837
15 1.271 31.795
5 1.364 23.505
Denoised Point Cloud afteparse Outlier Removal 10 2.618 29.140
15 3.867 53.414

Position Denoising Algorithms: Subjective Assessment

The performance of the position denoising algorithms was subjectively evaluated for three
different levels of Gaussian noise and four point clouds. Impulse noise was added as in the previous
section and the remaining points were impaired by zero meani@auassse with three different
powers repre,semdtinog odnsena BNy (@ n d , 6 hridgplhedels (

of noise. In this subjective assessment, the noisy point clouds were also inclugigdrd3.3,

MOS values and the corresponding confidence intervals (defined [84])nare shown. The
subjective results show that, for all the point clouds and both positionsgenalgorithms, the

point cloud quality is improved with respect to the noisy versions. Naturally, the quality
improvements are larger for the medium and high amounts of noise. Also, the improvements are
larger for the simpleBunnyandArmadillo point douds and lower for the more complBxagon
andHappyBuddhapoint clouds, thus suggesting that the shape and surface cloud regularities play
an important role in the denoising process.

TheTK andTV regularization functions lead to similar results with advantage for the latter in the
ArmadilloandHappy Buddhapoint clouds. HowevelTK has managed to outperfoffivin some

cases, despite the smoothness of the solution, i.e., even when some high frequency components
are removed from the point cloud.
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Figure 3.3: Meanopinion scores for the noisy and denoised point clouds for three different
levels of noise: aBunny b) Armadillo; c) Dragory d) Happy Buddha

3.4.2 Objective Quality Metrics Correlation Assessment

The subjectiveobjective correlation performance of the four selected objective quality metrics
(Po2Po RMSD, Po2Po Hausdorff and Po2PI RMSD, Po2P| Hausdorff) has been evaluated using:
i) Pearson Linear Correlation Coefficient (PLCA3)a measure of the linedgpendence between

the MOS and the corresponding objective metric scoreS§p@arman Rank Order Correlation
Coefficient (SROCCas a measure of the strength and direction of monotonicity between the MOS
and the corresponding objective metric scores;ign&koot Mean Square Error (RMSE} the
average error between corresponding objective and subjective scores.

Before performance assessment, a nonlinear logistic function was applied on the objective quality
scores to map them to the subjective scomes@s recommended [B2], thus obtaining the
predicted subjective scores. Liet be a specific objective quality score for vidéandf the

logistic function parameters. According [82], the objective quality scoré for a specific
objective metric is used to obtain a predicted subjective Scof&y for video"according to:

D0 7Y ¥ —T T (3.4)
p Q
The logistic function parameters,, ! andf , were estimated by performing a rlomear
regression of the objective metric scores over the corresponding MOS scores. This allows fitting
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the objective metric scores to the MOS scores. In this casejtthbestimates for the parameters
in (3.4) were defined following the suggestiond3a] and the fitting was performed using the
MATLAB function for nonlinear regressionkigure 3.4 shows the predicted subjective scores
(based on objective scores) versus the obtained MOS for all the point cloud test set used in this

experiment.
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Figure 3.4: MOS; (predicted subjective scores) vs. MOS (real subjective scores) for the noisy
and denoised versions of all point clouds.

The Po2Pl RMSD points are closer to the red line whene "Y 0 0°Y, corresponding to the
optimal performance for an objective giyalnetric. However, for all the objective quality metrics,
many points are still far away from the optimal correlation performance, clearly suggesting that
there is still room for improved objective quality metrics, at least for this type of qualityrassess
task.Table3.2 shows the correlation performance for the four selected objective quality metrics
in terms of PLCC, SROCC and RMSE for the noisy, denoised arfdogdly + denoised) point
clouds considering the four point clouds selected; the best correlation behaviors are highlighted in

bold.
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Correlation performance (PLCC, SROCC, and RMSE) for the three selected objective quality
metrics.

Table 3.2: Correlation performance (PLCC, SROCC, and RMSE) for the three selected
objective quality metrics.

PLCC SROCC RMSE
Objective metrics| Noisy | Denoised| All | Noisy | Denoised| All | Noisy | Denoised| All
RMSD Po2Po| 0.87 0.58 |0.64| 0.78 0.51 |0.55| 0.55 0.72 ]0.82
Po2PI | 0.89 0.81 |0.73| 0.85 0.79 |0.72| 0.51 0.51 |0.73
Po2Po| 0.53 0.33 |0.48| 0.45 0.34 |0.47| 0.95 0.83 |0.94
Hausdorff
Po2PI | 0.57 0.44 |0.51| 0.46 0.47 |0.51| 0.93 0.79 |0.91

From the obtained subjectivebjective correlation results, the following conclusions can be
drawn:

1 Po2Povs Po2PI objective quality metrics For the denoised point clouds, the Po2PI metrics
have higher correlation with the subjective scores since these snainidel the underlying
point cloud surface. Note that the typical distortions for the denoised point clouds correspond
to slight displacements in the underlying surface, which may lead to significant errors for the
Po2Po metrics, without a correspondingndiicant perceptual impact after renderifggure
3.5 shows theBunnypoint cloud with high noise on the left and the corresponding denoised
result afterTK regularization on the right; in red, aligned with the reference point cloud in
black. Interestingly, the Po2Po RMSD score for the noisy point cloud (0.0077) is l@amer th
for the denoised point cloud (0.0080), which shows a cleaner surface; at the same time, Po2PI
RMSD is 0.0068 and 0.0058 for the noisy and denoised point clouds, respectively, which better
expresses the associated perceptual quality.

Figure 3.5: Noisy point cloud (left) and TK denoisg@aint cloud (right) with the reference point
cloud in black and the processed point cloud in red.
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1 RMSD vs. Hausdorff distancebased objective quality metrics: The Hausdorfbased
metrics correlate poorly with the subjective scores both for the Po2Po and Po2P| metric types.
As the Hausdorfbased metric captures the maximum distance, it cannot captur¢heell
perceptual distortion occurring in a full point cloud, especially for cases where there is a rather
local high distortion. This result also seems to imply that some localized distortions are
subjectively better tolerated. On the other hand, Po2Pl RM&® the best correlation
performance for noisy, denoised and all data, thus showing the power of error average pooling
(and not maximum) in a similar way to traditional 2D image/video metrics.

1 Noisy vs. denoised point cloudsFor noisy point clouds, the PBo and Po2Pl metrics
performances are rather similar, since the computation of normal vectors for Po2PI| metrics is
less reliable and, thus, some errors may be introduced, reducing the positive impact of Po2PI
metrics. However, for the denoised point clsugoints are closer to the true object surface
and, thus, the Po2PI metrics correlation increases.

3.5 Final Remarks

Themain objective of this chapter is to reliably assess point cloud position denoising algorithms
through subjective tests as well as the subjeabjective correlation performance of the point
cloud objective quality metrics that were available at thes tohthis work when applied in a
denoising context. Experimental results show that Po2PI metrics have better correlation with
human perception when evaluating distortions from point cloud denoising algorithms. The RMSD
is also much better correlated withirhan perception than the Hausdorff distance where localized
distortions have a much higher impact. As future work, the objective quality metrics will be
evaluated for decoded point cloud, where different types of distortions are present. This issue will
beaddressed in Chapter 4 and Chapter 5 along with the rendering impact.

Thework presented in this chapter has been included in a conference paper published at Hot3D
IEEE International Conference on Multimedia & Expo Workshops:

A. Javaheri, C. Brites, FPer ei ra, J. Ascenso, ASubjective
point c¢cloud de inteinaional Gonfarengeoon Multimed®m & &xpo Workshops
Hong Kong, July 2017.
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Chapter 4

| mpact of Coding on Pe
Point Cl|l oud

4.1 Context and Motivation

As mentioned inChapter 1 efficient coding is essential to store and transmit point clouds;
however, to reach higher compression factors and potentiate more applications, lossy coding is
typically used, thus implyinthat some degradation is associated to the geometry and color of the
decoded point cloud. To evaluate the point cloud quality after coding, objective quality metrics are
typically used, since subjective quality assessment is rather time consuming ansivexpen
However, very few subjective quality assessment experiments with decoded point clouds had been
performed at the time this work was performed. The only subjective quality assessment study on
decoded point clouds only addressed the quality of decastedegry using an octrdmsed point

cloud coded85]. For example, the assessment of the objectiNgective correlation of point

cloud quality metrics was missing, despite its importance for the design and optimization of
efficient point clouds codecs for the transmission and storage of point cloud data, namely
considering the quality degradations introduced by recent coding schemes.

In this context, it was urgent to perform a solid assessment of the correlation perfornjasioe of
cloud quality metrics while considering the most recent point cloud codecs and associated
artefacts. To compare different point cloud geometry codecs, the coding rate and the decoded
geometric quality/distortion need to be reliably evaluated. Abigliabjective quality metric can

help to find the best RD performance traafEwhile designing a coding scheme for any type of
media, thus improving the final Quality of Experience (QoE) for theus®als. In this context, the

main objective of this worlvas:
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1 To study the objective-subjective correlation of available point cloud objective quality
metrics for geometryand thus, evaluate their performance in assessing the geometry quality
of decoded point clouds.

In this work, two popular point cloud codisglutions were used to code two point cloud datasets
with rather different characteristics. Moreover, two types of objective quality metrics for the
geometry component of point clouds were considered, notably Po2Po and Po2PI metrics. A DSIS
methodology wa used for the subjective assessment. The subjective experiments conducted at
Instituto Superior Técnico (ISWere designed with the aim to evaluate the selected objective
point cloud geometry quality metrics. To the best of our knowledge, this was the first study on the
performance of objective quality metrics with decoded geometry point cloud data. Thefrefore, t
conclusions of this work were very important for the design of future point cloud codecs.

The rest of this chapter is organized as following: Secti@mlescribs the selected point cloud
coding solutions. Sectiod.3 describes the adopted subjective assessment framework. Next,
Sectiord.4 presents the experimental results obtained for the objective quality metrics correlation
assessment and the associated key conclusions of this study. Finally, &&gionmarizes and
concludes this chapter.

4.2 Point Cloud Coding Approaches

Efficient coding is crucial for many applications that require storage on a limited capacity device
or transmission through a network with a limited bandwidth; this is especially true for point cloud
data which uncompressed size may be H86¢ [85], [87], and[88] . In this chapter, the key
objective is to study the performance of fidference objective quality metrics to measure the
quality of decodd point cloud geometry with respect to tbeginal point clouds geometry.
Although, point cloud coding methods may be lossless or lossy, to transmit point clouds in
resourceconstrained networks (e.g., via wireless channels), it is critical to emplgydodisg to

reduce the coding rate more effectively. In this chapter, two lossy geometry coding methods are
selected to encode the points 3D locations and, therefore, to obtain decoded point clouds which
are impaired by some coding artifacts. In this wdhe objective is to assess the correlation
performance of objective quality metrics just for point cloud geometry; in this context, attribute
data such as the color of each point is left uncoded even if it may be used for rendering.

The first selected pot cloud geometry coding solution is rather popular and based on the
organization of all points in an octree structure, which nodes are after scanned to extract their
occupancy. The popular point cloud octieesed codec that is available in thecatled Point

Cloud Library (PCL)89] was selected since it was a very popular codec at the time of this work,
also considered by MPEG for the future developments of point cloud coding standards. The second
selected point cloud geommgtcoding solution was designed and developed by the author of this
Thesis and organizes all points in a graph structure, using the nearest neighbors to apply a graph
transform. These two point cloud geometry coding solutions introduce different typétactsa

while the octredased coding solution creates some type of dsavwnpling effect in the decoded
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point cloud geometry, the grajiiased coding solution introduces blocking artifacts which are also
typical in frequencydomain DCFbased image codecs

4.2.1 Octree-basedGeometry Coding

This coding solution exploits the octree structure to encode tfef 3D coordinates data
(Chapter 2Section2.3.7). In an octree, each node is referred as a voxel and represents a cube in
the 3D space. The root node is a cube containing all points of the point cloud (also referred as
bounding box). Therstarting from the root node, this cube is divided into 8 cubes with the same
size, which correspond to each root node child. These cubes correspond to the voxels. This process
is repeated for every single child node, iteratively, which are again divittedl nodes. Naturally,

a tree node is not divided if there is no point occupying the corresponding voxel. The decoded
guality is determined by the number of times this process occurs, i.e., by specifying the octree
depth and, therefore, indirectly limitinge minimum voxel size; another possibility is to directly
define the minimum voxel size. When the point cloud is decoded, all the points inside a voxel (that
is occupied with 1 or more points) are represented with just one point at the center of the voxe
The occupancy of a node can be represented with a single occupancy byte, indicating which child
nodes (leaf voxels) are occupied, and which are not. By traversing the tree in-fireadtider

and outputting the corresponding occupancy byte for eaxdl vhe point cloud geometry can be
efficiently compressedrigure4.1 illustrates this process.

. G4

/|

=n S

Figure 4.1: Octree structure and corresponding voxels in 3D space.

Regarding thecolor attribute, the average color of all the points belonging to a leaf voxel is
computed andoded In thiswork, since only geometry quality metriaad codecare considered
this average color value is neicoded

4.2.2 Graph-basedGeometry Coding

It is well-known that the hman visual system cannot perceive many high frequency details of a
visual signal. This fact is used to design transfdrasedcoding scheme<s.g, the point cloud
geometrycan be efficientlyencodedby discardingsomehigh frequency informan. The main
ideahereis to assume that point coordinateghe 3D space are signals argraph and obtain a
frequency domaimnepresentation of the signal (3D locations) usiggaphbasedransform. This
codingsolutionconsiderseveral steps:
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1. Point cloudclustering: A clustering algorithm such & meanss used to divide theeference
point clouds into K clusters based on the geometry data. Theoljaictiveis that the size of
the transforms small to be computmnally tractable an@lsolocal as when ®CT transform
is applied to fixed sizblocksin 2D images.

2. Graph creation: Then, the graph structure is created, i.e., the edges of the gragdfinesl
by connecting nearby points in each cluster. For each of thes,edgeeight is assigned
expressing the similarity between the corresponding signal vatudss casdahe 3D point
coordinates according edistance metri§90]. Thus, each point is connected toKtaearest
neighbors andhien any duplicated edges are pruned. When a sufficient number of neighboring
connections is allowed, all points of a cluster belong to a single graplhanefore it is
possible to obtain an efficient frequency representation.

3. Graph transform [90]: After obtaining a graptbased representation with the edges, vertices
and associated weights, it is possible to compute the graph transform coefficients. The graph
transform starts by computing an adjacency madixwhich is populated with nemero
weights for every pair of connected points, i.e., for thesgdipoints adjacent in the graph.
Then, a graph Laplacian matxis computed based on the weights and the eigenvector matrix
of Q is applied as a transforto the 3D geometry coordinates. i$hransform is applied
independently for the, y, and z coordinates. Since the graph transform is based on the
adjacency matrid, the output is a set of DC and AC coefficients. When all the piwiritse
cluster are corected directly or indirectly through another point, a single DC coefficient is
obtained.

4. Uniform quantization: Uniform quantization with deadone is applied tthe graptransform
coefficients obtained from the graph transfapplied toeach cluster. Thdeadzone is tvice
as large ashe step size selected by the user. Tjiantizationis responsible for the loss of
guality and the appearance of compression artifacts at the decodeusiso for the reduced
rate.

Naturally, at the decodeit is necessary to perform the inverse set of operations with respect to
the ercoder. Therefore, inverse quantization is performed as well as inverse graph transform. In
the octreecodingsolution, the decoded point cloud does not have the same number ofgsoints
thereferenceoint andthus spacing between points mhg visibleafter renderingmoreoverthe
rendering primitive used (point, culm spherejnayalsobe visible especially at low bitrate©n

the other hand, for graghasedcodingsolutions, the number of decoded pointaligaysthe same

as in thereferencepoint cloud; howevergue to the clustering process, some blocking artifacts
may appear in the rendered point cl@asdwell assome loles between clusters
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4.3 Subjective Assessment Framework

In this section, the subjective test setup, and the creation of the video content for the subjective
assessmerare described

4.3.1 From Point Clouds to Video Sequences

Threepoint clouds from the inanimatebject datasemnotablyStatue KlimtShivaandEgyptian
Mask and three point clouds from people object datasablylLoot, Long dressandRed and
Black were selected from the MPEG repositf#{]. These point clouds ashown inFigure4.2.
These two datasets have rather different characteristics due to this aeyuisition was made.
While the first dataset ha®memissing pointstfoles) in localized regions and acquisition noise,
the second dataset is cleaner without visible artefidatssi sy poi nt c¢cl ouds may
guality opinion, and this applies for both ttederenceand decoded point clouds, thus making the
referencealready annoying in terms of qualitill point clouds are static ansve beercoded
using the two selected geometry codisglutions to obtain decodeabint clouds withlow,
medium and high quality. Aftereachpoint cloud was rendered to obtairicamat suitable for
visualization by the final user. In this case, btith referenceand decoded point clouds were
processed by the Technicolor rendeperrrently known as Interdigital rendefég].

Figure 4.2: PCs selected for subjective assessment. From left to tight, Red and Black
LongDress Shiva Statue KlimtandEgyptianMask

To render a point clouiehto a video sequence it was firstcessaryo define avirtual camera path

for the user visualization of the object. Considering that the selected point clouds correspond to
individual objects, it was considered appropriate to define a spiral camerarpaitial the object
startingfrom a full objectview and goingo a closer look, with 512 viewse., around 17 seconds
Figure4.3 shows the camera positioning from two different angles.
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Figure 4.3: Camera path used for the point cloud rendering process.

A key parameter bthe point cloudrendering process the type of rendering primitive for each
point; themost used primitives arie cube, point and splats. After some experimahescube
primitive wasselectedCubes are similar to pixels in images and create betiaity images by
better filing the area between poinihe size of the cubprimitive for eachpoint is also an
important parametewyhile using a smaller sizenay creatéoles thus makinghe object surface
lesssmooth using large sizesmay lead to lack of detail. Therefore, the following methveas
adoptedo determinethe point size for the octrdemsed codec:

1. Each point cloud was normalized and scaled to its bounding box.
2. The mean distance of each point to its 10 nearest neigivesr®mputed
3. The average distancer the full point cloudvas selected as the point size for rendering.

This method does not work well for point cloudscodedwith the graph transforrhased odec
because of the larger distances around the cdsterb o u nThe aveérage nearest neighbor
distance is a good estimation of point distance in a point cloud. However, this distance cannot be
used since the distance among clusters which are crased draph transform coding is rather
different (usually it is much larger), i.e., it does not follow the same distribtiereforefor the

graph transformbased codedhe point size obtained from the above prodgss, for octree
coding) needs tbe mapped to a suitable point sifta graphbased coding. In this case, it was
found that using the following curve expressed by the division of two polynomials leads to good
results

W O O
Q0 _ (4.1)
w Q
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The parameters, b, ¢, andd were fond experimentallyusinga set of point sizes considered
optimal in a subjective waw a short, small informal subjective test, thus obtaining the values:
a=3.7,b=6.7,c=3.8 andd=-0.8. Aftersetting the primitive and point size, point clouds and their
associated colors (color was not coded) were rendergto RGB videsequenceavith 800x600
spatial resolution at 30 fps, leading to a duratioh7#s using the predefined spiral camera path

4.3.2 Subjective Assessment Methodology

Sincethe two selected point cloudatasets have rather distinct characteristics, the subjective
assessmentas organized in tweeparatesessions. For both sessiotie DSIS methodologywas

adopted to obtain the subjective scores. Subjects irtulEmales and 18 rtes. The goal of the
experiment was briefly explained to the subjeatsd they were asked to participate in a short
training session just before each one of the test sessions. For the training sessitees] dmel
Queenpoint clouds were usd@1]. The point cloudeferenceand impaired rendered videos were
viewedone after the otheand scored by each subjedtiwthe play of each newideo sequence
controlled by the sub,jtesedasnevassequendde guratioa daf the o p 1
whole test was around 30 minutess 8 mi nutes of train a@dd a 2
rendered point clouds were organized intac®ring roundswithin each session; each round
included al point cloud with a random level of wplity. According toRecommendatiofBT-
500.13[31], the subjectwisualizedfirst the referenderiginal rendered point cloud and after the
corresponding geometrynpaireddecodedpoint cloud (always using the original color); the
impairmentsvere scored in a-b scale associated to five quality levels, notaigry annoying
@annoyind Glightly annoyin@ @erceptible but not annoyibgnddmperceptiblé ThelSTPoint

Cloud SubjectiveAssessmerrameworkdeveloped irf93] was used to perform the visualization

for the test sessionBigure4.4 shows an example of one of the point clouds in$idoint Cloud
SubjectiveAssessmeriiramework

Reference Rendered Point Cloud Sequence

Figure 4.4: IST Point Cloud Subjective Assessnteaimeworkthescoring panel is shown only
after viewng both the reference andodeledvideos.
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Therendered point clouds were visualized on arZh ASUS VH238 monitor with 1920x1080
spatialresolution. An i7 workstation with the Intel HD 530 graphic card and 128MB video memory
was used to play the testquences at the correct frame rate.

Subjective Scores Processing

The same outlier removal process as described in Chapter 2 was deployed before further processing
the subjective scoresn this study, one of the subjects was rejected. Aftewoutlier ranoval
procedure, the average of all scores across the subjastalvulated for each test sequenfos

each coding ratehis corresponds to the MQ& each (sequence, rate) pair

4.4 Performance Evaluation

This section focuses atme evaluatiorof the obgctivesubjectivecorrelationof theselected point
cloud geometryobjective quality metrics for the selected point cloud geometry codecs, thus
consideringthe artefacts present the decodedpoint clouds First, Sectiord.4.1 presents the
coding parameters used for the experiments;, i&edtiord.4.2presents thebjective subjective
correlationscoredor the mostpopular objective quality metric the time

4.4.1 Coding Conditions

The reference andlecodedpoint clouds used in the subjective quality assessment tests have
different dynamic range and point densiti€sereforethe coding parameters had to be adjusted
for each point cloud to create three clearly distinguishable qualities. Fgnaghtietransformbased
codec, each objeetas divided into 1000 cluster§able4.1 shows thecodingparameter values
used to create the decoded point clouds for the subjective assessment expeatablytthe
quantizatiorparametefor thegraphtransformbasedGT) codec(0 {) andthevoxel size { ) for

the octreebased codec. Since point clouds have different number of pdersities anather
characteristics,hiese coding parameters where manually identifeedltain a wide range of
qualities.

4.4.2 Objective Quality Metrics Evaluation

In this chapter, the samerrelation performance metrics as in Chapter 3 are used to evaluate the
correlation performance for the objective quality, notably PLCC, SROCC and R3ilgie at the

time of this work, point clouds had floatimgint precision (and were not voxelized), thvegre
normalized beforecomputingthe RMSD and Hausdorff distancesin order to compute the
distortion on a similar scale for the set of point clouds under evaluation.

To havethe same scale fdahe objectivequality metrics and MOS values, a nonlinear logistic
function was applietb the objective quality scores, as recommendd@2h Let0 be a specific
objective quality score for videéand] the logistic funtdon parametersBased on32], the
predicted subjective scote0"Y for the videosequence is computed from thquality score)

of someobjectivequality metric according to:
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two cases are treatdtst independentlyandlaterjointly.

Table 4.1: Point cloudgeometrycodng parameters

logistic function parameteranonlinear regression of the objective
guality metric scores over the MOS was performed. This allows fitting the objegtalgy metric
scoresto the MOS values. Ti&fitting was performed using tHdATLAB nonlinear regression
function with initial parameterestimates as suggested[82]. Figure 4.5 shows the predicted
subjective scores (based the objective scores) versus the real M@8uesfor all the decoded
point clouds (with the twselectedcodecs) in this experiment. Since there werettgtsessions,
one for the people dataset and another for the inanimate datiisetifferent characteristicshe

Dataset | Point Cloud | No.Original Points | Quality | [k [F| oy
High | 10 | 11

Loot ~782,000 Med. 30 | 21

Low 60 | 35

High | 2 | 13

People | Red and Black ~700,000 Med. 10 | 23
Low 20 | 40

High | 1 | 12

Long Dress ~800,000 Med. 10 | 19

Low 30 | 35

High | 0.05| 0.05

Statue Klimt 499,886 Med. | 0.15| 0.13

Low |0.35|0.25

High | 0.05|0.08

'”Oat;}iergf‘ste Egyptian Mask 272,689 Med. | 0.15| 0.14
Low 0.25| 0.4

High |0.01]0.04

Shiva 1,010,591 Med. | 0.05| 0.05

Low 1 0.1
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Figure 4.5: MOSp (predicted objective scores) vs. MOS (actual values)

Table 4.2: PLCC, SROCGindRMSE esultsfor all objective quality metrics and point cloud

datasets.
PLCC SROCC RMSE
Codec: Octree| GT |ALL |Octree| GT |ALL |Octree| GT |ALL
RMSD Po2Po| 0.92 |0.82| 0.75| 0.88 |0.61| 0.70| 0.52 |0.58| 0.79
Po2PI| 0.91 |0.82| 0.74| 0.88 |0.77/ 0.67| 0.56 |0.58| 0.81
Inanimate Po2Po| 0.89 |0.90| 0.65| 0.85 |0.80| 0.52| 0.60 |0.44| 0.91
Hausdorff
Po2PI| 0.90 [0.90| 0.67| 0.85 |0.80| 0.64| 0.58 |0.45| 0.89
Number of Points| - 0.78 - - 0.73 - - 0.83 - -
RMSD Po2Po| 0.99 |0.97| 0.89| 0.98 |0.92| 0.87| 0.15 |0.31| 0.57
Po2PI| 0.98 [0.97| 0.93| 0.98 |0.93| 0.93| 0.22 |0.33| 0.46
People Po2Po| 0.98 |0.99|/ 0.92| 0.94 |0.93/ 0.91| 0.24 |0.18] 0.50
Hausdorff
Po2PI| 0.97 [0.99| 0.94| 0.94 |0.97/ 0.94| 0.25 |0.20| 0.43
Number of Points| - 0.91 - - 0.82 - - 0.45 - -
S Po2Po| 0.85 |0.64| 0.67| 0.82 |0.50| 0.65| 0.67 |0.90| 0.92
RMSD
Po2PI| 0.85 |0.64| 0.71| 0.82 |0.57| 0.70| 0.67 |0.90| 0.87
All Po2Po| 0.81 |0.67|0.72| 0.79 |0.58| 0.66| 0.74 |0.87| 0.85
Hausdorff
Po2PI| 0.82 |[0.66| 0.73| 0.79 |0.61| 0.70| 0.72 |0.88| 0.84
Number of Points| - 0.80 - - 0.80 - - 0.76 - -
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Table4.2 shows theobjectivesubjectivecorrelation performance for the four selected objective
guality metrics(the same as for Chapter 3 and described in Section M6t8)ms of PLCC,
SROCCand RMSE, for the two codecs and the twand full datasets; the best correlation
performanceralues (for the ALL column) are highlighted in bdtat the inanimate, people and all
datasetsFrom the resultshe following conclusionsaybederived

1 Graph-based transform vs. octree codecs Both the Po2Po and Po2PI qualityetrics
perform rather well when fitting is performed the MOS values for each codeare
independentlyconsidered For the graph transforrbased codecthe objectivesubjective
correlation ispoorerthan for the octree codedue tothe blocking artifact at the cluster
borders. However, sinceleally a quality metric must be agnostic to the type of artifacts
introduced, the key ressliare the correlation valies for the two codecs togethéALL
column); as showrthis correlation decreases significantly (up to 0.25 poinBLE&C) when
compared tahe separateodecs performancerhis also means that there is still room to
improve the point cloud objective ditg metrics.

1 Po2PovsPo2PImetrics: The objectivesubjective orrelation results shothatthePo2Pcand
Po2Plquality metrics have similar performanta the same distance metriote thatwhile
the objectivequality scores for thesmetricsare different, thé correlation withthe MOS
valuesis similar. This also means thdor the distortions caused lije types ofcoding
solutions testedmodelling the point cloud surface as a plane and miegsilne distance to
this plane doesot bring many improvementsthisis rather true whethe nearest point is in
the direction of the normal of the vector, as it occurs for some coding arfifatsnay change
if other codecs and coding artifacts are considered as in the future MHFEIEZ@Gnd VPCC
codecs.

1 RMSD vs.Hausdorff distances The difference betweeghe RMSD andHausdorffdistances
correlation performancas not significant for the people dataset, whietludesrather dense
and regular point cloidHowever, br the inanimate dataset, th&@rence is more significant
since the holes present may influence the maximum distance and may lower the coatklation
the Hausdorfbased metric witlthe MOS.

1 Dataset nfluence Point clouds in the people dataset have higher perceptual quality after
rendering due totheir higher density and lack of acquisition ngisecomparison with the
inanimate dataset (even for theferencepoint cloug. Thereforehigherobjectivesubjective
correlationis obtained fothe people datasewhen all codecs are considered. This is mainly
due to the fact that the noisy surfaces with mawigs after renderingf the inanimate dataset
objects may make the scoring more challenging for the subjjéatis that the objectivguality
scores do not ewider the intrinsic quality of the reference point caied3D rendering since
a DSIS methodology has been adopted

As a curiosity;Table4.2 also assesses the @ation performance of thmumber of decoded points
if it is taken as an objective quality metric. This could lbather goodnetricto assess the quality
of decodedooint clouds with the octree codéar which quality is dependent on the number of
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points However, it only works well in this specific case because the rate and, therefore, the quality
in octreebased coding are directly associated with point reductionlaveer rates lead to lower
number of points. & the grapkbased codec (and all coddor which this relation does not apply),

this metric wouldnot be useful since the number of decoded points is always the farttas
specific codec

4.5 Final Remarks

This chaptertargets theobjectivesubjective correlatiomvaluation ofthe geometry point cloud
guality metricsavailable at the time this study was performeamelyPo2PoandPo2PIRMSD

and Hausdorff distance$o assess thmrrelationperformance othesequality metrics two point

cloud codecs werselectedbased on two differertoding approacheghe organization of the
points in an octree structure and the spectral representation of a graphingnresnty points.
Experimental resulttaveshown that the correlation be®en objective and subjective scores is
similar, althoughwith a slight advantage to thBo2PImetrics when the two codecs and different
datasets are consider&MSD as a metric is slightly better than Hausdorff distance when all data
and both codecs aremsidered.

The work in this chapter let to a conference publication, notably:

A. Javaheri, C. Brites, F. Pereira, J. AscensoSubj ecti ve and objectiyv
compr es s ed |EBEEWorkshap broMultinsediadSignal Processington, UK, Ocbber
2017.
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Chapter 5

| mpact of Rendering o
Poi nt Cl ouds

5.1 Context and Objectives

Point clouds can be visualized on a variety of devices, such as 2D displaysyoeaded displays
(HMDs), augmented reality devices and even on stereoscopic orstemtoscopic displays.
However, independently of the type of displagint cloud cannot be diregtlvisualized and
require a rendering technique to create the data that may be visualizethytbisseen as post
processing step after decoding. Nowadays, therseserajpoint cloudrendering approach¢d4]
[95] that may significantlympactthe perceivegboint cloudquality in different waysOften, the
subjective and objective qualigssessmerstudies available in the literawdo not use the same
type of coding and rendering solutioas well as test conditions and thus, reach different
conclusionsand are difficult to comparé& herefore, it is critical to study the impact of different
rendering approaches on the subjective and objective quidlidecoded point clouds under
meaningfuland representative test conditions

On the other hand, many relevant works on subjective and objective quality ass¢38a¢at],
[98], [99] and [100] rely onrathersimple coding solutions such astree pruning which are
inefficient compared to the statd-the-art and produce a rather distinctive type ofetatts.
However, more sophisticated, and mefécient lossypoint cloudgeometrycoding solutions
(some already standardizeabe now available, which produce decog®int cloud with very
different characteristics and efdcts. As an example, sonmint cloud geometry codecs
significantly increase the number of decoded points to hide codeigast thus achieving a better
perceived quality. This makes the subjective and objective quality assessp@nt ofoud more
complex, especially when more efficient coding and eeind solutions are considered.

n
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While point cloud have commonly two major components, geomeing color (or texture), this
work focuseson theperceivedquality impacts of degradations on the geometry component of the
point cloud representation. Geomyeartefacts are very important for the final perceived quality
since this type of degradations may reduce the realism of the decoded geometiyedmthe
appearance of holesnd deformed and noisy surfaces, consequently leading to poorer user
immersion. Figure 5.1 shows an example of geometartefacts, in this case associated to the
MPEG GPCC codec (original texture was used for recoloring), which resultsrathar low
perceived qualityvery much depending on the color masking effBaspite itsmpacton the
perceived quality, geometdegradations have not bemuchaddressed in the literature. Besides,
while the geometry is agssentiatomponent of thpoint cloudrepresentation, the color attributes
(which are optional) may not be available due to limitations in the acquisition procegsoielg.
clouds acquired by LIDAR only devicesiowever, as will be seen later in this chapter, when
present, colohas an important masking effect regarding the geometry artefacts.

Figure 5.1: Arco Valentingooint cloud left) referencepoint cloud and right) MPEG @ CC
decodedpoint cloud with lowest ratdReferenceéexture used for recoloring.

In this context, the maiabjectives of this worlare:

1 Point cloud rendering after codingi subjective quality assessmentudyof the subjective
guality impact of multiplecoding and renderingombinations for releant, lossypoint cloud
coding and rendering solutions. Moreover, the visibility of the distortions associated to each
point cloud geometrgodec under different rendering scenarios will be aedlyThis first
goalis critical for the design of a suitabpmint cloudvisualization solution aa practical,
effectiverendering solution must be chosen.

1 Point cloud rendering after codingi objective quality metrics assessmentEvaluation of
the correlationperformance of availablpoint cloudobjective quality metrics for multiple
coding and renderingombinations, i.efor different types of rendering and codingetatts.
This should allow understanding the strengths and weaknesses of available objeditye
metrics as well as their sge of validity, i.e, for which conditions these metrics represent well
enough the human perceived quality. This segmadis critical for the design of more reliable
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point cloudobjectivequality metrics, notably for the evaluation of n@eint cloud gemetry
coding solutions as well as associated techniques.

1 Renderedpoint cloud quality assessmentataset Provision of the first public dataset of
mean opinion scores (MOS) and correspondiagoded point clowgdusing relevant, lossy
point cloud geometry coding solutions. Thesgoint cloud geometry codecs produce a
distinctive set of aefacts that were not considered when thest popular point cloud
geometry objective qualityetrics were designed. This thgdalis particularly important for
the point cloud quality assessment community, since not many subjegtiaéty studies are
availableat the time this work was performadd from thoseavailable, none alloedto assess
the impact of the rendering process that is always performed after decoding.

Thiswasthe firstwork wherethe coding andendering processes, which play a major role on the
final perceived qualitywere jointly evaluatedin this case for static point cloudsid geometry
coding To be able to isolate and, thus, direetbgess the impact of the geomeitrtefacts on the
final perceived quality, no color attributes coding was considered in thisaktbdugh the original
color may be used for rendering after recoloring

Thischapteiis organized as follows. Sectiér? describes the point cloud rendering solutions used
in the subjective experiments of this chapter. Sectdhintroduces the codec used in the
experiments of this chapter addscribs the artefacts associated with three selected point cloud
geometry coding solutions and illustrates them mineee point cloudrenderingsolutions are
used.Section5.4 presents the subjective test framework that is used for further studies in this
chapter. Sectiorb.5 describes the subjectivguality evaluation study along with some key
conclusionsand Section5.6 describes to the correlati@valuaton for the most relevanpoint

cloud objective quality metrics. Finally, Section5.7 reports the main conclusions and final
remarks.

5.2 Point Cloud Rendering Solutions

In this chapter, the impact of rendering on the perceived quality of a point cloud is studied. In this
context, for the experiments of this Chapter it wasd one solution for each of the three types of
rendering approaches explained in Sectioy namely, RPoint RColor and RMesh In the
following, important information about the representative solution (not previously described) for
each of these rendering approaches, are presented

5.2.1 RPointRendering

For this point cloud rendering solutiaine selected renderipgimitive was a square because they

are the smallest element of a 2D image (pixels); the point size was set to the minimum value able
to fill the 3D space between points coetely, thus avoiding holes, leading to acsdled
watertight rendering.
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Regarding shading, color attributaie not used in this specific rendering approach, in order the
impact of geometry distortions may be assessed without any additional companexists. To

obtain the normal vectors, a (best fitting) plane was used as the local surface model and an
automatic estimation for the neighborhood radius was used, as suggested in [14]. This automatic
estimation helps to find a suitable radius as a moallgadius may result in some points having an
invalid normal and a too large radius may result into smoothed edges. By fitting a local surface,
only the direction of the normal can be computed and, thus, the orientation of the normal was
determined witlthe minimum spanning tree algorithm [15].

5.2.2 RColor Rendering

For this point cloud rendering solutioto isolate the impact of geometric distortions, the color
attributes are not coded and, thus, the original color is used to recolor the decoded point cloud
geometry. The recoloring process occurs when the number of points in the decoded point cloud is
different (or the same) from the original number of points. The recoloring procedure uses the
original color and performs a mapping of the original colors in the original positions to the decoded
points positions. In this case, the vertex attribute transférodevailable ilMeshLalf101] was

used for the recoloring process. Since the color information already considightaig
information from the acquisition setup, we did sbade points in this approachpeserve as
muchas possible the color fidelity of the point cloud representation

5.2.3 RMeshRendering

For this point cloud rendering solutiotihe procedure to reconstruct the surface proposg@¥jn

was followed. ThePoisson Surface Reconstructialgorithm, available in the popular
CloudComparg¢83] software, was selected with default parameters. The estimation of the normal
vectors was performed as for tR&oint solution; no color attributes were used to be able to
directly assess the subjective impact of the geometefaars

5.3 Point Cloud Coding Artefacts after Rendering

This section describes thatefactsassociated with each of the selecpant cloud geometry
codingsolutionsafter rendering since this is what the usersBeee point cloud geometry coding
solutions were selected for the studies performed in this chapter, namely thebastdecoding
solution from the PCL Librar{89], the MPEGG-PCC standar{L02] and the Intra mode of the
MPEG V-PCC standarflL03]. A detailed explanation of these codecs can be found in S@cgion

A characterization of theodingartefacts is important to understand the perceptual impact in the
subjective tests and the limitations of the available objeqtnadity metrics.With this purposeén
mind, some fameswere extracted from the videagnderedfor the subjective test sessgn
described in Sectiob.4.2 To study the impact of rendering, the videos created for the subjective
test sessions were obtained with the three rendering approaches presented ir2 Séabieled
asRPoint RColor, andRMesh To better assess the coding artefacts, the geometty diat
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clouds wascoded using the logstrate test conditions as described in Sechial.l The selected
point cloudexamples try to show as much as possible the mmgsictingvisual aréfacts found
during this study.

5.3.1 PCL CodecArtefacts

Forthe PCL codec, as the target bitrate decredsadifg to dower octree depth), the number of
decoded points also decreases since all points inside a voxel are represented by just one point a
the voxel center. The consequence is an increase of thaaidtetween decoded points and thus

lack of detail. WherPCL decodedoint cloudsare renderedpr any rendering solution, the lack

of detall (i.e, points) results into a pixelated (or overly ssampled) decodegoint cloud An

example of the agtactsproduced with PCL coding at low rate is illustrateigure5.2, for three

point cloudsandall rendering solutions. As showtie rendered point cloudse rathepixelated
(RPointandRColon or lack detail RMesH).

5.3.2 MPEG G-PCC CodecArtefacts

The MPEG GPCC codec prunes the octree at some specific depth and @ketesso-called
Trisoupsurface representinghe pointsatthat depth with more precision. The renderingfadts
produced are very different frothe PCL codeg since the number of decoded points is no longer
reduced. An example of the efects produced by ®CC at low rate is illustrated Figure5.3

for three point cloudandall rendering solutions. The geomeartefacts essentially come from
the TriSoupprocess which may create false edges abtbek boundaries orriangles; for low
rates, these triangles may bery visible even with texture maskindgvoreover, when theoint
cloudis sparse in some region, theéSoupprocess may cause artificial holes (with polygonal
shapes) or even an increasehe size otheholes already present in theferencepoint clouds

5.3.3 MPEG V-PCC CodecArtefacts

For MPEG V-PCCin Intra mode point clouddata isfirst 2D mapped and afteszoded with
traditionallntraprediction and 2D transform tools. The more visible renderiefpats correspond

to blockiness and false edges, often associated to the directional Intra prediction modes. An
example of the rendering afécts produced by -PCC is illustrated inFigure5.4 for threepoint
cloudsandall rendering solutions. Whilialse edges are visible, mostly fePointrendering,V-

PCC distortions are not very visible fRColor rendering notably due to the texture masking
effect ForRMeshthe entire decodgubint cloudis smoother compared RPoint However, some

details are lost, which may cause lower perceived quality.
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RPoint RColor

Figure 5.2: PCL coding aefacts a) Loot, b) Egyptian Maskand c)House without a Ropivhen
rendering withRPoint RColorandRMesh
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Figure 5.3: G-PCC coding agfacts a) Loot; b) Egyptian Maskand c)House without a Ropf
when rendering witfiRPoint RColorandRMesh
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Figure 5.4: V-PCC coding agfacts a) Loot; b) Egyptian Maskand c)House without a Ropf
when rendering witfiRPoint RColorandRMesh
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5.4 Subjective Assessment Framework

In this section, the creation of the visual content for the subjective experiments is described along
with the test setupnd conditions, in summary the subjective assessment framework

5.4.1 Test Conditions

Six static point cloudshave been selected from the MPEG content reposjidi¥] , notably
Egyptian Maskand Frog, from the inanimate objectdass Facade9andHouse without a Ropf
from the buildings and facadekss andLongdressandLoot, from the peoplelass This selection
includespoint cloudswith different levels of complexity (as defined by MPEJ104]), notably
with four point cloud from class A (lowest complexity) and twoint clouds from class BHighest
complexity for static point clouds These six selectegoint clouds have rather different
characteristics in terms of content, geomedryd color. The most important factdos the point
clouds selectiorprocessvere: i) thepoint clouddensity i.e., sparseand dense point closgdi) the
(semantig type of contenti.e. (point cloudsfrom inanimateobjects,facadesand buildings and
peopleclassesiii) the point cloudgeoméry structure i.e., point cloudg with holes and with flat
surfacesand iv) the color characteristidse.,(point cloud with small olargecolor gamutTable
5.1 shows thepoint cloudcharacteristics, notablyame, number of points, coordinates precision
andcategory whileFigure5.5 showsRColorrendered views frortherefererce point clouds

Table 5.1: Test point clouds and associated characteristics.

Point Cloud Name | No. Points | Precision Category
Egyptian Mask 272,684 12-bit Inanimate objects
Facade9 1,596,085| 12-bit Facades and building
Frog 3,614,251 12-bit Inanimate objects
House without a roo| 4,848,745 12-bit | Facades and building
Loot 805,285 10-bit People
Longdress 857,966 10-bit People

Figure 5.5: Test materials witlRColorrendering. From left to righEgyptianMask House
without a RoqfFrog, Facade9 LongdressandLoot.
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Theselectedpoint cloudswvere coded with the three selecfmint cloudcodecs, at three different
rates, to obtain decod@aint cloudswith three different perceptual qualities, labelled as Low (L),
Medium (M) and High (H). The selected codecs represent three different cgainoppches
notably PCL forodree structuresMPEG G-PCC for surface models and MPEG-RCC for
projectionbased coding. For each of the MPR@Nnt cloudgeometrycodecs, three different rate
points have been selectidlowing the suggested coding parameters in the MPEG Common Test
Conditions (CTC)[104] for lossy coding. These rate points resulted into three distinguishable
gualities,ranging from low to high. For PCL, the octree depth parameteceorasolledin a way

to obtain a similar range of qualities compared t8®C.Table5.2 shows the codig parameters
used forthe PCL and MPEG GPCCcodecs. FoG-PCC the octree depth establishes poent
cloudprecision (after the voxelization step). Tleeelparameter corresponds to some octree layer
after whichthe Trisouppolygonalsurfacerepresentation is used. For PCL, the octree dé&p) (

is set indirectly, using the PCL Octree ResolutioR)parametemwhich corresponds to the size of

the voxel compted as) Y ¢ , with P corresponding tthe point cloudorecision (defined

in Table5.1).
Table 5.2: Octreedepth and level for PCL and-BCC, for three different rates: Low, Medium,
and High.
PCL G-PCC
Point Cloud Name | Octree Depth| Octree Depth| Octree Level

L|{M|H L/M/H L M |H

Egyptian Mask 71819 9 5|6 |7

Frog 8| 9|10 11 718109

House withoutaRod 8 | 9 | 10 11 71819

Facade9 8| 9 | 10 11 71819

Loot 7| 8 10 6| 7| 8

Longdress 71 8 10 6|7 |8

Table5.3 shows theVIPEG V-PCCHEVC quantization parametédP)used for depth map coding

(note that no color codingas performed) anB0is the occupancy map precision. FGPZC, all
the test materlawerevoxelized to 1€bit precision.

Table 5.3: Quantization Parameter (QP) and Occupancy Map Precision (BO}R@Gtodec
for Low, Medium and High Qualities.

Quality Low Medium High
QP 32 24 16
BO 4 4 4
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5.4.2 Test Sessions

The subjective quality assessment was performed in three test sessiortgrezsgonding t@
differentpoint cloudrendering approach. Following Sectidr2 from Chapter 2the test sessions
have been labelled as:

1. RPoint session:point cloudsrendered with poirbased rendering with point shadiagd no
color attributes.

2. RColorsessionpoint cloudgendered with poinbased rendering with the original colaftér
recoloring) and no shading.

3. RMeshsessionpoint cloudsendered with meshasel rendering with surface shadiagd no
color attributes.

From Point Clouds to Video Seguences

Thepoint cloudswvere visualized in a neimteractive way, which means theferenceand decoded

point cloudswere rendered to standard video sequences and shown on a 2D, ths@ayplying

no user interactianThe advantage of such approach is that all subjects in the subjective test see the
same parts of thdecoded point cloudgxactly in the same way, thwobtaining more reliable
subjective assessment scomessuming the rendering path is approprigbeCloudComparegoint
cloudprocessing software was used for rendering with the point size, normal estimation and surface
reconstruction performed as dabed in Sectiorb.2 The lighting conditions, which influence the
shading process iRPointand RMesh,correspond to the default conditions, this means ambient
light source (sun light) and no spotlight. A simple camera path rotation around the object was used
to createhe2D rendered vide this path was found to allowrathercomplete visualization of the

point cloudsand, most importantly, the coding eiécts under evaluation. For sonpmint clouds

(e.g, Facade9, no geometry was acquired for the back side and, thus, the rotation path was
restricted to the frontal part of the object. The virtual distance betwegoihiecloudand the
camera did not change, similarly to standard image and video subjectivetiestialogies where

the distance between the subject and the displgpirsally fixed.

The rendered videos have a spatial resolution of 1600800, a temporal resolution of 25 frames per
second (fps)Based on th@umberof stimuli and number of sessionkgtduration of rendered

videos is10 secondsTotal duration of each session was almost 35 minbt@sall the threaest
sessions, the rendered videos were visualized orrcBASUS VH238 monitor with 1920x1080
resolution. An i7 workstation with thatel HD 530 graphic card and 128MB video memory was
used to play the rendered videos at the correct frame rate.

5.4.3 Subjective Quality Assessment Methodology

The point cloudsselected for the subjective study have rather different characteristics. Due to the
acquisition process, someferenceoint cloudsmaybe rather noisy, e gMPEG cultural heritage
and buildings suzategory may have holes, outliers or even positioning errors. Also, the density
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(number of points per undf volume) of thereferencepoint cloudmay have a significant impact

on the perceived quality of theferencerenderedooint cloud These two factors may affect the
subjective scores given by the subje&micethese issues affect both treferenceand decoded

point clouds the DSIS subjective test methodology was selected for all the test sessions of this
subjective study. Thus, subjects visualize firstrigferenceandafterthe decoded rendergubint
cloudsand score thanpairmentof thedecodedoint cloudrelativelyto thereference point cloyd

which allows to mitigate the impact of acquisitionetatts and othereferencepoint cloud
characteristicsince they are already present in the reference point.cloud

There were 20 subjects participating in each test sessilb 18 people participating in all the three
sessions and four people in one or two sessions. At the beginning of each session, the goal of the
subjective assessment experiment was explained to the suajettiey were asked to participate

in a shorttraining session to become familiar with the application interface. For the training
sessions, th8tatue Klimpoint cloudfrom the same MPEG repository was used.

The full set of renderedoint cloud videosvas organized into six rounds per session wdhbh

round including alpoint cloudswith one of the three levels of quality. Since there wer@aint

clouds coded with three different codecs for three rate poipts,c o v Tstimuli were
assessed in each session. According to RecommendatibA®IB [31], the subjectsaw first the
referencaenderedpoint cloudsand after the impaired (this means decoded) rengeried cloud

and scord the later in a 5 scale associated to five impairment levels, notéldyy annoying
@annoying) Glightly annoyin@ @erceptible but not annoyibgnddmperceptibl@ The display of

each new rendered video was controlled by the subjects by présBiiga y 0 . The subj
option to replay both video sequencegdrencdollowed by impairegoint cloud$ before giving

the subjective score. This option allesMto reduce the cognitive load of the subjects and, thus,
obtainng more reliable scorestach session had a duration of approximately 28 minutes,
considering the training and scoring times. To avoid that the results of one session influenced the
results of another session, a minimum of 48h between test sessions was respected.

For each sessigroutlier subjects were identified based on the collected scores, following the
procedure inRecommendatiolBT.500-13 [31]; only one outlier was identified in theMesh
session. After, the average of all scores across the subjects were computed for gaich ¢césid

thus obtaining a MOS for eaplint cloudunder evaluation. The subjective scores for the three test
sessions along with threferenceand decoded rended point cloudsare publicly available §105]

and, thus, may be used by the research community

5.5 Subjective Quality Assessment

Thefocus of this section is on the study of the impact of diffepeirit cloudrendering solutins
on the user perceived quality fiecoded point cloudsith different coding adfacts.The obtained
subjective scores are analyzed to assess the visibility of the different codifagtartThe
subjective scores obtained for the three test sessions will be the basis for this study; in this case,
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the MOS values represent the similarity betweenreferenceand decodedpoint cloudsand not
the intrinsicpoint cloudquality for which maw other factors play a role.

5.5.1 Impact of Rendering on Perceived Bint Cloud Quality

This section studies the impact of the three rendering solutions on the perpeimédtloud
guality. Note that, within each session, the rendering methods were not mutethwes the
subjects evaluatediecodedpoint cloud videosor each rendering solution independently.

Figure 5.6 showsa chart withthe 54 MOS for allpoint cloudswithin each test session (each
associated to a rendering solution)Flgure5.6, the MOS are sorted in ascending ordet,from
lower to higher scores, each score is labelled with a rengeiaticloudindex and corresponds

to a coding condition.e. a combination of a point cloud with a codec and aTatelentify which

are the most frequent MOS per session (data netrshroFigure5.6), Figure5.7 shows the MOS
distributions (number of votder each scoregiven by the subjects in the three rendering sessions.

_______

—RPoint Session
-~RMesh Session
- RColor Session

5 10 15 20 25 30 35 40 45 50
Rendered PC Index

Figure 5.6: Sorted MOS for all tegtoint cloudgor the three testenderingsessions.
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Figure 5.7: MOS histograms for the three test/rendering sessions.
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Figure5.6 shows that the scores are well distributed over the full range, from low (close to 1) to
high (close to 5). ThRColorsession (blue curve) shows the highest MOS, followed birhesh
session and, finally, thRPointsessionBased on the results, the lmving conclusions about
impact of rendering, considering different rendering approaches, can be derived:

1 RPoint rendering: The geometry coding distortions are more visible RIPointrendering
sinceRMeshandRColorhave mechanisms to mitigate the visogbact of the coding afacts,
e.qg, filtering or masking. This can be clearly observe#igure5.6 where the coding afiacts
are more visible for the curve with lower MOS and, thus, as showigime5.7, more 0106
and 06306 vot e KPomtcompacet ttiRMéshared®Coforo r

1 RMeshrendering: As shownin Figure5.7, RMeshrendering has higher MOS (and less low
MOS) thanRPointrendering. This can be explained by the fact RMeshrendering includes
a surface reconstruction process (polygonal mesh creation) which smogibstretoudand
makes the coding distortionsskevisible, somehow behaving as a denoising filter. However, it
should be emphasized thatint cloudedges and details are also smoothed with this type of
rendering and, thusMeshis not able to outperform a poibtised rendering solution with
color (RColor), where the points are simply rendered with a bpsmitive. It also requires
the extra processing step of surface reconstruction before rendering, which may be difficult to
apply in some application scenarios due to the scene complexity @oihtecloud size
(number of points).

1 RColor rendering: For RColor rendering the original texture contains natural shading
information, acquired from the light reflected by the object surface. This contrasts with the
RPointand RMeshrenderings, which use angjle color with synthetic shading and tfeal
renderingresult depends on the accuracy of the (extracted) normal vectors (geometry only).
However, the original color captured during the acquisitioneftactively mask many of the
geomety distortions, banging the perceived surface of the objects. Also, the texture details
can hide geomepr distortions since the human visual system is less sensible to high
frequencies; this will cause the subjects to perceive less distorted shapes and, thus, bstter score
are given in th&kColorsession. In fact, inths e s si o n, most of the sc
shown inFigure5.7, which means that most of the decogedt cloudswere considered to
have low impairment regardinghe referencepoint clouds In this case, the most visible
geomety distortions are limited to the object boundaries.

In summary,renderingwith high quality color attributes masks the geometric distos and
results in higher perceivambint cloudquality. However, color attributes may not be available, and
some applications may require high geometry fidelity. For example, geographical information
systems and cultural heritage applications typicallyly tolerate imperceptible geometry
deformations; in such cas@&¥ointrendering could be an appropriate choice to avoid the influence
of color maskingandgeometry filteringOn the other hand, if color is not available and geometry
degradations are lerable if not visible,RMeshrendering should be used, since it allows to
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mitigate the impact of some codingefacts, e.g.holesandfalse edges, comparedR#Foint thus
leading tohigher perceivegoint cloudquality.

5.5.2 Impact of Rendering on theCoding Artefacts Visibility

This section studies the impact of the three rendering solutions on the visibility of the coding
artefacts associated to the three selected codecs. With this purpose in mind, the MOS for the three
point cloudcodecs and the theegendering solutions are showrFigure5.8.

PCL G-PCC
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-
__________

—RPoint Session
~+RMesh Session
- RColor Session

5 10 15
Rendered PC Index

Figure 5.8: SortedMOS forall point cloudgor the thredest/rendering sessigrseparated for
each codec

This point cloud codedased presentation of the MOS scores, thus more granuldfithaab.6,

allows comparing th impact of the rendering solution on the final perceived visibility when
different coding artefacts are presehigure 5.8 shows thatthe MOS distribution for each
rendering approach is not similar for all codecs. The main conclusion is that the different types of
coding artefacts are not equally visible for all rendering approa8as®d on the results, the
following conclusions about the sensibility of the several rendering solutions to the point cloud
codecs considered, and thus type of coding artefacts, may be derived:

1 PCL Coding: PCL distortionsare visible regardless of the daring solution and, thus, MOS
are rather well distributed in theSlrange. This is mainly because a pure octree point cloud
coding solution controls the decoded quality by limiting its maximum depth and, thus, decoded
point clouds have a lower number pbints than the reference point clouds, sometimes
significantly lower. Thus, larger point sizes ®PointandRColorrendering are needed, thus
creating a pixelated effect (perceptually unpleasant). Although a surface is reconstructed with
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RMeshrendering when the number of points is reduced, details are lost, and some meshes
even show geometry distortions due to the surface reconstruction process.

G-PCC Coding: G-PCCdistortions are less visible f&Colorrendering compared RPoint

and RMesh since the color masks the surface distortions. However, false edges, holes and
geometry distortions at boundaries are still visible for severe distortion ¢&Bemtand
RMeshfollow a similar trend, with slightly better scores feMesh since it mitgates the
impact of some coding artefacts (e.g., holes and false edges), thus offering a more visually
appealing surface.

V-PCC Coding: V-PCCdistortions are not very visible fétColorrendering since they are

not large enough to create strong defornmstiand the color masks most of the geometry
distortions. Due to th&-PCCprojection onto 2D maps (texture and depth) and the efficient
HEVC coding process, most of the surfaces are consistently represented, although with some
error regarding the origingurface. VPCC distortions are also less visible Rivleshthan for
RPointrendering due to the impact of surface reconstrudiesed rendering on the perceived
quality.

5.5.3 Statistical Significance Analysis of Subjective Assessmeg@tores

Thissection presds a statistical significance analysis of the subjective quality assesstoesd

The goal is to evaluate if the differences between the MOS for the three rendering approaches
(RPoint RColor and RMesh are statistically significant at a given confideheeel. Basd on
procedures suggested in previous vegil06] [107] [108], three statistical tests were applied

T

Welch ANOVA Significance Test compares two means tee if they are equal. It is an
alternative to the Classic ANOVA and can be used even if your data violates the assumption
of homogeneity of variancégse., equal varianceslf there are more than two groups of data,

it can only show if the difference tvgeen group means is statically different or not. However,
cannot identify which differences between group means are statistically signifibanull
hypothesis in this test is that the groups of data are drawn from a distribution with the same
mean.

GamesHowell Posthoc Testis applied after the ANOVA test and is ustxdcompare all
possible combinations of group differences when the assumption of homogeneity of variances
is violated.However, it still requires the groups to follow a normal distidoutThe null
hypothesis in this test is that two groups of data in the pairwise comparison are drawn from a
distribution with the same mean.

Wilcoxon SignedRank Test is a nonparametric statistical hypothesighich is used to
compare all possibleombinations of group differences whanrmality of populations is
violated in the groups of dat&he null hypothesis in this test is that the groups of data are
drawn from a no#parametric distribution with the same mean.
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In null hypothesis significandesting,the pvalue is the probability of the null hypothebising
correctl n all tests above, for-v@dlper desnts maildreirfi
hypothesis is rejected.

To test if a group of data follows a normal distributiShapireWilk statistical test is applied and
to see i f two (or more) groups of data have
section.

For all tests, the full set of obtainedbjectivescores was divided in three groups, one group of
scores for eaclpoint cloud rendering approach, since the results being tested for statistical
significance (section5.5.1and5.5.2 evaluate the impact of rendering. The selection of these
statisticaltests was motivated by the fact that fePZC datathe variance homogengitest fails
according to a Leveneb6s test whiAléasedceordidg st r
to the ShapireVilk normality test.

Welch ANOVA significance tesfTo evaluataf the dependency of MOS values on the rendering
method is dtistically significant, the Welch ANOVA significance test was applied, thus
comparing groups of MOS values, one group for each rendering method. This test measures the
difference between the mean values of each group with a 5% significancevithalit requiring
homogeneity of variances. The null hypothesis assumes that MOS values for the various groups
(rendering methods) are drawn from a population with equal m&ab5.4 shows the fvalues

and associated MOS averages when considering all possible groups of scores for each codec
(6PCLBRCC® GamalCd Vc ol umns) and f otld add!| urhre) .c oWIe
p-value is lower than 0.0&ignificance level), the separation between these rendering approaches

is statistically significant.

Table 5.4: P-values for the Welch ANOVAignificancetest and MOS averages for each
renderingsession, e.,RPoint RColor, RMesh

PCL G-PCC V-PCC All
p-value 0.98 0.019 0.0 0.002
Average MOS | 3.0,3.0,3.1 2.8,3.8,3.2 3.1,4.2,3.5 3.0,3.7,3.2

GamesHowell posthoc and Wilcoxon signedank tests:To comparethe several possible pairs

of rendering methods multiplecomparison statistical testust be used. In this casbe Games

Howell posthoc test was selected since it also does not require the homogeneity of variances,
again with a 5% significance levdlable5.5 shows the gvalues obtained for this pekbc test for

all possible rendering pairs. Moreover, sirthe obtainedMOS values do not follow a normal
distribution (i.e, normality does not hold) or t he 0 A L-\aldes obtames ,for theh e [
Wilcoxon signeerank test (5% significance level) are showi able5.6. The Wilcoxon signed

rank test assesses whet the group mean ranks diff@ihis tests more suitable for this caseice
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it is a nonparametrictest i.e, it does not assume any data distribution. For the Gainasel|

posthoc and Wilcoxon signedank tests, when theyalue is lower than 0.05ignificance level),

there is statistical significance between groups of MOt means that MOS for those sessions

can be considered different, regardless of MOS for each stimulus or even average of stimuli. e.g.,
MOS between WCC decoded point clouds statistically different betwedRPointandRColor,

which in this case confirms that MOSRColoris higher tharRPoint(based on values).

Table 5.5: P-values for the Gameadowell posthoc test for altendering pairs (pair order is
irrelevant).

PCL | G-PCC | V-PCC | All

RPointz RColor | 0.998| 0.011 | 0.000 | 0.002
RPoinz RMesh| 0.973| 0.586 | 0.144 | 0.300
RColorz RMesh| 0.988| 0.162 | 0.000 | 0.085

Table56:P-val ues f or the Wil coxon test fo

RPoinz RColor | RPointz RMesh | RColorz RMesh
p-value 0.0 0.023 0.003

From the analysis of thesultsin Table5.4 andTable5.5, i.e, Welch ANOVA significance and
GamesHowell posthoc tests, respectively, the analysisSettion5.5.2 can be confirmed and
new conclusionsaybe derived:

1 PCL: Thedifferencebetween the MOS for the three rendering approaches is not statistically
significant and thus, any rendering can be used. This was expected since PCL distortions are
visible regardless of the rendering solutions and, thus, similar subjective scores were obtained
for all rendering approaches.

1 G-PCC: RColoris better thafrPointand, thus, if color is available, it should be used in point
based rendering solutions. There is no statistical difference befReantand RMeshand
RColorandRMesh meaning that there is no advantage in using raskd rendering (which
may even reque complex surface reconstruction methods).

1 V-PCC: RColor is better tharRPoint and RMeshand, thus, color effectively masks the
geometric distortions associated to thé?@C coding agfacts. For the ? best rendering
method, there is no statisticaffédrence betweeRPointandRMeshand thus, this means that
any of these twapproaches maye used.

Finally, from the analysis of the resultsTiable5.6 above, i.e.Wilcoxon signeerank test results,
statistical significance was obtained for all rendering pairs , (iRPointz RColor,

RPoint RMesh andRColoz RMesh f or ll6t ltea s @ A thatmerankingrogler of the
rendering methods is established. The results for this test sholRGlo#tr is statistically better
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than RMeshand RMeshis statistically better thaRPoint This confirms the intuitive ordering
shown inFigure5.6 and the conclusions iBection5.5.1

5.6 Objective Quality Metrics Evaluation

In this section, the selected objectigaality metrics performance will be presented and analyzed
using the subjective scores obtained in the three test sessions, thus for different rendering
approaches. As recommended [Bil] [32], before assessing the objectigeality metrics
correlationperformance, a nonlinear logistic fittirggmilar to Chapter 3has been applietb the
objective scores to map them to the subjective scores scale. To assbgsdinge qualitymetrics
performance, th@earson Linear Correlation CoefficigPLCC) is computed as a measure of the
linear dependence between the oliyecinetricscores and the corresponding MOS

Table5.7 and Table 5.8 showsthe PLCC and SROCC value®r the 9objective qualitymetrics
described indetail in Chapter 2 section2.6.3 for each rendering approach, independently
computed for eaclpoint cloudcodec and ab considering all codecs simultaneously (column
Al §. With thesecorrelationresults, the performance of each metric can be assessed for each of
the three teétenderingsessions described in Sectibi.2 A detailed analysis of the results in
Table5.7 is presented in the following. First, from the perspective optiet cloud codec and
coding distortionspextfrom the perspective of the rendering solution and, finally, assessing which
objective qualitymetric performs the best andderwhich conditions.

Table 5.7: PLCC (%)betweerpbjective geometry quality metriemdMOS scores for the three
selected rendering approachiesbold, the besPLCCvalues and all the oth&_CCvalues that
do not deviate more than02from the best PLC value

RPoint Session RColor Session RMeshSession
Type Metric
PCL |G-PCC|V-PCC| Al PCL |G-PCC|V-PCC| Al PCL |G-PCC|V-PCC| Al
D1 84.5 53.7 26.3 51.9 84.1 85.5 44.1 64.3 90.5 32.7 7.5 39.0

Point-to-Point | Hausdorff | 90.5 | 45.6 | 34.2 237 | 871 | 59.2 | 578 | 186 | 883 | 494 | 31.2 | 325

D1-PSNR | 874 | 865 | 550 | 669 | 898 | 711 | 723 | 783 | 91.6 | 51.7 | 183 | 68.8

D2 844 | 50.2 | 328 | 469 | 84.7 | 80.6 | 183 | 60.2 885 | 37.1 12.4 | 345

Point-to-Plane | Hausdorff | 90.1 55.1 29.8 30.1 87.0 67.1 69.0 21.1 87.7 45.9 26.9 28.9

D2-PSNR | 90.1 | 824 | 521 | 69.7 | 90.3 | 546 | 614 | 782 | 91.0 | 63.2 | 28.0 | 721

MSE 724 | 555 | 541 518 | 55.7 | 683 | 745 | 247 | 40.0 | 280 | 28.7 | 30.3

Plane-to-Plane RMS 724 | 554 | 526 | 51.8 | 55.7 | 683 | 745 | 246 | 400 | 279 | 27.1 | 305

MEAN 717 | 55,6 | 51.8 | 515 | 55.0 | 68.0 | 729 | 247 398 | 26.2 | 304 | 311

No. Points | 65.2 | 21.8 | 279 | 123 | 69.0 | 27.1 | 60.6 | 43.1 | 68.6 | 33.1 | 289 2.3
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Table 5.8: SROCC(%) betweerobjective geometry quality metriesddMOS scores for the
threeselected rendering approachkesbold, the besSROCCvalues and all the oth&ROCC
values thatlo not deviate more th&h02from the best SROCC value.

RPoint Session RColor Session RMeshSession
Type Metric
PCL |G-PCC|V-PCC| Al PCL |G-PCC|V-PCC| Al PCL |G-PCC|V-PCC| Al
D1 73.1 | 65.9 32.7 61.8 76.2 91.0 | 59.1 74.2 84.5 -15 25 43.3

Point-to-Point | Hausdorff | 84.4 | 36.3 | 37.7 252 | 79.6 | 60.8 | 555 -2.9 80.0 | 33.2 | 223 6.1

D1-PSNR | 73.7 | 864 | 60.1 | 635 | 808 | 656 | 71.7 | 717 | 873 | 39.6 | 23.1 | 50.7

D2 819 | 648 | 27.2 584 | 81.0 | 90.1 | -40.1 | 733 | 77.3 -5.2 7.7 41.1

Point-to-Plane | Hausdorff | 84.2 51.9 25.7 33.1 79.3 62.5 69.4 0.6 78.1 20.5 20.1 -0.6

D2-PSNR | 79.2 | 840 | 467 | 642 | 865 | 519 | 614 | 694 | 81.8 | 539 | 205 | 55.1

MSE 720 | 428 | 579 | 454 | 530 | 655 | 77.4 | 36.0 | 331 | 224 | 231 | 296

Planeto-Plane RMS 720 | 428 | 48.7 | 454 | 53.0 | 655 | 77.4 | 359 | 331 | 21.7 | 240 | 285

MEAN 69.6 | 453 | 434 | 450 | 493 | 658 | 76.4 | 363 | 294 | 19.8 | 31.1 | 29.9

No. Points | 55.8 | -11.4 | 17.9 182 | 599 | 38.2 | 552 | 553 | 634 | -284 8.8 13.1

5.6.1 Impact of Coding on the Rvint Cloud Quality Metric Correlation Performance

In the following impact of different characteristics of coding approaches (most importantly the
number of decoded points) on stafethe-art metrics, specifically Po2Po, Po2Pl and PI2PI metrics
are investigated.

1 PCL Coding: For PCL codeddata,although D2PSNR is the best performing metrtbe
Po2Po metrics have the bgsrformancewith high PLCC and SROCQGor all rendering
approachesas shown infable5.7 and Table5.8. As PCL controls the rate by reducing the
number of decoded points, large objective erearg perceived distortions are visible for all
renderingsThis was expected since, when the compression ratio increases (lower rates), more
and more points are discarded (due to octree pruning) and the remaining points are represented
farther away from té original surface?CL artefacts are strong enough to be visible even after
the RMeshsurface reconstruction.

1 G-PCC & V-PCC Coding: As shownin Table5.7 andTable5.8, the objectivajuality metrics
correlationperformance for & CC is slightly lower (4 to% PLCC and SROCC for the best
cas¢ compared to PCL and shows the highest performance for Po2Po metrics (dhky for
RPointandRColor sessions)The best performing metric for-8CC is DXPSNR forRPoint
and D2PSNR forRColorandRMeshMoreover, nonefadhe selected objectiwvguality metrics
performs well forV-PCC coded data. The selected metrics underestimate the similarity
betweerthe referencand deodedpoint clouds especially folRPointandRMeshrenderings
where the geomaetrerrors are less visible, e.gompared tdRColor. Since both th&-PCC
andV-PCCcodecs tend to add points with respect taéfierenceoint cloud(seeFigure5.9),
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the density of points is increased and, thus, the perceived quality is higher (higher MOS).
However, the objectiveuality metrics are not able to account for this effect and, thus,
underperform for @CC and WVPCC codecs.nl addition, since a wide range of values is
obtained for the ratio of decoded over original number of points, notably depending on the
codec (and also coding parameters), it is rather difficult to map errors to a perceptually
meaningful metric; this makeke task of designing reliable objectigeality metrics harder,
especially when different types of codecs, with different codirejeats, are jointly assessed
(6Al | 6 cTadlelbinand Table 5.8). The objectivequality metrics correlation
performancédor V-PCCis much lower compared to-BCC (cf.Table5.7 andTable5.8). The
projectionbasedV-PCC codec causes slight distortions on the geometry which are not very
visible even forthe lower bitrates. On the othénand, G-PCC artefacts are more visible

especially when the surface estimation (triangulation) prque$srms poorly

i1
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Figure 5.9: Average ratio of decoded over original number of points (1 meamsférenceand
decoded number of points are the same).
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Figure 5.10 showsthe histogranof the squag root of Po2Pdor all the points inFacadeand
Egyptian Maslpoint cloudscoded withG-PCCandV-PCCfor which the same overdll1-PSNR

(60 dB) was obtained. As shown, althoughfthal D1-PSNRis the same, the error distribution is
very different betwees-PCCandV-PCC V-PCCerrors are closer to zero which makes them
less perceptually visible whilé-PCCerrors have larger magnitudes and, thus, are more visible.
This implies thaiG-PCChas a dwer subjective similarity (MOS of 1.1) thanrPCC (MOS of

3.15) even when tH21-PSNRobjective metric computes the same score (in this case 60 dB). This
observation happens also for other objecatjueality metrics, such aB2-PSNR
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Figure 5.10: Po2Pcerrorhistograms for @CC and VPCCcodecs

In summary the objectivequality metricscorrelationperformance highly depends on the coding
distortions introduced, being satisfactory wipaint cloudsare coded with PCL and-BCC and
performing poorly for VPCC. Naturally, no objectivguality metric performs well for all codecs
together, a real problemhen comparing the RD performance of very different coding paradigms.

5.6.2 Impact of Rendering on the Rint Cloud Metrics Correlation Assessment

As previouslyconcluded, rendering can significantly influence the visibility of codingfats
(i.e. the perceied similarityimpairmentbetweerreferenceand decodegoint cloud$ and, thus,

it is important to analyze the objectiviality metrics correlation performance for different
rendering solutions. THRRLCCand SROCalueoverall datafor all sessions igather low (less
than 78.4%and 71.8% respectivelypecause the objectivguality metrics cannot measure with
accuracy all different types of distortions. However, as showle5.7 andTable5.8, the best
PLCCand SROCC valuesothoccur forRColorrendering, for which higher MOS values were
obtained. Thus, geometmyuality metrics measure the perceived similarity better when color
attributes are used.

The mainreason is because subjects were able to better perceive degradations for medium and
high quality ranges (which occur often wiRColor, cf.Section5.4.2 compared to low and
medium quality ranges (which occur more often viRtRoint and RMesh, c&ection5.4.2. For
RMeshrendering, PLCCvaluesare rather low comparing to the other rendering approaches,
especially forthe G-PCC and WPCC codecs. FORMesh,point clouddata is converted to a
polygonal mesh (surface reconstruction) for rendering and mestjectivequality metrics have

low correlation performance for this type of representation.

In summary objectivequality metrics account bettéor distortion aréfacts and are more reliable
when pointbased rendering (with and without col&PointandRColor) is used to process the
decodedoint cloudsbefore visualization.
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5.6.3 Point Cloud Objective Metrics Correlation Assessment

In this section, correlation performance of the different metrics, sorted by their type, is evaluated
for all stimuli in thesubjective tests of this chapter and also for decoded point clouds of each codec
individually:

Po2Po metrics:Po2Pometrics have a high PLCC performance for many cases but are especially
better than others for the PCL aneP&C codes (RColorandRPoin). This is because PCL and
G-PCC(to some extefiare octredbasedpoint cloudcodes and, thus, some distortions still come
from the positioning error related to the 3D partitioning of space into voxels, the target of this type
of quality metrics.The Po2Poand Po2PI Hausdorff metrics can also reach high Pk&Ges
especially for PCL data and tRPPointsession (90.07). However, Hausdorff is not a very reliable
quality metric when different types of coding distortions (all data anBG&/\V-PCC) are
considered together. The main reason is that only the maximum error is accounted atids thus,
type of metrids too sensible to outliers; this problem has been alreadywatosi our previous

work reported irChapter 3

Po2PI metrics: RegardingPo2PI| metrics, the performance is very similar to Po2Po metrics,
althoughslightly betterfor some cases since it considers the underlying surface from which the
3D point locations were sampled. Moreover, Ei22PSNRmetricas a Po2P| metriexcels, being

rather reliable and consistent for many cases, outperforming the correspbidmetric. The

main reason is that the peak used (computed from the geometry coordinate precision) to convert
MSE to PSNR values acts as an important normalizer.

PI2PI metrics: PI2PImetrics have, in general, worst PLCC performance when compared to Po2Po
and Po2PI metrics. This is mainly because it is rather difficult to obtain reliable nacbat for

the decodegboint cloud especially when some types of codingsfartts are premnt (e.g. holes)

or the decodegoint cloudis rather sparsgl09]. However, thesguality metrics seem to be the
best choice for the ¥Y>CC codec (folRColor and RMeshrenderings) where geometry errors
mainly come from codingriefacts in the2D geometrymaps and, thus, are more consistent among
different parts of th@oint cloud

As acuriosity, the number of decoded points could also be used as an obgpgéilitg metric, see

last line ofTable5.7 andTable5.8. As expected, this metric performs very poorly, especially for
V-PCCdata where the number of decoded points is typically larger than the number of original
points and critically depends onrse coding parameters, €.80for theV-PCCoccupancy maps.

5.6.4 Statistical Significance Analysis of ObjectivéMetrics Performance

Besideghe usual PLCC correlation evaluation, the difference in the performance of one objective
quality metric with respect tanother was assessed for statistically significance, using the
procedure suggested [d10]. For that purpose, thso-called prediction residuals were first
calculated by subtracting the subjective scores from the predidigetsue values, obtained by
applying a nonlinear logistic fitting to the objectiyeality scores. These prediction residuals were
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obtained for everpoint cloudobjectivequality metric. Then, the ontailed Ftest was applied to

the prediction residuals, to assess if the differend®_@C performance between any two given
point cloud objective quality metrics is statistically significant at some significance level. In
general, tk significance level should be set based on the sample size (cardinality) being evaluated
for an increased power of the test (igrobability of rejecting the null hypothesis when it is not
true) [111]; since the cardinalitgf the prediction residuals is 18 for a singl@nt cloudcodec

(PCL, GPCC and WPCC), a 0.2 significance level was uggtll]. The Ftest assumes that the
samples are normally distributed, and thus the kurtosis test wastasasify whether all
prediction residuals followed a Gaussian distribution, which was the case for all the objective
metrics, except the No. Pointhich is recognized as a very poor quality metric

In thiswork, the Ftest null hypothesis is that the prediction residuals for the two objeptaléy

metrics being compared are obtained from normal distributions with the same variance, which
means that the pair of objective metrics under evaluation ististtis similar. The alternative
hypothesis is that the prediction residuals for the two objegtiaéty metrics being compared are
obtained from normal distributions with different variances, which means that the pair of objective
metrics under evaluatn are statistically different. By computing the ratio between the variances

of the two prediction residuals, the test stati$tjayas obtained, which was then compared to the
F-test critical valueFcriicai; the Ftest critical value depends on thersfigance level and the
sample sizes. Whehnis largerthanFcitical, then the null hypothesis can be rejected, which means
that the objectiveuality metrics under evaluation are statistically different; otherwise, the null
hypothesis cannot be rejected, meaning that the objective metrics under evaluation are statistically
indistinguishable. Since the test statigtics always computed with the objeaiquality metric

with larger prediction residual variance in the numeratoe,objective quality metric in the
denominator corresponds to the metric with the best performance whenever the null hypothesis is
rejected.

The Ftest results are presentedliable5.9,

Table5.10andTable5.11 for each of the test sessiofer RPoint RColorandRMeshrendering,
respectively. Each table entry is the codeword that representdebedutcome foPCL, GPCC,
V-PCC and Al I codecs, respectivel y; a 0661066,
objective metric in a given row (in terms of the correlation of its predictions with MOS) is better,
similar, or worse than the performance of tbgeotive metric in a given column, respectivéize

results obtained confirm thadoPPo and Po2PI metrics have the best overall performance for many
coding scenarios (PCL,-B8CC and ford Adcodecs), especially the PSNR based metrics which
are consisteiyt better tharD1 andHausdorff based metrics. Between BieandD2 PSNR there

is no statistical difference, which means that both metrics achieve stonitalationperformance.
Moreover, PI2Pl metrics have the best performance f&?#CZ decoded datdof RColor
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rendering). In summary, the statistical significance results allow confirming that the conclusions
drawnin Section$.6.1to 5.6.3before regarding thauperiority of a quality metriare valid.

Table 5.9: Statistical significance test results for the selected point cloud geometry objective
guality metrics withRPointrendering. Each entry is the codeword representing the best outcome
for the PCL, GPCC,V\PCC and O.Al 1 6 codecs

Po2Po Po2PI PI2PI
D1 | Hausdorff | D1-PSNR | D2 | Hausdorff | D2-PSNR | MAD | MSAD | RMSAD
D1 1--1 00-0 1--- 00-0
Po2Po | Hausdorff | 0--0 00-0 0--- 000 0--0 0--0 0--0
D1-PSNR | 11-1 11-1 11-1 11-1 1111 | 111 111
D2 1--- 00-0 1--- 00-0
Po2PI | Hausdorff | O--- 00-0 0--- 00-0 0--- 0--- 0---
D2-PSNR | 11-1 11-1 11-1 11-1 11-1 | 111 11-1
MAD 1-1 00-0 1--- 00-0
PI2PI | MSAD | --- 1--1 00-0 1--- 00-0
RMSAD | --- 1-1 00-0 1--- 00-0

Table 5.10: Statistical significance test results tbe selectegoint cloud objective quality
metrics withRColorrendering. Each entry is the codeword repraesgiie best outcome fahe
PCL, GPCC, \+PCC andAll 6codecs.

Po2Po PO2PI PI2PI
D1 | Hausdorff | DI-PSNR | D2 | Hausdorff | D2-PSNR | MAD | MSAD | RMSAD
D1 111 01-0 1101 01-0 | 1101 | 1101 | 1101
Po2Po | Hausdorff | 00-0 0-10 | 000 0--0 -0- | -0 --0-
D1-PSNR | 10-1 1-01 1-1 1-01 1-01 | 1-01 1-01
D2 111 0--0 1-01 01-0 1-01 | 1-01 1-01
Po2PI | Hausdorff | 0010 |  ---- 0-10 | 0-10 0--0
D2-PSNR | 10-1 1-1 10-1 1-1 1-01 | 1-01 1-01
MAD | 0010|  --1- 0-10 | 0-10 0-10
PI2PI | MSAD |0010|  -1- 0-10 | 0-10 0-10
RMSAD | 0010  --1- 0-10 | 0-10 0-10
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Table 5.11: Statistical significance test results tbe selectegoint cloud objective quality
metrics withRMeshrendering. Each entry is the codeword represgithe best outcome fahe
PCL, GPCC, *PCCand®ll 6codecs.

Po2Po Po2PI PI2PI
D1 | Hausdorff | D1I-PSNR | D2 | Hausdorff | D2-PSNR | MAD | MSAD | RMSAD
D1 10-- 00-0 10-- 00-0 1--- 1--- 1---
Po2Po | Hausdorff | 01-- ---- 0--0 0--- ---- 0--0
D1-PSNR | 11-1 1--1 11-1 1--1 1-1 | 1-1 1--1
D2 1--- 00-0 00-0
Po2PI | Hausdorff | 01-- 0--0 0--0
D2-PSNR | 11-1 1--1 11-1 1--1 1-1 | 1-1 1--1
MAD 0--- 0--0 0--0
PI2PI | MSAD | 0-- 0--0 0--0
RMSAD | 0-- 0--0 0--0

In summary whenall codecs and all renderings are consideredPthandD2 PSNRobjective
quality metrics havethe highest correlation with subjective scores. These metrics correspond to
the ones previously selected by MPEG for the PCC Call for Proposals and currently tinged in
MPEG GmmonTestConditions[104]. To the best of the aubrs knowledge, this is the first time

that theselection of thee quality metrics has been validated with MOS obtainsthga welk
defined procedure. From the results presented in this work, there is still significant room for
improvement, especially the goal is to achieve the same levetofrelationperformance that
imageobjectivequality metrics (e.g.SSIM based) havachievedor 2D image and videcoding

5.7 Final Remarks

The main objectives of thishapterwere to study the impact of the rendering process on the
perceived quality of decodgubint cloudsand thecorrelationperformance of availabjeoint cloud
geometry objective metrics. To achieve these objectives, three represgmaiiveloudcoding
soluions and threpoint cloudrendering solutions weelectedas well as a wide set of objective
guality metrics. The subjective experiments suggest that geproetting distortions can be
masked by using the color attributes and (to a less extent) byesugeonstruction methods.
Moreover point cloudcodecs produce distinct codingefacts that have different impacts in terms

of the final perceived quality, e,dor PCL decoded data, geomettistortions are clearly visible

for all rendering methods. dgarding the objectivguality metrics correlationevaluation, the

results show that a careful selection of the objective metrics is necessary to have a reliable measure
of the decodegboint cloudsquality. Also, for some codecs and rendering solutiores ctirrent

metrics are not very reliable, e.fpr V-PCC coded data; this is rather critical sincePZC is
expected to become the first coding standard to be deployed in the market. Moreover, some of the
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objectivequality metrics have a rather limited gmo with significantly degraded accuracy, for
some specific rendering solutiof®r example, Hausdorff performance is only acceptable for PCL
codec.

The work in this chaptdrasled to ajournal publication, notably:
A. Javaheri, C. Brites F. Pereira, J. Ascenso,P o Cloud Rendering afteCoding: Impacts on
Subjective andDbjectiveQu a | iIBEK Tramsactions on MultimedjdNovember2020.
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6.1 Context and Objectives

As mentioned irChapter 4the PSNR computed from the classical Hausdorff distance shows a
high objectivesubjective correlation performance for octiesedooint cloudcodecq112] [25].
However MPEG no longer uses this metric fosint cloudgeometry quality assessment due to its
low reliability for the emerging MPE@oint cloudcoding standards, notably Geometigsed
Point Cloud Compression (BCC)[113] and Videebased Point Cloud Compression-PZC)

[103], which are based on other coding paradigms. In fact, the classical Hausdorff disteede
PSNRquality metricfor point cloud geometrys very sensitive to outlier points in the decoded
point cloud which may not even be visible (or rendered), adHaesdorffdistance corresponds

to thelargestof all distances from a point in opeint cloudto the closest point in the othgoint

cloud (referenceto decoded, and vieeersa). This extreme outlier sensitive behavior was the
motivation to perform a statit i ¢ a | anal ysi s of tptoingcloddsceded n c e s
with different codecs, to find a more reliable quality metric gomt cloudgeometry In this
contextthe objective of this work was to design and evalaatere reliabl@oint cloudgeometry
quality metric, notably in terms of correlatiggerformance which is based on the salled
Generalized Hausdorff (GH) distanEl4], an extension of the classical Hausdorff distance

The generalized Hausdorff distze measures the distance usingdfieanked distance instead of
the last ranked (i.emaximum) distance; this is equivalent to the last ranked (maximum) distance
in a K-values)limited portion of the sorted distances. While it has h@ewiously used for object
matching in noisy imagg415], the generalized Hausdorff distance has never been usgaoirior
cloud quality assessment. Since a small number of points with large errors/distancestl(iee.
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points) dispersed in a decodeaint cloudmay not be even very visible, the generalized Hausdorff
distance may be a better choice faint cloudgeometry quality assessment since outlier points
may be discarde@nd their limited quality impact avoided.

Therest of thischapteris organized as follows. Secti@?2 describes the proposeaint cloud
geometry quality metric. The experimental results are presented alydeshan Sectior06.3.
Finally, a summary othe conclusionsand final remarkarepresentedn Section6.4.

6.2 Proposed Poin Cloud Geometry Quality Metric

The classical Hausdorff distance is very sensitive to outliers, since one or more points with a large
error magnitude will dominate the final quality score even for cases where these points are not
much visible. The classit&#lausdorff distance defined in Secti@®6.3 can be generalized to
compute the distance over a subset of data/distances after ranking all the distance/error values.
Instead of taking the maximum distance over all the distances as in the classical Hausdorff
distance, the generalized Hausdorff distafarerank K is computed using only th lowest
distance values after ranking all the distances in ascending order. Thd$ rétmked generalized
Hausdorff distance is defined as:

Q o]40) 0 Qafd (6.1)

where 0 . is theK"ranked distance such thatj({ prtmn A and(O is the total
number of points irpoint cloudA. For example, the 480ranked distance in point cloudwith
600 points is the maximum distance obtained frompttre= (480/ 600) x 100 = 80% lowest
distance values, after sorting all the distances in ascending biaterthat in this context, the
‘Qdistance corresponds to the squared Euclidean distaomea point in ongooint cloudto the
nearest neighbaon the otherpoint cloud Pa2Po distance)which can be naturally extended to
account for the normal vector at each point (Po2PI distantie¢se distances are described i
Section2.6.3

In the experiments performed to design a better quality mésidirected generalized Hausdorff
distancegsee below which onesyere obtained by assigning different valuesper% in the
generalized Hausdorff distance as defined 6r)( where dioona and dioo are special cases
corresponding to:

Q oM iNE@dﬁj T 0, Qo (6.2)

Q o 1 Add 0« Q4D (6.3)

Note thatdioo corresponds to the classical Hausdorff distance mentioned before. Moreover, four
different pooling functions are considered to compute the undirected distanceo(isdering
both directionsi.e.,referencdo decoded and vieeersg beween twopoint clouds notably:
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NééaQom Mom I ElQom Rem (6.4)

néé&aqomiom i Ao Rom (6.5)
NV Qo QoM

néeaqQom Mo c (6.6)

0 Qéh 0 Q6

néeéa QoM KoM R (6.7)

By combining the 15 directed distances withséhfur proposed undirected distance pooling
functions, 60 undirected distanossre obtained, labelled in the following Bger,pooy Which will
be used to measure the distortion betweenpuiat clouds(referenceand decoded). After, the
corresponding PSNR quality metmas computed for all these undirected distances, using them
as a substitute @  equation (6.8yvhile usingthe same.

0 YO YpH I (;gn— (6.8)

- - or
0 Y0 Y P QOL (6.9)
R

wheren is the precision of point cloudhe full list of these 60 PSNR quality metrics computed
from the 60 undirected distanc€g,to Deo, is shown inTable6.1 whereNa is the number of points
in point cloudA. For examplePSNRs wavgis Obtained from the undirected distamzg,wavg Which
results from applying the weighted average pooling function to pool the directed distafoes
both directions associated per = 63%; note thatPSNRoo max cOrresponds to the classical
Hausdorff distancdased PSNR. In the following, all tleeBSNR quality metrics will be assessed
to identify the best performing ones.

6.3 Performance Evaluation

This section assesses ttarelationperformance of the proposgwint cloud geometrguality
metrics for different ranks and pooling functiorBhis assesment allows tdind the best
performing quality metric fopoint cloudswith artifacts generated by tMPEG standargboint
cloudcodes described in Sectioh.3.

6.3.1 Subjective Evaluation Dataset

In this Chapter the MOS scores antbrresponding point cloudsvailable in thdST Rendered
Point Cloud (IRPC)quality assessment dataggesented inChapter Sare usedsince they
correspond to very extensive and representative conditions.

Thereferenceand decodegoint cloudswere compared and evaluated by subjects using a DSIS
subjective asses@nt protocol. The adoptgubint clouddataset includes spoint cloudsrom the
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MPEG repository104], notablyEgyptian Maskand Frog from the inanimateobjectscategory
Facade@ndHouse without rodfrom facades anduildings; and_ootandLongdressrom people.
The key characteristics of theseint cloudsare listed inTable6.2.

Table 6.1;: GeneralizedHausdorff distancbasedPSNR metrics obtained from 60 undirected
distances, derived from 15 directed distar(@@sows) and 4 pooling function@n columng.

perd in (8) POOIin POOImax POOlavg POOkyavg
d: 100/Na PSNRoona,min | PSNRoonamax | PSNRoomna,avg | PSNRoonawavg
dso 50 PSNRo,min PSNRo,max PSNRy, avg PSNRo, wavg
deo 60 PSNRo,min PSNRo,max PSNRy, avg PSNRo, wavg
des 65 PSNRs, min PSNRs,max PSNRss, avg PSNR5, wavg
dvo 70 PSNRo,min PSNRo,max PSNRo, avg PSNRo, wavg
dvs 75 PSNRs,min PSNRs max PSNRs, avg PSNRs, wavg
dso 80 PSNRo,min PSNRyo,max PSNRo, avg PSNRo, wavg
dss 85 PSNRs5,min PSNRss,max PSNRs, avg PSNRss, wavg
doo 90 PSNRo,min PSNRo,max PSNRo,avg PSNRo, wavg
dos 95 PSNRs,min PSNRs,max PSNRs, avg PSNRs, wavg
dos 96 PSNR6,min PSNRy6,max PSNRe, avg PSNRs, wavg
dy7 97 PSNR7,min PSNRy7,max PSNRy7, avg PSNRy7, wavg
dos 98 PSNRg,min PSNRyg max PSNRs, avg PSNRs, wavg
dog 99 PSNRyg,min PSNRyg,max PSNRg, avg PSNR, wavg
di00 100 PSNRoomn | PSNRoomax | PSNRoo avg | PSNRoo, wavg

Table 6.2: Test materials and respective characteristics

Point Cloud Name | No. Points | Precision Category Signal Peak p)
Egyptian Mask 272,684 12-hit Inanimate Objects 4095
Frog 3,614,251 12-bit Inanimate Objects 4095
Facade9 1,596,085| 12-bit Facades & Buildings 4095
House without roof 4,848,745| 12-bit | Facades &uildings 4095
Loot 805,285 10-bit People 1023
Longdress 857,966 10-bit People 1023
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The selectedpoint cloudshave been coded with three rates/qualities using the follopadirgt

cloud codecs: i) octrebased codec from PCJ89]; i) MPEG GPCC,; and iii) MPEG WPCC

codec. The selected codecs represent three different coding paradigms, notably PCL for tree
structures, MPEG @CC for surface models (whémisoup is used) and MPEG ¥CC for
projectiorbased codingsee Sectio2.3 for details on these codec3he bitrates for each codec

were selected from the rates defimethe MPEG Common Test Conditions (CTC)4], to have

three distinguishable qualitidsr eachpoint cloud The coding parameters used for the PCL,
MPEG GPCC and VPCC codecs are the same a€hapter 5

The decodedpoint cloudshave been subjectively assessed using a DSIS subjective assessment
protocol in three sessions, each corresponding to a different rendering approach, Riebatily
(rendering using a point representation with uniform color and sha@Mgsh(rendering using

a mesh representation with uniform color and shading),R@dlor (rendering using a point
representation and original colors). Because thare no coleoing and interpolation processes
involved inRPointrendering, geometry coding artifacts are less masked in this rendering approach
(more details about this dataset are present€tapter %. Since the proposembint cloudquality
metrics déined in Section6.2 only evaluateoint cloudgeometry, only th&Pointsession MOS
[105]will be used in the following. There were 20 subjects participating in each assessment sessio
and no outliers were found for tR€ointsession, whose MGSused in the experiments presented
next.

6.3.2 Experimental Results

Asfor previous chapterghecorrelationperformance of a quality metric is measured by computing

the correlation of the metriscores with respect to humaxpressed MOSFor point cloud
geometry quality assessment, this implies that, even when all points are not exactly in the same
positions in the twgoint cloudsA andB under comparison, as long AsndB look perceptually

similar, a good metric should cread®m error close to zero dhe maximumscore. Thus, the
proposedquality metric should discard distances/errors that are not visible, gexceptually
relevant, to approximate this thresholding effect of the human \8ggt@m. Moreover, to obtain
reliable objective quality assessment metrics, the adopted distances need to discriminate well
between different perceptual quality levels foint cloudgeometry.

Several experiments with decodedint cloudsusing the threg@reviously selectegoint cloud
codecs have showDiooni and Dsp; ( where- means any poolingare 0 most of the time,
especially for high qualities. MoreoveDgeo,min Des,min and D7o,min are also often 0 for NAPCC
coding, clearly indicating that they do not have enough discriminatory power to evalB&€ Vv
decodedpoint clouds Thus Dioonj to Dso; are not further used in the following performance
assessment exercise, which targetmidying the best performing (PSNR) quality metric and the
corresponding generalized Hausdorff distance rank.

To evaluate the objectiv&ubjective correlation performance for the propogedht cloud
geometry quality metrics and associated distances]imear cubic regression has been used to
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map the computed objective quality scores (PSNR) into the Mi@savailable from the DSIS
subjective tesfL05]. In this case, the following cubic function was used:

DOY & oW (6.8)

wherew are the objective metric scores aidd & aretheregression model parametgas].
PLCC, SROCCand RMSE, were again selected as the correlation performance metrics as for
previous chapterd¢o assess the objectigabjective correlatioperformance

Figure6.1 shows the overall PLCC performance for Be2PoandPo2PIPSNR computed for the
generalized Hausdorff distance using different ranks and pooling functions in comparison with the
MPEG DEPSNRandMPEG D2PSNR metrics by considering the MOS scores from all selected
codecs together. The results show that alpeve- 90% (dao), the generalized Hausdodistance
basedPSNRmetricPLCC starts to outperform thiPEG DEPSNRandD2-PSNR PLCC when

the three selectgobint cloudcodecs are considered together. There is also a significant drop in
PLCC from the generalized Hausdebtised PSNR to the classical Hausdbeted PSNR
(extreme right side of the charts), thus highlighting that a small number of dispersed large
distanceferrors (outliers) are not visibnce they did not impact the MOS values in the same
way; in fact, the PLCC charts show that their consideration on the objecialigy metrics largely
penalizes the objectiveubjective correlation. The best PLCC pernitng Po2Po metric is
PSNRs,avg corresponding tBgs avg Which considers 98% of the data/distancesPfuzPImetrics,

the best performing metric BSNRo,min, corresponding t®gg min Where 99% of data/distances are
used. Although the experimentabudts do not show a significant PLCC difference between the
various pooling functions, fdPo2Podistances, th@ookin function is clearly the best for lower
per% while the pookyg function is the best for hign per%. For Po2Pldistances, the opposite
behavior can be observed.

The PLCC results irFigure6.1 for per = 100% (l100) clearly indicate the presence of outliers in

t he di st anc e s ostrahglyspenalizeibha ¢coiretationFigwdti2 shbws the ranked
distance for different percentage of data/distanpesr equation (6.1) individually for the PCL,
G-PCC and WPCC codecs. The top row igure 6.2 shows the distances fromferenceto
decodedpoint cloudswhile the bottom row shows the distances from decodeefécencepoint
clouds For GPCC and WPCC, there is a large and sudden increase of the maximum distance,
close toper=100% while, for PCL, the distances increase much slower. This behavior highlights
that for G-PCC and VPCC the decodegoint cloudshave a very small portion of distances/errors
much larger than the average distance/error. This behavior also explains why the classical
Hausdorff distancéased metricperforms well for PCL112] [25] but not for GPCC and V

PCC, thus justifying MPEG not adapg this quality metric anymore.
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Figure 6.1: PLCC performance for (&do2Poand (b)Po2Plgeneralized Hausdorfistance
based”SNR for different poolings as a function of the directed rank distance in comparison with
theMPEG D1PSNRand D2 PSNR quality metrics.
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Figure 6.2: Maximum of directd squared distances framferencdo decodedtop) and
decoded taeferencgbottom) for each selected percentage of datdtiethreegeometry
codecs: (a) PCL; (b) ®CC; (c) V\PCC.

To assess the proposed quality metdeselationimprovements regarding the MPEG metrics for
each of the selectgabint cloudcodecsFigure6.3 shows the PLCC betwedine MOS valuesand
the Po2Pgeneralized Hausdorfiased® SNRmetricwith max pooling, before applying the fitting
function inequation (6.8)

For PCL, the generalizeldausdorffdistancebasedPSNR metriccorrelationperformance with
different percentageof data is similar to MPEG DPSNR, which considers all distances/errors.
This means that the errors introduced by PCL coding do not include a significant number of
outiers. However, for the other two codecs, by not considering some of the distanges (i.e.
outliers), large correlation performance improvements can be achieved, notallytdalos.
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Figure 6.3: PLCC performance fdPo2Pogeneralized Hausdorff PSNR using maximum
function pooling and D1 PSNR for the three selegi@dt cloudcodecs.

Figure 6.4 showsthe distrbution of the coding error®r the Egyptian Maskpoint cloudcoded

with PCL, GPCC and WVPCC. As it can be seen froigure6.4 considering that warmer colors
show lager magnitude of error in the range of error vectors associated to decoded point clouds of
each codecthe GPCC and VPCC decodegboint cloudshave a very small number of errors
whose magnitude is much larger than the average error magnitude (beingvesible at naked

eye) and those errors are dispersed over the degmietcloud Regarding the PCL decoded
point cloud most of the error magnitudes are around the average error magnitude, which, once
more, indicates that the number of outliers (laage errors) introduced by PCL coding is small.
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Figure 6.4: Distribution of coding errors throughout the decolggyptian Maslpoint cloudfor
PCL, GPCCand \V\PCC codecs. The tables show the number@ir occurrences within a
certain range, to which a specific color is assigned.
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Table 6.3: PLCC, SROCC and RMSE performance for the best generalized Haulidtaffce
based PSNR quality metric for each point cloud codec individually and All codecs together.

Po2Pometrics Po2PImetrics

Quality metrigPLCC|ISROC({ RMSE |Quality metrigPLCC|SROC({ RMSE
Best GH PSNRoomax | 89.5| 79.9 0.5 PSNRs,max | 90.5| 86.7 0.5
PCL MPEG | DI1-PSNR | 87.0| 73.8 0.6 D2-PSNR | 90.2| 85.8 0.6

Gain - 25| 6.1 0.1 - 03| 0.9 0.1
Best GH PSNRgmax | 91.3| 93.5 0.4 PSNR7min | 89.4| 91.7 0.4
G-PCC |MPEG| D1-PSNR |86.9| 87.4 0.5 D2-PSNR | 89.1| 93.0 0.5

Gain - 44 | 6.1 0.1 - 03| -1.3 0.1
Best GH PSNRgmin | 69.5| 67.6 0.5 PSNRgmin | 76.6| 79.9 0.4
V-PCC |MPEG| D1-PSNR |53.1| 62.0 0.6 D2-PSNR | 51.4| 49.6 0.6

Gain - 16.4| 5.6 0.1 - 25.2| 30.3 0.2
Best GH PSNRgayg | 79.1| 77.9 0.6 PSNRomin | 80.1| 77.7 0.6
All Codecs | MPEG | D1-PSNR | 67.3| 64.7 0.7 D2-PSNR | 68.9| 65.1 0.7
Gain - 11.8| 13.2 0.1 - 11.2| 12.6 0.1

Finally, the PLCC and SROCC performances for the best performing generalized Hausdorff (GH)
based PSNR quality metrics, considering each codec individually and altogether, are shown in
Table6.3. These results allow concluding:

1 PCL T For PCL, thePo2Pogeneralized Hausdorfiased PSNR with rank 100% (classical
Hausdorff) outperform®PEG DEPSNRby 2.5%, 6.1% and 0.1 for PLCC, SROCf@da
RMSE, respectively; a similar behavior happens foPt2PIlgeneralized Hausdorff with rank
85% (PSNRsmay with gains of 0.3%, 0.9% and 0.1 for PLCC, SROCC and RMSE,
respectively, oveMPEG D2PSNR

1 G-PCCi For GPCC, the best performing quality nietis thePo2Pogeneralized Hausdokff
basedwith rank 98% PSNRnetric(PSNRgmay) With gains of 4.4%, 6.1% and 0.1 for PLCC,
SROCC and RMSE, respectively, over MPEG-P8NR For Po2P] the generalized
Hausdorffbased PSNR slightly outperforms MPEG-B3NRexcept for SROCC, where a
small loss occurs.

1 V-PCC i For V-PCC, there are major correlation gains compared to the MPEG quality
metrics. The best quality metric forRCC is thd?02PIgeneralized Hausdortiasedvith rank
96% based PSNRuetric(PSNRs, min with gains of 25.2%, 30.3% and 0.2 for PLCC, SROCC
and RMSE, respectively, over MPEG {PENR Large gains also occur for thHeo2Po
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generalized Hausdorffasedvith rank 90% PSNRnetric(PSNRs mip over MPEG DIPSNR
This allows to conclude thatehfiltering of outliers is more important for thpgint cloud
codec, especially since a large number of points is addadg the point clouddecoding
process

1 All codecsi As already shown irfrigure 6.1, the generalized Hausdotfised PSNR with
ranks from 90% to 99% outperform the MPEG quality metrics when decoded data from all
codecs are considered together. More preci3elle6.3 shows that, considering all codecs,
the bestPo2Pometric is the generalized Hausdebfisedwith rank 98% PSNRmetric
(PSNRs,avg With gains of 11.8%, 13.2% and 0.1 ItCC, SROCC and RMSE, respectively,
over MPEG D1PSNR the bestPo2PImetric is the generalized Hausdebtisedwith rank
99% PSNRmetric (PSNRo,min With gains of 11.2%, 12.6% and 0.1 for PLCC, SROCC and
RMSE, respectively, over MPEG DZSNR

As shown n Table6.3, the generalized Hausdorff distadzesed PSNR outperforms the MPEG
D1 PSNRand D2 PSNR metrics, if the right rank (iper%) is used. In general, fdP02R
distances, except for data coded with PCL, generalized Hausdorff with 98% oddpteas the
bestcorrelationperformance. FoPo2PImetrics, the best generalized Hausdbdsed metric
varies for each codec. Although not shownTable 6.3, the PSNR associated with classical
Hausdorff distanceRSNRoo,ma) Shows poor correlation with MO&lues except for PCL.

Table 6.4: Correlationperformancdor the best overall generalized Hausdorff distalpased
PSNR quality metric.

Po2Pometrics Po2PImetrics
M e PSNResmef Gain PSNRsm{ Gain | =5 D% PSNRys g Gain
PCL 87.0 87.1 0.1 89.0 2.0 90.2 89.0 -1.2
G-PCC 86.9 90.3 3.4 86.5 -0.4 89.1 89.2 0.1
V-PCC 53.1 53.5 0.4 69.5 16.4 51.4 76.6 25.2
All codecs 67.3 76.3 9.0 77.6 10.3 68.9 75.8 6.9
Average 73.5 76.8 3.2 80.7 7.1 74.9 82.7 7.8

Since it is not the best solution to use different quality metrics for diff@@nt cloudcodecs,

unless variations of a specific codec are being compared, the correlation performance results have
been analyzed to identify the generalized Hausdorfadcst PSNFPbasedjuality metric which is

globally reliable. Although not the optimum for a@lbint cloudcodecs, thd?02Pogeneralized
HausdorffPSNRs maxshows better correlation compared to the MPEGASNR metric as shown

in Table6.4 for all codecs individually and also altogether. However, there are other generalized
Hausdorffbased PSNRs that, while not always outperforming the MPEG s)estiow very large
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correlation gins for the codec typically exhibiting lower objectisigbjective correlations when
using the MPEG metrics, this means?CC; however, a small correlation loss may be observed
for one of the remaining codecs. As showable6.4, this is the case fd?02PIPSNRs minand
Po2PdPSNRs min Which show rather large correlation gains (up to 25.2% and 16.4%, respectively)
for V-PCC, the codec where correlation improvemeanésmost needed. In summary, BPe2PI
PSNRe,min is a good metric to outperform the MPEG metrics for the emergoigt cloud
geometrycoding solutions.

6.4 Final Remarks

This chapter shows that theproposedgeneralized Hausdorfased PSNR quality metric
outperforms theMPEG DEXPSNRand D2-PSNR point cloudgeometry quality metrics for all
considered codecs individually, and addtmgether, if the appropriate rank (96%%) is selected.

In this case, better objectiseibjective correlation than the MPEG quality metrics is achieved for
Po2PIPSNRe min thus indicating that these metrics may be used with advantage forgotaote
cloudgeometry quality assessment.

The work in this chapter led tocanferencepublication notably:

1 A.JavaheriC. Brites, F. Pereira, J. Ascequdaitp, 0A
metric for poi lEEE Intdrationdl Cgnéeeme dnrQuality of Multimedia
Experienc§ QOMEX), Athlone, Ireland, May 2020.
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Chapter 7

Resol-adaphbMBas®Qdal | ty
Met fioec Point Cloud Ge

7.1 Context and Objectives

In Chapter 4 the subjectiveobjective correlationstudy shows thaMPEG DXPSNR and D2

PSNR qualitymetrics do not perform well to assdbg quality of decodegoint clouds, when

point clouds with diffeent precision are available and also when they are encoded with different
(non-normative) codecs, such as P@b Chapter 5the correlation performance of thesealify

metrics was evaluated in assessing the quality of decoded point clouds for the new point cloud
coding standards, i.e., MPEGRCC and MPEG WCC. The experimental results show that they

are also not performing well for these emerging standard coelguscially for VPCC.

D1-PNSR and DZPSNR have shown low correlation performance in the literature, notably after
the advent of the new point cloud geometry codecs, which tend to produce a very different number
of decoded points in comparison to the number of reference poirdaspecific point cloudue

to the waypoint cloudsare acquired and pqgrocessed (before coding), thmtrinsic resolution

a measure ofhe distance between points in the 3D space, plays an important role on the final
perceived quality, not only tmitigate or highlight coding astacts but also to measure treav

point cloudquality (i.e, after acquisition)The intrinsic characteristics of a point cloud that are
going to be used in this chapter are as follows:

1 Precision regardsthe bitdepth ofthe geometry information in a voxelized point cloud;
coordinates in a voxelized point cloud are limited betwgand2recision.1

1 Intrinsic resolution: measure of distance between points in a point cloud in 3D space; intrinsic
resolution depends @recision.
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1 Density. number of points for some defined volume; it is a function of precision and intrinsic
resolution.

These intrinsic characteristics have an impact on the perceived quality of point cloud after
rendering.The distance between points isledaafter rendering to a target 2D size and resolution,

and how they look depends on these intrinsic resolutkigsre 7.1 showsEgyptianMaskwith

12 and 2ébit precision, alongside withrrog with 12-bit precision. The bounding box of these

point clouds are all scaled to the same image size. The maximum coordinateitqed6t clouds

is 22012) = 265 times larger than for 48t point clouds; while 1bit and 12bit Egyptian Mask

look exactly similar because they have the same number of points, Frog seems denser because i
has almost four times more points.

e -

Figure 7.1: 12-bit Egyptian Mask20-bit Egyptian Maskand 12bit Frog, their bounding boxes
are scaled to the same size and rendered with the same 2D image size (from left to right).

On the other hand, distances in 3D are different from distances after projection on a plane
(regardless of the nelering parameters and image size). Planar distance of a point in a voxelized
point cloud to all its neighbors is equal but their 3D distance might be different based on the value
of depth in a specific view. In this context, distance between point eftdering on a 2D display

is a more precise measure for the intrinsic resolution of the 2D rendered point cloud. In this context,
rendering resolution is defined as:

1 Renderingresolution: measure of planar distance between points in a point.cloud
In this context,the mainobjectivesof this chapterare:

1 Propose and evaluate geometry PSNBased quality metrics that exploit the intrinsic
characteristicsof a point cloud. In this casethe intrinsic resolution and precision are
considered the most importamttrinsic characteristigsinfluendng the final point cloud
quality. For this purpose, the inhomogeneous distribution of points on the surface of the point
cloud is considered to estimate the intrinsic resolution of a point cloud.

1 Propose andevaluate a PSNRbased metric exploiting the intrinsic or rendering
resolution of a point cloud In this casethe intrinsic resolutiois consideredefore andafter
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projection, leading to the smalled rendering resolutiofhis allows to significantly icrease
the quality metric performance, i.€ obtain higher correlation witsubjectivescores.

The objectivequality metrics ® beproposed and evaluat@d this chaptekeep the simplicity of
the stateof-the-artPo2PcandPo2PImetrics and are based the popular PSNR metrics currently
used in the MPEG to evaluate the performance of the MPIEE&G and YPCC codecs and new
codingtechniques.

The rest of thichaptens organized as follows. Secti@n2 describesand discussethe stateof-
the-art on PSNRbasedpoint cloudgeometry quality metrics. Sectiors3 presens the proposed
guality metrics. Experimental results are presentedaralysedn Section7.4 and Sectiorv.5
concludes thehapter

7.2 PSNR-based Geometry Quality Metrics

The gateof-the-art PSNRbased point cloud geometry qualithetricsare presented iG@hapter 2
(Section2.6.3 as currently defined and used by the MPEG gl[@0d]; theyassess the geometry
quality for compresseploint clouds independently of the codec used, target quahtyrendering
solution.The MPEG PSNPbased quaty metrics are the basis for thew point cloudgeometry
guality metricso be proposed in this chapter

In the MPEG PSNmased geometry quality metrics, the PSNR is obtained from a normalization

factor and the mean squared error (MSE), as defineduation(7.1), which is computeth two

directions:from thedecoded tdhe referenc@oint cloudas well asn the opposite direction. The

PSNRsfor the two directions are then combined to obtain a single symmetric PSNRusgaige

the maximumas thepooling function, as defined equation(7.2).
n

Q;

03.2 A®3.203.2 (7.2)

03.2 puicC (7.1)

In equation(7.1), | is the signal peak an@@ ; is themeansquared error (i.eMSE) of the
distance, e.g., Euclidean distanbetween all points ipoint cloudA and their corresponding
nearest neighbor point point cloudB. Point cloud A andB can be associated teferenceand
decoded point clouds, respectiveRor more information on how MSE and M$ESNR are
computed, please s&hapter 2

As explained irChapter 2MPEG defines two PSNRasedmetrics, the s@alledD1-PSNR and
D2-PSNR, that only diffeon the type of distances used to compgheeMSE .ForD1-PSNR, MSE

is computeddr the Po2Podistance between each pointgaint cloudA and its nearest neighbor
in point cloudB. For D2PSNR, MSE is stilcomputed fothe distance between each point to its
nearest neighbpbut this distance is noweasured athe projection of th&>o2Poerror vector
along the normal vector of the underlying surfacesatypoint, whichis known as?o2Pldistance.
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Thus,D1-PSNRand D2PSNR maybe obtained usinfo2Po and Po2PlI MSE (D1 and D2), in
equation (7.1)As far as the signal pea&k in equation(7.1) is concernedt typically corresponds
to the largest diagonal (LD) distanéer the point cloudbounding box for no-voxelized data
[116]:

00 £ ABY A Ao @ el ety e14 (7.3)
where @ w and & are the three geometiyosition coordinates. When LD of thpoint cloud
bounding box is used as peak in the PSNR computation, the point coordinates are normalized to
the range [0,1], wét is equivalento having bothreferenceand decodegoint cloudsfitted to a
unit size bounding box. Howevesincetwo point cloudsmay hawe different sizesthey can be

scaled differently; this scenario may occur when the decpdied cloudhas errors with a large
magnitude which may lead to a bounding box of different size.

If point cloudshave been voxelized, the (point) coordinatesiiea regular 3D (integer) grid with
some fixed predefined precisign.e., thecoordinates bitlepthor point cloud precisianThus,
point coordinates are bounded between zero and a constant integer relategdimttioboud
precision. For voxelizegoint clouds the peak for each coordinate represented wibit-depth
precision is:

n ¢ p (7.4)
By applying the peafor each coordinate iaquation(7.3), the signal peak value corresponds to:
i Vion (7.5)

By usingequation(7.5) in equation(7.1), point cloudsare scaled to the same precision and the
PSNRfor the distance in questios computed as follows:
on
Q;

0YOR pm i C (7.6)

Note that increasing thgoint cloudprecision makes distances between points largdre new

scale for example, goint cloudwith 11-bit precision has tige larger distancebetween points
compared to the sanpmint cloudwith 10-bit precision. The normalization of errors proposed in
equation(7.6) makes the comparison of data in different precisions possible by compensating for
thatdifference However, none of theSNRbased qualitynetricsthat are currently usedgccount

for differences in:

1. The point cloudintrinsic resolution, sine the perggtion of details depends on the sampling
frequency

2. Viewing conditions, namely the important rendering process that influences thedingal
cloudquality and can mitigate or highlight some coding distort{adg].

In practice, independently of the coding artifacts, the subjective evaluation of gginecloud
varies when these factors vary
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7.3 Proposed Point Cloud Geometry QualityMetrics

In this section, the proposed point cloud quality metrics for geometry are presented and explained.
First, in Sectior/.3.1, the intrinsic resolution of a point eld is used to improve the objective
subjective correlation of the conventional, MPEG PadRed metrics, leading to thé°SNR
metrics. Then, in Section.3.2 the ntrinsic resolution of a point cloud after renderingcatied
rendering resolution, is considered and used in the design of the resolution adapB®&NRA
metric.

7.3.1 Intrinsic Resolution PSNR-based Quality Metrics

In this section, besides the usual etmaccount for coding distortions, tpeint cloudintrinsic
characteristics are also exploited to design impr@geat cloudgeometry quality metrics.

In [118], the intrinsic resolution is used to normalize the gegneetors in the PSNRamputation,
asdescribed in the previous section. The intrinsic resolution is difficult to measure since a point
cloud is unstructured and the neighborhood of a point is more complex to defirferthgmxel

in a 2D image. However, thaoint cloudintrinsic resolution concept is analogous to the spatial
resolution of a 2D image and can be estimated from the distance of points to their n¢idit#jors

This distance may not be uniform throughout the emo@t cloudand requires the design of
suitable estimators. Simple methods to estimatepthiet cloudintrinsic resolutionhave been
already proposed in the past. For examfdl&8] suggests using the maximum nearest neighbor
(O 0 0 distance over alboints in thepoint cloud If ‘Q is the distancérom point ‘Qo its nearest
neighbor inthe same point clou@, then the intrinsic resolution can be estimated accotding

00O lI NAQ (7.7)

However,0 0 Uis very sensitive to holes and ldgasparse areas, even if they are very small
comparing to th@oint cloudsize.

In this context, the following twantrinsic resolutionestimators are proposed in tluisapterto
overcome this problem. First, the average nearest neighhbonjis proposed, whichttempts to
solve the problem of localized sparse areas:

6060 = 0 (7.8)

N

wherel is the number of points in threferencepoint cloudO.

SecondANNcan be generalized if the averag&df p nearest neighbor$ (00 ) is used instead
of only the closest nearest neighbor usedguoation(7.2), which may not be very reliable due to
acquisition noised 00 is defined as:
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L o (7.9)
U

In this context, the soalled Intrinsic resolution PSNBased (PSNR)metric can be defined by
using the intrinsic resolutioastimators proposed aboweequationg7.8) - (7.9) as normalizey

to convert the mean squdrerrors to PSNR values. This means that the pealimetery) , in
equation(7.1) will correspond to one of the intrinsic resolution estimators computed beer t
referencepoint cloudusing equation§’.7) - (7.9), instead of the largest diagonal distance of the
bounding boxT.3) or the precision established in & PSNRandD2-PSNRmetrics 7.5). Thus,
I-PSNR is defined as:

LB, BB 0

03.200 paic
Q4

(7.10)

In this way, point cloudswith different distances between points (isparseror dense) will be
normalized accordingly, i.eall MSE errors Wl be scaled according to the estimated intrinsic
resolution. Havever, all these metrics still do not consider the rendering processetts to be
applied aftepoint clouddecoding for visualization purposes

7.3.2 Resolution-adaptive PSNRbased Quality Metrics

Nowadays, pint clouds arestill typically rendered as imageor videos from one or more
viewpointsto beshown on a 2D (or 3D) display, this means considering that some virtual observer
is at some location in the 3D world with some virtual camera setup that determines which parts of
the point cloud are shown toetluser.

In this process, the distances betw#snpoints in apoint cloudare scaled with respect to this
viewing box and display resolution. The viewing box is defined by the virtual camera position,
orientationand characteristics (e,field of view) and the 3D to 2D projection (often a perspective
projection is used). Sing®int cloudsare always evaluated by the users after rendering, the final
perceived quality does not only depend ongbt clouderrors introduced by some processing
step (in this case, coding) but alspthe rendering process. In this section, a ngeéht cloud
geometry quality metric is proposed based on the idea of estimating the intrinsic resolution after
rendering, i.e.considering the distance of each point to its nearest neighbors on the image plane
observable by the user. This is hereafter referred teradering resolutiorand a procedure to
estimate it igproposed in thaextsection

7.3.2.1 Rendering ResolutiorEstimation

The rendering resolution may veoy different parts of theoint clouddue to several factors, e.9.
orientation of thepoint cloudsurfaces in the 3D world relative to the observer viewing location.
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Since the viewing location and other rendgmparameters, e, glistancefrom the point cloudto
the image plane, are not known when some gegnaetality metric is computed, it is assumed
that thepoint cloudis viewed from all possible direction$ a fixed distance. This is a usual
scenario irmany applications (e.gcultural heritage)however further optimizations are possible
such as using multiple distances (or scales) as other 2D quality metrics sucts&N [120].

Consider that a unit normal vectér is available for everypoint @ in the point cloudNormal
vectors, which are already usedRo2PIpoint cloudquality metrics, can be quickly estimated
using some statef-the-art method. The rendering resolution estimation process is illustrated in
Figure7.2 and proceeds as follows:

1. Define a local neighborhogdaround pointd, includng the closest (nearest neighboi®)
points (represented by the six red dotEigure7.2).

2. Define a local plangangent at poindy. This plane is perpendicular to the normal veg&ior
and represnts thepoint cloudsurface at this point. This plane can also be seen as the image
planefor the rendering process if the viewing direction (usually defined as a vector) is
symmetric to® and the observer location lies along the viewing direction.

3. Project all pointsn the! neighborhood, represented &y, vectors inFigure7.2, to the local

plane tangent at poimd according toequation(7.11); in this eqiation '®;, stands for the

distance vector between poiitand itsj"" nearest neighbor. This step results in a vector for
each projected point (represented by the red dashed arrdwguire 7.2), calledplanar

distance vectob @, whose origin ig0.
0O 01 £0® ® 0i §®; (7.12)

4. Estimate the rendering resolution as the average (planar) distance betweenaudrtheir
"Qlocal neighbors on the tangent plane. This is performed for all pbitdsobtain a global
estimation for the entire point cloyid this case, averagirmyer all points resulted in a better
estimation. Thus, the rendering resolution corresponds to the average over the entire
referencepoint cloudof the average (planar) distan@&PD) between pointd and theQ
nearest neighbors jn & 0 ‘Qasfollows:

600 % 0 (7.12)
Sinced 0 ‘Gncludes the distance between points considering that some projection was performed
in the rendering process, it is expected that it better reflects the intrinsic pengeiaedloud

quality when used in a geometry quality metric. The proposed resokutiaptive PSNRRA-
PSNR)metric exploits this factaandis describedn thenextsection.
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Figure 7.2: lllustration of the proposed rendering resolution estimation process.

7.3.2.2 RA-PSNRPoint CloudQuality Metric Design

The proposed RAPSNRpoint cloud geometrpbjectivequality metric aims toassess the point
cloud geometry quality more relialdby exploiting the rendering resolution as well as the precision
used for thepoint cloud geometry coordinates. Ideally, the objectigeality metric should
compensate for any difference betwgmint cloudsin termsof these factors (e.gprecision)
notably to avoid any unduefluence on thestimatedinal perceived quality. For exampiéthe

point cloudprecision increases one bit without adding any new points, all the distances between
points, used to calculate the intrinsic resolution, are naeetarger but theoint cloudtypically

has a very similar perceived qualifjo compens& for those factors, a density coefficiéhis
defined as:

0O In_ (7.13)
wherer) is the coordinate pedkelated to the precisidrealculated witrequation(7.4), i.e, the
maximum possible distance, and is thepoint cloudresolution,which may be théntrinsic or
rendering resolution. Thproposeddensity coefficient corresponds tonormalization of the
intrinsic or rendering resolution (which is typically defined as the inverse of density) according to
the point cloudprecision.

Using the statef-the-art D1-PSNR and2-PSNRmetrics[104] defined byequation(7.6), all the
errors (which represent a distance between points iretBeenceand degradegoint cloud$ are
normalized according tihe precsion. Therefore, the intrinsic or rendering resolution ofpihiat
clouds proposedbeforein Section7.3.1and 7.3.2.1 which are also distances between points
should also be normalized accordingly.
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The proposed resolution adaptigaality metric,RA-PSNR is defined inequation(7.14) and
corresponds to uginthe density coefficier® to further scale the MSE, taking into account the
intrinsic point cloudcharacteristics and the rendering process imkijectivequality assessment

2ID3. 2 prié g (7.14)
0Q -

By applyingequation(7.13 in equation(7.14), RA-PSNR omesas:

..ol N
RAPSNR p1tl c_;,Q (7.15)
A
The parameteii  can be the intrinsic resolution obtained frequations(7.7) to (7.9) or the
rendering resolution obtained froequation(7.12), which arecomputed @r the referencepoint
cloud

7.4 Performance Evaluation

This section evaluates the performance of the proppséu cloudquality metrics using point
clouds coded with different codecs, notably the MPEG standard codecs

7.4.1 Subjective Evaluation Dataset

In these experiments, the MOS obtained in a previous subjectivevitasDSIS methodology
described inChapter 5are used. The MOS as well as tleéerenceand decodegboint clouds,
referred adST Rendering Point Cloud Datasere publicly available if105]. The usedgoint
clouddataset includes spoint cloudsrom the MPEG repositorjd 04], which have been coded
with three rates/qualities using three rather diffeqgmint cloud codecs: i)PCL octreebased
codec; ii) MPEG GPCC standard; and iii) MPEG-FCC standard.

The quality scores were obtainath testsession where the decodeoint cloudswere rendered

with a popular poirbased rendering approach with uniform color and shg@Rgnt). Because

there are no coloring and interpolation processes involved in this rendering, geometry coding
artefacts are less masked.

To evaluate the objectivaubjective correlation performander the proposedpoint cloud
geometry quality metricg nonlinear regression has been used to map the computed objective
guality scores (PSNR) into the MOS scale. Thus, basé&®kkoommendatiofiTU-T P.1401[33],

a monotonic cubic function was used tdliigobjectivescoredo MOS and obtain predicted MOS
values as

MOS, T T @1 & T o (7.16)

wherewarethe objective metricscoresandl B i theregression model parameters. Then, the
PLCC and SROCC are used to assess the objextilyjective correlatiorsimilarly to the previous
chapter The followingpoint cloudquality metrics wereonsidered
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1. MPEG PSNR-based metrics: These benchmark metrics represent the stathe-art and
were described in Sectiéh2 Two variants are definedptablyusingthe precision 0) and
the largesdiagonal { ‘QPdistance of the bounding box as the signal peak.

2. Proposed FPSNR metrics: PSNRbased metrics wheré, 0 Gand6 00 , the two proposed
intrinsic resolution estimatordescribed in Section 3.1, are usedalongside witlb 0 Owhich
was used before in the literaturBhe intrinsic resolution is used as the signal deakhe
MPEG PSNRbasednetrics described in Section.2.

3. Proposed RAPSNR metrics: PSNRbased metrics where the proposed intrinsic and
rendering resolution estimatodst ()6 (W0 andd dO (variants) described in Sectidh3.1
and7.3.2.1are used. The RRSNR metric corresponds &guation(7.15 as presented in
Section7.3.2.2

Forthe experimental results sholwere the Qparametefor & ) andd 0O was set to 10this
was experimentally found as the valteachingthe largest R.CC with MOS. For allquality
metrics, the performance all proposediormalization factord.e., 0 @ 0 hd O & 0 and
o 00, is shown forthe Po2PcandPo2Pldistances

7.4.2 Experimental Results

Table 1 showsthe objectivequality metrics performance for eaghoint cloud codec and
considering alc o d elatasB&sed on the correlation performance results presented in this table,
the following conclusions can be made:

1 Proposedpoint cloud quality metrics vs benchmarks:The benchmark PSNBasednetrics
are outperformedtdy the proposed RASNRandIl-PSNRmetricsfor all codecs individually
and allcodecddatat o get her (. 6PSNR rbetricse@dn aamiavg higher performance
thanthe DXPSNRand D2PSNRmetrics for PCL and WCC while RAPSNR is consistently
better for all cases. The best overtrelationperformance is achieved for RRSNR with
the rendering resolutiod 0O variant, which was expected sinceciinsidersthe rendering
process required fgroint cloudvisualization. Moreover, for thé Adcase, where different
types ofcodingartefacts angoint cloudcharacteristicareaccountedfor Po2Po metric, 6.7%
gan was achieved for R2SNR with theéd (O variantin both PLCC and SROCC comparing
to MPEG D1PSNR. For Po2Pl metri6.3% gainin PLCC and 8.2% gain in SROG&ere
achievedcomparing to MPEG DPSNR

1 Quality metrics correlation performance for PCL and G-PCC codecs For PCL and G
PCC decoded data, the RFPSNR proposed metrigith thed dO variant can reach a very
high correlationperformance (95.2% and 94.0%, respectifelyPCL and GPCQ), since it
considers botlthe precision and rendering resolut, i.e, the point cloud density observed by
the uses.
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1 Quality metrics correlation performance for V-PCC codec For V-PCC decoded datthe
I-PSNRO (U variantperformsslightly better than RA2SNRS O , because afpoint clouds

consideredare coded in 1bit with V-PCC and the intrinsic resolution is already a good
estimator of the quality after renderimgprmalizing based on precision acts as a distractor and

decreases the impact of intrinsic resolutibna general way, theemchmark PSNiased
metrics areatherpoor for \V\PCC datandboth the proposedPSNR and RAPSNRmetrics

are able to increaséhe correlationperformance significantly, with 28% and 26% gains

respectively, compared the Po2PPSNRmetrics.

Table 7.1: Correlation performanci®r the proposednd benchmark qualityetrics First two
rowscorrespond t®1-PSNRandD2-PSNR

PCL G-PCC V-PCC All
PLCC | SROCC | PLCC | SROCC | PLCC | SROCC | PLCC | SROCC
Po2Po| 87.0 73.9 86.9 87.4 53.1 62.0 67.3 64.7

Metric | Variant | Type

i Po2Pl | 89.6 80.9 83.4 85.6 51.4 49.6 70.3 65.6

PSNR Po2Po| 83.3 82.3 86.0 89.3 48.9 54.1 70.4 68.6
b Po2P!l | 86.7 85.9 75.6 71.9 59.9 58.9 71.4 67.2

MNN Po2Po| 68.7 65.0 40.8 33.3 45.6 14.3 49.7 42.2

Po2PI | 69.6 66.7 44.1 39.7 49.8 25.4 52.1 43.4

I- Po2Po| 92.2 89.0 79.3 76.3 66.6 61.0 64.7 52.5
ANN

PSNR Po2PI | 92.3 84.5 86.6 79.0 76.2 69.1 66.4 55.6

Po2Po| 88.8 87.0 78.1 68.4 70.8 62.9 66.5 59.2

ANN
Po2PI | 90.8 87.5 75.3 68.2 79.6 74.0 67.4 62.6
ANN Po2Po| 92.8 86.8 84.9 82.5 49.2 45.6 68.9 64.0
Po2PI | 93.4 86.7 88.5 85.8 67.9 63.0 71.0 67.1
RA- | ann Po2Po| 94.1 86.2 93.6 94.6 68.5 62.5 74.1 71.1
k
PSNR Po2PI | 95.1 91.3 94.0 94.0 77.1 73.7 74.9 725
Po2Po| 94.1 85.2 93.7 94.8 59.9 59.7 74.0 71.4
APDy

Po2Pl | 95.2 91.7 94.0 94.0 77.9 72.3 75.6 73.8

7.5 Final Remarks

D1-PSNR and DZPSNR point cloudgeometry quality assessment metrgenerally perform
poorly sincethey only consider point cloud precision ahe impact of the intrinsipoint cloud
characteristics and the rendering process on the final percpodad cloud quality are not
considered. In thichaptey the popular PSNRased metrics are improved byclinding a
normalization factor that accounts for changes in the intripsiat cloud resolution after
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rendering, as well abe point clougrecision. Experimental results show that the propgsatity
metrics outperfornthe MPEG PSNRbasedquality metrcs by a significant margin. As future
work, more characteristics of the rendering process could be inchmtad|y theviewing position
andthe point cloudlistance to the viewing plane

This work led to a conference publication, notably:

A. Javaheri, C. Brites, F. Per ei r a, -ba3edQuaity Metmcs o ,
Performance forPoint Cloud Ge o me tIEEF Intérnational Conference on Image Processing
(ICIP), Abu Dhéi, UAE, Ocibber2020.

r
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Chapter 8

Mahal a-ba®ed-tHoisnttr i but
QualMettyf ioe Poi nt Cl ouc

8.1 Context and Objectives

At the time this work was developethe stateof-the-art point cloud geometrguality metics

were theMPEG PSNRbasedmetrics[104], notably relyingon distances computed from potot

point correspondencdsetweenthe degraded and referenpeint clouds However,correlation
performance evaluation studigsl 7] [121] haveshown that these metrics underperfofor data

coded withthe MPEG point cloudcodecs. A key characteristic of these codecs is that the number
of decoded points isften much largethan the number of points in the reference point cloud
When additional decoded points are obtained, and they follow the undgutyittgcloudsurface,

higher perceptual qualittypically resuls. However,the MPEG (and otherg)oint cloudquality

metrics are not able to properly account for this effect, since distances (seen as errors) are
computed based on pointwise correspondences. In fact, the additional decoded points typically
have their closest neighbiorthe reference point cloddr away, whichéads to large errors being
accounted in the finajuality metric value.

Since point clouds have their surface reconstructed during the rendering process before
visualization, the objective quality metrics should properly model the undenbong cloud

suface to achieve bettebjectivesubjective correlatiarin fact, theD2-PSNRmetric follows this
approach by parametrically modelling the underlying surface with a plane taigaach point
defined by the pointds n alimiedlapproddio comsidesing,the t h i
unstructuregoint cloudnature, especially for regions that are not planar and for points far away
from the planeln this context, the main objectives of this chapter are:
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1 Proposea better type of correspondencebetweenpoint clouds notablywhenthe decoded
point cloudshave manymore points thaneference point clouds.

1 Proposea point cloud geometry quality metric that considers the underlying surface of
points more efficiently than available poindsed quality metrics.

In this chapter a novel secalled Mahalanobisbased pointo-distribution quality metric is
proposed, which adopts a new type of correspondence betwegnitwalouds namely between

a pointin one point cloudaindthe distributionassociated to a limited set points(from a small
region) in another point cloudThe idea undpinning this novel type opoint cloudgeometry
quality metric is to statistically characterize gwnt cloudsurface, notably through the covariance
of points within some local region. Moreover, this novel quality metric is not unduly influenced
by the number of decoded points (comparedréberencepoints), but rather by a statistical
characterization of the points location. In addition, it is s&llable when the degraded and
referencepoint cloudshave different characteristics in terms of prexisidensityand structure.

The rest of thizhapteris organized as follows. Secti@®R describes the proposedality metric
and SectiorB.3 presents the experimental results along with their analysis. Finally, S8ction
ends thehaptemwith conclusions and future work suggestions

8.2 Proposed Point Cloud Geometry Quality Metric

The proposed class of poitt-distribution (P2D) quality metrics works by computihg distance
between a point on the reference (or degraded) point cloud and a distribution of points on a small
region of the degraded (or reference) point cloud. This novel proposed approach has the following
characteristics:

1. Scale invariant: can evalua point clouds with different intrinsic characteristics in terms of
precision (i.e., coordinates hiepth) and resolution (i.e., average distance between
neighboring points).

2. Correlation aware: considers the correlation of points with their neighbors aedhts
distances in each coordinate accordingly. Points not following the distribution of the surface
points will lead to larger distances.

3. Normal computation-free: does not require the estimation of normal vectors to model the
underlying surface, whicis an erromprone and computationally complex process.

These characteristics allow to achieve better objestigective correlation performance
compared to the poitiased metrics, either adopting a single point (no surface) or a tangent plane
at a pointto characterize the point cloud.

This work adopts théMahalanobisdistance to measure the distance between a point and a
distribution. This distance, which has already several applications in the areas of anomaly detection
[122] and classification[123], is multivariate and exploits correlations between the point
coordinates. Moreover, it is more suitable compared to the Euclidean distance (used in the Po2Po
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and R2PI metrics) when there is someasipl correlation in the data, which is the case for a local
region ofpoints in a point cloud

8.2.1 Directed Mahalanobisbased P2D Distance

Figure8.1(a) shows the proposddahalanobisbased directed P2D distanaechitecturewhile
Figure 8.1(b) showsthe final symmetric distance and PSNRsedmetric varianté ar chi t ec

respectively.
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Figure 8.1: Mahalanobisbased P2[@uality metricarchitecture: a) directegdint cloudA to
point cloudB) P2D distance; b) symmetric P2D distance and P8aed qualitynetric
variants.

As Po2Po and B2PI metrics, thidahalanobishasedlistance is computed in both directions, i.e.
reference to degrad (i.e, from point cloudA to B) and viceversa. For poin®  afvdd in
point cloudo, the directed P2D distanégcomputed as

1. Correspondences Definition: Find the set of point® corresponding tahe U nearest
neighbors ofidin point cloudB. This localsetof points represents the support region for the
metric inpoint cloudd . Naturally, the) value is rather important to define the size of the local
neighborhood; when is too small, spatial cagtation between points may not be fully
captured and, whel is too large, fine details may be missed.
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2. Correspondences CharacterizationCompute the mea® and covariance matrik for
the 0 neighboring points ipoint cloudB. The mean vector i@ 3) contains the arithmetic
average of the points coordinates, while the covariance matrix expresses the
ofuftr coordinates correlation.

ip (8.1)

1 ” ” ” (8 . 2)

whererfp is the'Q nearest neighbor of poidi U is the number of nearest neighbors and

is the covariance of variablésand0 with 0RD N afudtr . While the mean vector represents
the centroid, the covariance matrix represents the data dispkmstbeselectedset of points

in point cloudB.

3. Covariance Validity Check Check if the covariance matrix is singular orcdinditioned.
While in the former case thdahalanobisdistance cannot be computed, in the latter case it
may lead to very larg€lahalanobigdistances. Intuitively, this may occur when there is a linear
dependence between theni€arest neighbor points coordinates. The covariance matrix is
singular when the determinant is equal to zero arabilditioned when the ratio of largest and
smallest singular values in the singular value decomposition (condition number) is too large.
lIl-conditioned covariance matrices can be found with the Cholesky decomposition or by
thresholding on large condition numbgt24], which is the approach used here. Since in this
case the covariance matrix is real and symmetric, the condition number is simply the ratio of
the largest eigenvalug, a xto the smallest,,, \eigenvalue ot and, thus, the covariance

validity check comes as:

where' is the validity check threshold; experimentally, it was found'that identifies
well the ill-conditioned cases.

4. Mahalanobis Distance Computation: The Mahalanobis distance between poird and
distributionDa is:

Q5 ® P t+t ® P (8.4)
i.e. the distance betweanand'p “H K, divided by the covariande . Thus, if

the0 nearest neighbor points are correlated in one or more coordinateplémgr surface),
the covariance is high, which will reduce the distance betisemd’® . On the other hand,

if points are not very correlated, the covariance is low, and igtsntde is nommuchreduced.
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Moreover, if pointiis located at the mean of the distribution, Me&halanobigdistance is zero
and increases @amoves away from the mean.

5. Euclidean Distance Computation:The Euclidean distance between pabvnd its narest
neighbor inpoint cloudB is computed. This is equivalent to thiehalanobisdistance with an
identity covariance matrix.

6. Compensation For the cases where the covariance matrix-soitiditioned or singular (see
Step 3), the Euclidean distance cartgal in Step 5 is used; otherwise, fid@ahalanobis
distance computed in Step 4 is used.

The process above is applied to all pointgomt cloudd to obtain theMahalanobisor Euclidean
distance. Finally, all the computed distances are integrated by performing:

7. Pooling: Average pooling is used to aggregate the distances obtained for all pgmoistin
cloud 6. Both the average of distances and squared distances may be used

—~ - p .

Qf ® 5 @ (8.5)
. ) p .

Q"% = Qj (8.6)

where MMD stands for mealahalanobisdistance, MSMD for mean squaré&dahalanobis
distance an@ is the number of points ipoint cloudA.

8.2.2 Symmetric Mahalanobis-based P2D Distance

To obtain a symmetric distance, the directed distance described in the previous section is computed
in the other direction, i.ebetween every poinf in point cloud® and the corresponding
distribution inpoint cloudo. The symmetric distance is obtained as the maximum of the two
directed distances:

--$ 1T Ay fag ® (8.7)
-3-3%1 A R s (8.8)
where MMD/MSMD are the finatlistance. Both distances can represent the error between two

point clouds often areferenceand a decodegoint clouds and thus can be directly usedpasnt
cloudquality metricsalthough this is not necessarily the best solution

8.2.3 PSNR-based Mahalanolis P2DPoint Cloud Quality Metric

TheMahalanobisdistance is a uniess and scalavariant distance that allows &zcount foithe
point cloudspatial correlation. Since large distances are avoided by checkingabeditioning
of the covariance matrix, MMD and MSMD never exceed the maximum Euclidean distance. For
voxelized data, all coordinates are bounded between ) and; p with i as thepoint cloud
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precision and) the peak coordinate value. Thus, to compute the PB&¢iedooint cloudquality

metric from the distanseaforementioned, the maximudiagonalEuclidean distance/ony s
used aghe peakfor PSNR computatic®iThe MMD and MSMD PSNRbased quality metrics
come

YO.Yg pm i Conj- - $ (8.9)

YO.Y. g pu i Conj-3-$ (8.10)

The usedpoint cloudprecision corresponds to the maximum precision fopaiht cloudtest
materials (12bit for the experimental results next). This fixed value assures that the same
normalization is appliedo all point cloudsunder evaluation, which allows to measuhe
correlation performance fqoint cloudswith different precisions

C

CA

8.3 Performance Evaluation

In this section, the proposed quality metrics performance is assessed, notably in comparison with
stateof-the-art metrics, usingoint cloudscoded with different type gdoint cloudcodecs

8.3.1 Subjective Evaluation Dataset

To evaluate the proposed quality metrics defineckdpyationg8.7) - (8.10), the MOS and the
referenceand decodedoint cloudsfrom the IST Rendering Point Cloud Datasgiublicly
available if105], have been used. The dataset includega@it cloudsrom the MPEG repository
[104], which have been coded with three rates/qualities using the follgwingcloudcodecs: 1)
PCL (octreebase(; 2) MPEG GPCC; and 3) MPEG/-PCC. All decodegoint cloudswere
evaluated with a DSIS subjective assessment protocol. MOS for thebpsed rendering session
(RPoint, seeChapter 2 were ugd since geometry coding efects are more visible for thtgpe
of rendering, notablydue to the absence of color attributes and rhesedpoint cloud
reconstruction.

A monotonic cubic function has been adopted to fit the objective metric valuesNtDiBeand
obtain the predicted MOS scores accordinBécommendatiofifU-T P.1401[33]:

3% T TR d 1o (8.3)

whereware objective metric values andr8 i are the regression model parameters. However,
the results are also presented without the fitting function since overfitilgappen considering
the reduced amount of datagure 8.2 shows the scatter plots of different metrics versus MOS
with the fitted curve, used to obtain predicted MOS val@isexpected, objective scores are more
correlated with the corresponding MOS, for the proposed MMD and MSMD R#MNR doud
quality metrics.
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Figure 8.2: Subjective vs objective results

Similar to previous chapterthe objectivesubjective correlatiors assessed with tHeLCC and
SROCC. The proposed PNbahalanobisbhasedmetrics are compared to tBd-PSNRandD2-
PSNR qualitymetrics (both distance and PSNR variants) as well as to the PI2P(thSBest
variant)[109] and the PE@VISDM [125] metrics. For the PI2PI quality metric, normadctos were
computed using the CloG@dmpare softwarg83] with default settings

8.3.2 Neighborhood Size Selection

The correspondences definition step in the propMadtalanobisbasedquality metrics requires
the selection of an appropriate value for thearameter (number of nearest neighbassige it
has amajorimpact on the proposed metriosrrelationperformance.

As long aghe decoded points are sampled from the same distribution, incr&astiogld increase

the quality metric reliability, and thus, largéf valuesshould bepreferred. However, i is
increased too much, then the nearest neighbors set will includetesated points, not following

the same distributionwhich lowers the metric performancefrigure 8.3 shows the PLCC
correlation for the MMD and MSMD PSNR metrics {wino fitting) as a function of the
parameter. For all adoptgabint cloudcodecs, increasing the neighborhood size increases the
proposed metricsd per f oconmedatonperformancetstays somewhat oi n
stable, slightly increasingr decreasing for sonmspecificcodecs.
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Figure 8.3: PLCC performance as a function of the nearest neighbors)ze (

For the proposed quality metrics, a fixédparameter is used to avoid overfitting. Tie
parameter is selected based on the rank of their PLCC and SROCC correlation measures. More
precisely, for eaclh, PLCG and SROCgare computed and the rahk ¢t determined

for each coding configuratiodhwith & P CHG-P Ci&/-P CKA | ,Ifor both correlation
measures , i.e., PLCC and SROCQhen, the selected rank can be defined as

AOEMW'Y dnn  (lower ranks correspond to higheorrelations)for everyand @ .

0 is 31 for MMD and 38 for MMSD, both for the distance and PSiéRedvariants.

Figure8.4 shows the average percentage of points with an invalid covariance matrix using as
reference the origingoint cloudand as degraded the decoded point cloud (and vice versa).
This result follavs the test conditions (codecs and bitrates) given in Se&fch As expected,

the percentage of invalid covariance matrix decreasesiasreases and for theelectedd
parameter values, the average percentage-odrltlitioned or singular covariance matrices is
less than 5 percent
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distance for different values of nearest neighbor size in both directions: a) reference to degraded
b) degraded to reference.

8.3.3 Experimental results

Table8.1 shows thecorrelationperformance for severgluality metrics, for each individuadoint

cloud codec and fob Adcodecs (i.e.all data jointly considered), before and after cubic fitting;
The following conclusions may be taken:

1 No fitting vs cubic fitting: Two different cases can be identified: 1) for the propaogedity
metrics, noHit correlations are closer to cubic fitting correlatiotts)s showng that these
metrics can generalizetber; 2) forthePo2Po and B2PI metrics, the difference is mulenger,

thus showing that their correlation performance is more sensitive to the cubic interpolation
parameters fitting.

1 MMD vs MSMD: PLCC and SROCC show that MMD metrics outperform MSMD icetr
for each of the considered codecs individually, especially for the disbkasesimetrics;
however, MSMD outperforms MMD when the data oA Icddécs is considered together.
Moreover, the MMD and MSMD PSNRBRased variants have higher PLCC and, thxgress

better the perceived quality in comparison to distdrvased metrics, especially if no fitting is
considered.

1 Proposed vs MPEG metrics:Almost for all cases, the proposed distance and P-Bhised
metrics have higher PLCC and SROCC than the MPEGNDID2 metrics. The performance
gain is thdargest for PCL and W CC, with PLCC gains up to 5.9% and 31,9&spectively,
and SROCC gains up to 13% and 22.8%spectively,when cubic fitting is applied,
considering the best proposed (in bold) and MPEGiasgbold red).
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1 V-PCC vs PCL vs GPCC: Larger performance gains are obtained for thRE®&C codec (up
to 31.9%PLCQC), compared to other codecs (5.9% for PCL and 2.5% {®CG). This is
because WCC addsnoreadditional decoded points that follow the urigi@g point cloud
surfacg[117] in comparison to othgyoint cloudcodecs.

Table 8.1: PLCC and SROCCorrelation erformanceor the proposeduality metrics in
comparisorto stateof-the-art metrics

PLCC SROCC

Quality PCL G-PCC V-PCC | All codecs PCL G-PCC V-PCC | All codecs

Metric  |No Fif cubidNo Fil CubicNo Fif CubigNo Fif CubidNo Fif CubicNo FifCubicNo FifCubicNo FifCubid

Type

D1 distanc{ 29.3| 83.7| 50.8| 52.5( 6.9 | 23.8| 33.6( 52.1| 74.3| 72.2| 65.4| 64.9| 32.3| 37.8| 62.4| 62.2

Po2P
D1-PSNR| 84.3| 87.0( 83.7| 86.9| 23.4| 52.5( 67.1| 67.3| 75.7| 73.8| 87.4| 87.4| 35.4| 60.7| 64.8( 64.8

D2 distanc{ 29.8| 83.6| 47.6| 48.8] 26.2| 30.0| 29.6| 47 [ 81.7( 81.0| 63.3| 63.7| 26.1| 30.8| 59.1| 58.8

Po2PI
D2-PSNR| 86.9]| 89.6( 79.4| 83.4| 40.3| 51.5| 70.0| 70.4| 81.7| 80.9]| 85.6| 85.6| 44.3| 51.9| 65.7 65.7

PI2PI | MSE[9] | 71.8| 72.5| 48.6| 55.0| 35.6| 52.7| 45.1| 51.0| 73.4| 73.4] 40.1( 40.1| 36.8| 58.6| 45.0( 45.0

PC-MSDM [11] | 68.5| 69.9| 0.7 | 68.4]| 29.7| 80.9( 24.6| 31.6| 65.5| 65.5( 28.9| 74.2]| 45.7| 77.4| 18.2| 16.4

MMD 89.6( 93.9( 80.8| 88.6| 60.6| 84.4| 66.5( 70.0| 92.7| 92.7 | 85.3| 85.6| 75.9| 83.5| 65.7| 65.7

MMD

PSNR 93.4(94.2| 86.1| 87.8| 68.9| 84.2| 70.0( 70.0| 92.7| 92.7( 85.1| 85.1| 75.9| 80.5| 65.7| 65.7

P2D
MSMD ([ 82.8|95.5|72.3| 89.4| 43.4| 80.2( 65.2| 73.1| 92.7| 94.0( 82.2| 84.3| 75.2| 78.2| 69.4| 68.3

MSMD

PSNR 93.3(94.0( 84.4| 85.1| 64.8| 80.9| 73.6( 73.4| 92.7| 92.7| 82.2| 81.4| 75.2| 78.2 69.4| 68.4

Finally, the MMD PSNR metric has the bestrelationperformance since it outperforms MSMD
PSNR for all individual codecs (in PLCC and SROCC), although ndi #®codecs case. This
means that, for optimizing or monitoring the quality of a specific codec, the MMD PSNR is the
best choice. Moreover, it outgerms PI2P| and the R®ISDM metric, whichwere more
emergingquality metricsat the time this work was developed

8.4 Final Remarks

This paper proposes a novel typepoint cloudquality metric where the distance is computed
between a point and a set of pgsiriollowing some distribution. This allows to improve the
objectivesubjective correlation performance comparing to st&tde-art point cloudgeometry
quality metrics, especially fgpoint cloudswith different characteristics in terms of precision,
density, and structure. As future work, a point to distribution metric following the same approach
but targetingpoint cloudattributes, notably color could lbevelogd

This work led to a journal publication, notably:
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A. Javaheri, C. Brites, F.PereiraJ. Ascenso, "Mahalanobis Based Point to Distribution Metric
for Point Cloud Geometry Quality EvaluatiotEEE Signal Processing Lettengol. 27, pp. 1350
1354,July 2020.
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Chapter 9

Geometry Alil ghasedr Qu a
Met fioec Point Cloud

9.1 Context and Objectives

As described in the literature review©@hapter 2a few worksexploredthe idea ofstimatinghe

point cloudquality by projecting thgoint cloudinto one or more 2D images, i.e., by converting

a 3D point cloud into several 2D imadé26][127] [121] [128], and then applying a 2D quality
metric. h the field of point cloud compression, this type of approach was successfubitexkp

to achieve efficient compression, as demonstrated by the MRBGG/standardn the context

of point cloudquality assessment, these 2D images can be obtained by performing projection from
different viewpoints, i.e., using different projection @st Then, recent, and powerful 2D quality
metrics can be used, to assess the eptingt cloudquality. Howevercurrentprojectionbased
metrics available in the literaturare not showing better correlation performance tRa@Po
guality metrics, whex correspondences are established in the 3D space and errors in position or
color are accounted.

One of the problems in projectidrased metrics is that geometry distortions cause displacement
errors between the projectezgferenceand degraded images. Wever, 2D quality metrics do not
handle well local displacement errors (or geometry errors) since comparisons are mageeixel

(or regionwise). Typically, 2D objective quality metrics consider that these regions as high
distortion when small or mediugreometry errors are perceptually well tolerated when color is
available(seeChapter . For example, small displacement errors are not perceived by humans
but may lead to high distortions when conventional 2D quality metrics are used. Another issue
arises when the number of pointsreferenceand decodegoint cloudsis different. This ofn
occurs, sincesomepoint cloudcompression engiseoften use planar oother polygonal (e.g.,
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triangula) approximations of the point cloud surface and thus, more points may be recreated at
the decoder side when these surfaces are sampled. This nmaahe tthegraded 2D images may
have, for some positions, pixels occupied when this pixel is not filled in the 2D image. In some
past worl{127][126], these positions are ignored, or an occupiediposs compared with a nen
occupied position (usually filled with some background color). However, neither of these solutions
are acceptable, since for some cases, these pixels are visually important (eowiticiante to a
higherquality) and the qualjtscore cannot depend on the selected background color.

In this chapter a novel projectiofibasedooint cloudquality metric is proposed, which addresses
these limitations and achieve high performance in terms of objestilyjective correlation. The
mainideas underpinning this quality metric is to compare the projeefedenceand degraded

color images for two fixed levels of geometry, for teéerenceand decoded geometry. The two
scores obtained for both geometry levels are fused together whicls rttednthe proposed
approach implicitly considers geometry distortion as well as color distortions. By comparing
images with the same geometry, any misalignment is avoided. Moreover, this novel quality metric
can handle decoded point clouds wWattgeor small number of points with respect to tfeference

by performing padding in the 2D domain, this means using interpolated color values instead of a
fixedbackground value avenskipping these additional pointe.summary, the main objectives

of this wak are:

1 Propose aprojection-based point cloud quality metric: The proposednetric can handle
both geometry and texture coding degradations by leveraging the iy past decades on
perceptual 2D quality metrics, such as{8SIM. This means that the gposed solution does
not require any especially designed 2D quality metric and can accommodate any 2D quality
metrics that will be proposed in the future.

1 Performance evaluation of available point cloud quality metrics The proposed metric is
evaluated with a dataset that includes different types of coding degrad#tmnsre created
by different and relevant configurations of the recent standardized MPEG point cloud codecs.
Moreover, its performance is evaluated in comparison to a largaramnb stateof-the-art
point cloud quality metrics, using different design approaches, but nevertheless achieves the
top performance.

The last objective is very relevant towards achieving the objectives of this Thesis, since it will end
with a performancevaluation with all the metrics proposed in the previous Chapters along with
the other relevant statd-the-art point cloud quality metrics, under relevant and meaningful test
conditions.

The rest of tls Chapteris organized as follows. Secti@n?2 explains the proposegbint cloud
quality metric. Experimental results are presented and analyZgztiion9.3.2and finally,some
final remarks are presentedSection9.4.
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9.2 Proposed Projection Based Point Cloud QualityMetric

In this section, the architecture of the proposed quality metric is presented and then the most
relevant techniques are explained with more detail

9.2.1 Architecture and Walkthrough

Figure9.1 showsthe proposegoint cloudprojectionbased quality assessment metric architecture.
The degraded anmeferencepoint cloudsare processed in two parallalanchesresulting in two
different intermediate scores which are fused at the Bmdvoid any misalignment errors, before
applying the 3D to 2D projection, both reference and decoded point clouds are processed to have
exactly the same geometry. In the top branch, the geometry offémenee point cloud is used
while on the bottom branch the geometry of the degraded point cloud is used, only the color
attributes assigned to the points will be different, reflecting the color with and without coding
degradations. Thus, in the top branttte referencepoint cloudgeometryis recolored withthe

color ofdegradegoint cloudandthe point cloud obtained compared witlheferencepoint cloud
(naturally, including color). In the other bran¢he degradedoint cloudgeometryis recolored

with thecolor of the reference point clowhdthe resulting point clou compared with degraded

point cloud (naturally, including colar)

Reference Geometry

Reference PC!

4 ™ 4 N

= A e > . » 2D Quality

Degraded PC ! Recoloring Orthl}gra.phlc Cmpp]f]g Assessment
‘ B Projection »| & Padding > .

*\ ) L & Pooling

Degraded PC o ~ 2D Quality
‘ A . . ualit)

Reference PC Recoloring Orth?gr%phlc Crﬂppl,]g Assessment
Y Projection & Padding > & .
oL ) Pooling

Figure 9.1: Block diagram of the proposguiojectionbased point cloud quality assessment
metric.

Before applying this metric, point clouds should be voxelized if they are in floating point precision
to some fixed precision. This step is important to perform the 3D (voxels) to 2D (pixels) projecti
Nowadays, most of the point cloud data available is already in fixed precision (and was previously
voxelized) and thus this step is not shown in the projedtased point cloud quality assessment
architecture. Also, both ¥»CC and G CC codecs codexied precision point clouds or perform
voxelization as a prprocessing step before codifigne mairmodules of the proposed point cloud
guality metric pipeline are explained in the following
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1. Recoloring: Due to lossy coding of geometry data, the positafrthe points in the reference
and degraded point clouds are not the same. This is not an issue favgsmdtand feature
based metrics which find their correspondence by searching the nearest neighbor of every
decoded point in the reference point clquding 3D coordinates) and vice versa. However,
when a projection is made the resulting reference and degraded 2D images have regions that
are not aligned, even when the degraded point cloud has only slightly degradations in
geometry. 2D quality metrics@not very robust to misalignments (or displacements) and often
perform poorly since pixalise comparisons are typically involved. To align both reference
and degraded 2D images after projection, a recoloring step is applied where the decoded (or
referene) point cloud color attributes are mapped to the reference (or decoded) geometry. In
this way, the degradation of the color attributes is measured directly for two geometry levels
(referenceand decoded), thus considering both color and geometry. Thitosak also rather
suitable since color (or texture) degradations have a higher perceptual impact than geometry
degradations. More details about this module are presented in €&2tdn

2. Orthographic Projection: The reference, degraded and the two recolored point clouds
obtained from the previous step are orthographically projected on six faces of a cube to obtain
six projected images for each, this means sifediht noroverlapping images for each point
cloud. Although other projections could be used, the simplicity of this orthographic projection
is enough to measure coding distortions, especially considering that the pairs of point clouds
to compare have treame geometry. In this process, six occupancy maps are also obtained; an
occupancy map is a binary map to indicate if a pixel corresponds to a point or not of the point
cloud. The size of the projected texture and occupancy maps only depend on thenpiecisio
of the point cloud; ¢ . More details about this module are presented in Se2iib®.2.3

3. Cropping: After projection, depending on the size and position of the point cloud, the
background may have a large area comparing to the point cloud object area. These empty areas
can act as distractor for the 2D quality assessment since the same color value is assigned to
all background pixels in all projected point cloud images. More details about this module are
presented in sectidh2.2

4. Padding: A decoded point cloud may have a lower or higher number of points depending on
the point cloud compression solution, e.g., when a point cloud is coded with octree pruning, a
lower number of decoded poirigsobtained and when coded withRRCC a higher number of
points are typically obtained. When the number of points is different between the reference
and degraded point clouds, the same pixel position may be occupied in one projected image
while nonoccuped in the other. In this situation, these pixel positions may significantly
increase the error (i.e., account more distortion) when perceptually, this error is not visible.
The padding process outputs a seamless image, where the background positilbers @it fi
interpolated values, and thus closer to the image being shown after point cloud rendering. In
this process, holes inside the point cloud are padded as well as any remaining empty space
around objects. More details about this module are presignsedtion9.2.2
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5. 2D Quality Assessment and PoolingA 2D image quality metric is computed between six
reference images and the corresponding degraded imagesafribeview. The output of this
process is six objective scores, one for each pair of projected images, which must be pooled
together. The performance of the quality metric for typical pooling functions (max, min,
weighted average, etc.) was evaluated andlas found that the performance is similar for
different pooling functions. Thus, the resulting objective scores are averaged together (average
pooling) to obtain a single score for each branch of the proposed projeated quality
metric.

6. Fusion: All modules previously described are applied to the two branches of the projection
guality metric to obtain two intermediate scores. These two scores represent the distortion
associated to the texture measured by a 2D quality metric, for two different getewvets,

i.e., for the reference geometry and for the degraded geometry and must be fused together to
obtain the final metric. Although different fusion strategies are possible, even applying
machine learning techniques, it was found that a simple Iregagssion was enough to obtain

a high performance, without the risk of overfitting (in point clouds there is not many training
data). More details about this process are presented in sg@ién

9.2.2 Recoloring

The main challenge with projectidrased metrics, is that geometry distortions may cause
displacement errors between the projected reference and degraded 2D images aftemprojectio
However, 2D quality metrics do not handle well local displacement errors (or geometry errors)
since pixelwise comparisons are often made. When the same pixel location in the projected image
is compared, the measured error may not reflect the peraiistedion since the color of different

3D locations in the reference and degraded point clouds are used in the error comgidatien.

9.2 shows frontal projectiomf Egyptian Mask before coding and after decoding with lowest
geometry rate in @CCrecolored witloriginal color in (a) and (b) and their residual in c. Residual
image is enhanced to better show the differenfsiéisough color in both point clouds is &gl and

point clouds are visually similar, residual imageesult of local displacement.

a) b)

Figure 9.2: Egyptian Maslprojected from front view; a) Reference, b) Decoded (lowest
geometry rate, °CC), c) Residual after image enhancement. Beftrenceand decoded point
clouds haveeferencecolor.
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Thus, the idea is to only use theferenceor the degraded point cloucegmetry and perform
recoloring to assign the decoded color attributes toreéferencegeometry (top branch of the
architecture) and theeferencecolor attributes to the decoded geometry (bottom branch of the
architecture). Using this approach, for eachnkh, the projected texture maps are aligned. To
recolor point cloudd, with color of point cloud, each point in point cloud will have a color
assigned using the color of one or more corresponding points in point Bldadproposed
algorithm, thenew color for each point of thgoint cloudA after recoloring is computed as follows:

1. For each point ippoint cloudA, the nearest neighbor point cloudB is found ( 0)
2. For each point ipoint cloudB, the nearest neighbor point cloudA is found ( 0 )
3. Then, br each pointvin point cloudA:

a. If point @is listed inthe nearest neighbors glint cloudB (®N 0 0 ), the color is the
average color of the poiniis point cloudB thathavepoint ias their nearest neighbor.

BNF] 6
B i P

(9.1)

where6 and0 are colors at points andb.
4. Otherwise, the color is the color of its nearest neighbor listédin

Figure9.3(a) showshe Amphoriskoseference point cloudéferencecolorand geometry) on the

left and the recolored point cloud (decoded color wetflerencegeometry) on the righ&igure

9.3(b) shows thédmphoriskoslegraled point cloud (decoded color and geometry) on the left and
the recolored point cloud (witteferencecolor and decoded geometry) on the right. For both cases,
the GPCC codec with octree geometry coding mode and lifting color coding mode, in the lowest
rate was used to obtain the degraded point cloud. A-pased rendering solution was used where
point size in all point clouds is increased to fill empty spaces among points in decoded point cloud
Points are also represented with a cube.
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(a) (b)

Figure 9.3: Amphoriskoglecoded with GPCCin octreemode andifting color moden the
lowest ratea) point clouds obtained foeferencegeometry with theeferencgleft) and decoded
color, after recolang (right), b) point clouds obtained for decoded geometry with the decoded
color (left) andreferencecolor, after recoloring (right).

9.2.3 Orthographic Projection

This is the core module of the proposed projeebhased metric whel@D point cloudsaremapped
on several2D planesfrom different perspectives. Tharthographic projection is used fire
projectionbased metridecausat is a parallel projectiornihat preserves shapes and siZEse
orthographigorojection projects eaclpoint cloud pointo a pixel in 2D image.

The poposed orthographic projection consists of two main steps:

1 Projection: in this step, thelanar(or 2D) imagesare generatedsing the orthographic
projection tothe different sidegplanes)of the bounding box surrounding the objeEor
some plane, a point of the point cloud is projected into the plane as long as the point is not
occluded by another pdi closer to the plane.

1 Filtering: points that arerojected taa planebut do not belong to the surface closer to the
planeused for projectiorare removed. These points are projected when there is some
empty space between pointsthe surface closer tihe planeand thereforepoints from
other side of the objedre projectedfrom this plane Since these points are not visible
when rendering is performed, a filtering technique is used to remove these points.

Figure9.4 showsa Amphoriskosefore removing point from the back on top and after removing
them on bottom, from two different view$he point cloud is recolored with 4 colors to better
show the front antack part of the vase object from each view.

















































































