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SUMMARY

Human-Centric Quality Assessment and Visual Attention Modeling for Point Clouds ad-
dresses a central challenge in immersive three-dimensional media: how to measure, under-
stand, and predict human perceptual experience when interacting with high-fidelity point-
cloud content in virtual and mixed-reality environments. Point clouds are increasingly adop-
ted in extended reality (XR), telepresence, free-viewpoint video, and autonomous systems
due to their flexibility in representing complex 3D scenes. However, their irregular struc-
ture, large data volume, and the coupled effects of geometric and texture distortions make
perceptual quality assessment particularly challenging. Widely used image and video quality
assessment metrics are known to correlate poorly with human Mean Opinion Scores (MOS)
when directly applied to point clouds, highlighting the need for perceptually grounded qual-
ity models tailored to this media type.

This dissertation develops methodologies, datasets, and objective metrics that bridge sig-
nal processing techniques with human-centred evaluation in order to improve perceptual
alignment in Point Cloud Quality Assessment (PCQA). Beyond metric design, the thesis
also provides a human-centred experimental framework and prototype system to support
subjective quality assessment and visual saliency analysis in immersive environments, en-
abling controlled yet valid perceptual studies.

The thesis is organized into three complementary parts. The first part focuses on objective
PCQA. Novel quality metrics are proposed to capture the combined influence of geometry
and texture on perceived quality. A full-reference metric, PointPCA+, and a no-reference
model, M3-Unity, are introduced. These approaches employ modality-aware feature rep-
resentations that explicitly account for the characteristics of point-cloud geometry and color
attributes, together with carefully designed similarity measures or learning-based regression
models. Extensive evaluations on public benchmark datasets demonstrate that the proposed
metrics achieve improved correlation with human MOS compared to state-of-the-art meth-
ods, while also exhibiting robustness across different compression schemes and distortion
types. These results confirm the importance of modality-specific modeling and perceptually
motivated feature design for PCQA.

The second part of the thesis investigates human visual attention for dynamic point-cloud
content in immersive environments. Eye-tracking experiments were conducted in six-degrees-
of-freedom virtual reality settings to capture gaze behavior during the viewing of dynamic
point clouds. Two datasets were constructed: a task-dependent dataset (QAVA-DPC), in
which participants performed explicit visual tasks, and a task-free dataset (TF-DPC), de-
signed to capture natural viewing behavior. The experimental design incorporates system-
atic preprocessing, stimulus normalization, and error profiling of head-mounted display eye
trackers to ensure data reliability and reproducibility. These datasets enable a detailed ana-
lysis of how task demands, motion, and temporal dynamics influence visual saliency and
viewing behavior in immersive 3D scenes.

IX



X SUMMARY

The third part explores the integration of visual saliency into objective quality assessment.
By incorporating both ground-truth and predicted saliency maps into PCQA pipelines, the
thesis examines how attention-guided feature weighting and perceptual pooling strategies
affect quality prediction performance. Experimental results show that saliency-aware ap-
proaches can improve predictive accuracy, although the magnitude of improvement depends
on the underlying quality metric and pooling strategy. These findings highlight that visual
attention is a valuable perceptual cue, but must be integrated in a principled and task-aware
manner. Overall, the results demonstrate that attention-aware models can better prioritize
perceptually relevant distortions, which is particularly beneficial for applications such as
point-cloud compression, adaptive streaming, and immersive media delivery.

In addition to methodological advances, this dissertation contributes a range of resources
that support reproducible research and open science for the research community. The gaze-
annotated datasets for dynamic point clouds are made available to support reproducible re-
search and facilitate further investigation of visual attention in immersive media. The thesis
also documents detailed experimental protocols inspired by ITU recommendations and ad-
apted to extended-reality settings, contributing to ongoing efforts toward standardization
and open science in volumetric media research.



SAMENVATTING

Mensgerichte kwaliteitsbeoordeling en modellering van visuele aandacht voor puntwolken
behandelt een centrale uitdaging binnen immersieve driedimensionale media: hoe de men-
selijke perceptuele ervaring kan worden gemeten, begrepen en voorspeld bij interactie met
hoogwaardige puntwolk-inhoud in virtuele en gemengde-realiteitomgevingen. Puntwolken
worden steeds vaker toegepast in extended reality (XR), telepresence, free-viewpoint video
en autonome systemen vanwege hun flexibiliteit bij het representeren van complexe 3D-
scénes. Hun onregelmatige structuur, grote datavolume en de gekoppelde effecten van geo-
metrische en textuurvervormingen maken perceptuele kwaliteitsbeoordeling echter bijzon-
der uitdagend. Veelgebruikte beeld- en videokwaliteitsmaten correleren slecht met menselij-
ke Mean Opinion Scores (MOS) wanneer zij direct op puntwolken worden toegepast, wat de
noodzaak onderstreept van perceptueel onderbouwde kwaliteitsmodellen die specifiek zijn
afgestemd op dit mediatype.

Dit proefschrift ontwikkelt methodologieén, datasets en objectieve maatstaven die signaal-
verwerkingstechnieken verbinden met mensgerichte evaluatie, met als doel een betere per-
ceptuele afstemming in Point Cloud Quality Assessment (PCQA) te realiseren. Naast metrie-
kontwerp biedt het proefschrift een mensgericht experimenteel raamwerk en een prototype-
systeem ter ondersteuning van subjectieve kwaliteitsbeoordeling en visuele-saliéntieanalyse
in immersieve omgevingen, waardoor gecontroleerde maar ecologisch valide perceptuele
studies mogelijk worden gemaakt.

Het proefschrift is opgebouwd uit drie complementaire delen. Het eerste deel richt zich op
objectieve PCQA. Er worden nieuwe kwaliteitsmaten voorgesteld die de gecombineerde in-
vloed van geometrie en textuur op de waargenomen kwaliteit modelleren. Een full-reference
metriek, PointPCA+, en een no-reference model, M3-Unity, worden geintroduceerd. Deze
benaderingen maken gebruik van modaliteitsbewuste feature-representaties die expliciet re-
kening houden met de kenmerken van puntwolk-geometrie en kleurattributen, in combinatie
met zorgvuldig ontworpen similariteitsmaten of leergebaseerde regressiemodellen. Uitge-
breide evaluaties op openbare benchmarkdatasets tonen aan dat de voorgestelde methoden
een verbeterde correlatie met menselijke MOS bereiken ten opzichte van de stand van de
techniek, en tevens robuust zijn over verschillende compressieschema’ s en vervormings-
typen. Deze resultaten bevestigen het belang van modaliteitsspecifieke modellering en per-
ceptueel gemotiveerd feature-ontwerp voor PCQA.

Het tweede deel van het proefschrift onderzoekt menselijke visuele aandacht bij dyna-
mische puntwolk-inhoud in immersieve omgevingen. In zes vrijheidsgraden (6DoF) virtual-
realitysettings zijn eye-trackingexperimenten uitgevoerd om kijkgedrag tijdens het bekijken
van dynamische puntwolken vast te leggen. Er zijn twee datasets geconstrueerd: een taak-
athankelijke dataset (QAVA-DPC), waarin deelnemers expliciete visuele taken uitvoerden,
en een taakvrije dataset (TF-DPC), bedoeld om natuurlijk kijkgedrag vast te leggen. Het
experimentele ontwerp omvat systematische preprocessing, stimulusnormalisatie en fout-
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XII SAMENVATTING

profilering van eye trackers in head-mounted displays om de betrouwbaarheid en reprodu-
ceerbaarheid van de data te waarborgen. Deze datasets maken een gedetailleerde analyse
mogelijk van de invloed van taakeisen, beweging en temporele dynamiek op visuele salién-
tie en kijkgedrag in immersieve 3D-scenes.

Het derde deel verkent de integratie van visuele saliéntie in objectieve kwaliteitsbeoor-
deling. Door zowel grondwaarheids- als voorspelde saliéntiekaarten te integreren in PCQA-
pijplijnen, wordt onderzocht hoe aandachtgestuurde featureweging en perceptuele pooling-
strategie€n de prestaties van kwaliteitsvoorspelling beinvloeden. Experimentele resultaten
tonen aan dat saliéntiebewuste benaderingen de voorspellende nauwkeurigheid kunnen ver-
beteren, hoewel de mate van verbetering athankelijk is van de onderliggende kwaliteitsme-
triek en de toegepaste poolingstrategie. Deze bevindingen benadrukken dat visuele aandacht
een waardevolle perceptuele aanwijzing is, maar op een principi€le en taakbewuste manier
moet worden geintegreerd. In het algemeen laten de resultaten zien dat aandachtbewuste
modellen perceptueel relevante vervormingen beter kunnen prioriteren, wat met name voor-
delig is voor toepassingen zoals puntwolk-compressie, adaptieve streaming en levering van
immersieve media.

Naast methodologische vooruitgang levert dit proefschrift een reeks middelen die repro-
duceerbaar onderzoek en open science binnen de onderzoeksgemeenschap ondersteunen. De
met blikdata geannoteerde datasets voor dynamische puntwolken worden openbaar beschik-
baar gesteld om reproduceerbaar onderzoek te bevorderen en verder onderzoek naar visuele
aandacht in immersieve media te faciliteren. Daarnaast documenteert het proefschrift ge-
detailleerde experimentele protocollen, geinspireerd door ITU-aanbevelingen en aangepast
aan extended-realitycontexten, waarmee wordt bijgedragen aan lopende inspanningen op het
gebied van standaardisatie en open science in volumetrisch mediaonderzoek.



INTRODUCTION

1.1. BACKGROUND AND MOTIVATION

In today’s digital landscape, multimedia systems have significantly transformed the way we
capture, process, visualize, and consume three-dimensional (3D) data. The evolution has
moved beyond traditional 2D video formats to panoramic video and, more recently, to volu-
metric video. The concept of volumetric video, inspired by holograms and 3D virtual envir-
onments often depicted in science fiction, reflects a growing aspiration to replicate reality
with unprecedented detail—surpassing the limitations of flat screens. A general framework
for a volumetric video service is illustrated in Figure 1.1. From initial capture to final display,
increasing the Quality of Experience (QoE) for the end user is our focus in this volumetric
processing pipeline.

Various formats have been developed to represent 3D media, including meshes, voxels,
and point clouds. Each format has its own strengths and limitations depending on the target
requirements. Among them, point clouds serve as a promising representation of 3D scenes
and objects. Unlike meshes or voxels, point clouds provide a direct and flexible means of
capturing spatial information together with associated attributes. A point cloud is typically
defined as a collection of points in 3D space, where each point can be represented by a
basic six-dimensional vector (x, y, z,1, g, b) that encodes both geometric position and color
information. Owing to their lightweight structure and descriptive capacity, point clouds
have become fundamental in a wide range of applications, including computer-aided design,
Virtual and Augmented Reality (VR/AR), autonomous driving, and remote communication.
These applications demand high-fidelity 3D representations; however, distortions may be in-
troduced at various stages of the pipeline—from raw data acquisition to rendering—across
the server, network, or user end. Therefore, accurate assessment of the perceptual quality
of point clouds is essential to optimize the QoE for end users. Precise and efficient object-
ive quality metrics can be leveraged to optimize reconstruction, compression, and rendering
algorithms, which in turn lead to improved overall system performance. In parallel, un-
derstanding where users focus their attention during interaction when consuming the point
cloud—i.e., visual saliency in point clouds—can improve the prediction accuracy of the
objective quality metrics, by taking into account the behaviors of the user.

The proliferation of 3D sensing technologies—from LiDAR to multi-view cameras—has
also made point clouds a popular format of modern immersive media systems [1]. As collec-
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Figure 1.1: A general framework for volumetric video service.

tions of unstructured 3D points, point clouds enable photorealistic representations of com-
plex scenes. However, their irregular structure and massive data volumes pose significant
challenges for processing, compression, and quality evaluation. Unlike 2D images or videos,
where quality assessment is well-studied, point clouds introduce unique complexities:

1. Complex Distortions: The distortions, particularly during acquisition, compression,
and transmission of point clouds, affect both geometry and texture simultaneously,
and the characteristics of the distortions vary significantly across different compres-
sion algorithms, making it difficult to develop high-generalization quality assessment
models. Compression artifacts, e.g., from MPEG’ s Video-based Point Cloud Com-
pression (V-PCC) and Geometry-based Point Cloud Compression (G-PCC), or syn-
thetic noise (simulating the acquisition/transmission noise) degrade both geometry
and texture, often non-uniformly across the point cloud. The point clouds inspected
in this thesis are highly realistic and dense, ranging from nearly 1 to 4 million points
per frame. This sheer scale introduces another level of difficulty beyond the distortion
measurement algorithmic design itself, as the time complexity of assessing distortions
and their impact on quality can become prohibitive without careful computational con-
siderations.

2. Human Perception In 6 Degrees of Freedom (6DoF): In immersive VR/AR, users
freely explore 3D content, making traditional image-based objective quality metrics
inadequate for capturing viewpoint-dependent perceptual quality. Especially, con-
suming the point cloud with the Head-Mounted-Display (HMD) is a more natural
way than with 2D screen-based devices, however, there is no standard methodology
for collecting the ground-truth data, such as quality score and salient area. The most
recent guidelines for conducting the subjective quality assessment experiment from
VQEG, International Telecommunication Union (ITU) Recommendation, have only
been updated to VR images so far, not to mention the protocol in VR/VR with 6DoF or
eye tracking. The human behaviour and eye-tracking knowledge need to be updated
accordingly. Objective Point Cloud Quality Assessment (PCQA) metrics in 6DoF
need more investigation, because from a systematic point of view, the performance
depends on how humans observe the point clouds in 6DoF with HMD.

3. Changing Structure Over Time: Dynamic point clouds (e.g., sequences of point
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cloud frames) require temporal consistency in quality evaluation, compounded by
varying point densities and motions. Different frames have different points, and the
reference and distorted point cloud frames also have different points, which makes
it more difficult to find the correspondence between the two different frames or the
motion vector during the consecutive frames.

As the ultimate consumers of point clouds are humans, the Human Visual System (HVS)
becomes crucial for perceptually driven quality assessment [2]. While HVS-based models
are well-studied for traditional images and videos, capturing its mechanisms for point cloud
processing remains a significant challenge. Processing and parameterizing these flexible 3D
point cloud representations is generally non-trivial, and learning from these irregular data
may lead to less effective modeling of hierarchical structures and sensitivity to noise, which,
as a consequence, causes hard and costly optimization algorithmically [3]. On the other side,
saliency-guided metrics have improved 2D Image/Video Quality Assessment (IQA/VQA),
their extension to 3D point clouds remains nascent. Existing methods often rely on simpli-
fied assumptions (e.g., central bias) or neglect task-dependent viewing behaviors in interact-
ive environments. This gap limits the development of perceptually optimized pipelines for
point cloud compression, rendering, and quality evaluation.

Given these challenges, objective PCQA is crucial for ensuring high QoE for end-users [4].
Existing PCQA metrics can be broadly categorized into formula-based and learning-based
methods. Formula-based metrics, commonly used in full-reference PCQA tasks, are com-
paratively easy to measure the similarity but frequently fail to align with human percep-
tion, especially concerning complex compression artifacts. For instance, PCQM [5] and
GraphSIM [6] assess similarity between reference and distorted point clouds through signal
processing techniques. While their hand-crafted features effectively capture structural dis-
tortions holistically, processes like curvature and color feature calculations in PCQM, and
graph construction with color gradient computations in GraphSIM, can be computation-
ally intensive. In contrast, learning-based methods leverage Deep Neural Networks (DNNs)
to predict quality scores. MM-PCQA [7] employs a self-attention mechanism to extract
quality-aware features by integrating 3D geometry and 2D texture information. Similarly,
CLIP-PCQA [8] predicts quality based on discrete quality descriptions and score distribu-
tions, leveraging the CLIP model’s philosophy. While these methods have shown promise,
particularly with multi-modal feature extraction, they often face challenges such as high
computational complexity, limited interpretability, and lack of intermediate outputs like
local region saliency or the relative impact of geometric versus attribute distortions. These
limitations hinder their effectiveness in optimizing compression algorithms and designing
efficient coding strategies. To address these gaps, this thesis aims to develop a solution that
combines theoretical rigor with practical applicability. For example, extending similarity
measurement principles from 2D images and videos to point clouds is non-trivial: one must
embed both distorted and reference point clouds into a shared space, account for the spatial
impact of distortions, and capture the interplay between geometry and texture. By focusing
on these aspects, our framework not only improves perceptual alignment with human vision
but also provides actionable insights for compression and rendering optimization.

HVS modeling, particularly visual saliency, plays a vital role in estimating perceived
media quality [9]. Saliency-based models identify perceptually important regions, thus im-
proving the relevance of quality prediction. Lin et al. [10] provide a comprehensive over-
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view of saliency and quality models for point clouds and meshes, emphasizing user-centric
and methodological perspectives. For example, Laazoufi ef al. [11] propose a no-reference
PCQA model that filters for salient points and constructs statistical features based on them.
However, transferring saliency maps from a reference point cloud to its distorted version
remains a major challenge. Furthermore, point cloud quality prediction is inherently more
complex than its 2D counterparts because it must simultaneously consider geometric struc-
ture and visual appearance. Feature extractors often fail to capture nuanced information that
significantly impacts perceived quality. To address these limitations, we incorporate visual
saliency into the point cloud analysis, enabling the refinement of perceptually relevant fea-
tures. By guiding feature extraction with human attention cues, our method better aligns
with subjective evaluations and enhances the model’ s ability to perform fine-grained qual-
ity ranking.

The primary research problem addressed in this thesis is the lack of robust, interpretable,
and perceptually aligned objective metrics for evaluating point cloud quality, particularly
under compression-induced distortions. Current methods either deviate from human per-
ception or are too computationally intensive for real-world deployment. Therefore, the pro-
posed metrics in this thesis aim to bridge the gap between mathematically derived metrics
and human visual perception, especially within the context of HMD-based consumption in
6DoF environments—ultimately improving QoE in eXtended Reality (XR) applications.

From the perspective of subjective PCQA and the understanding of point cloud in XR,
while prior studies have explored static saliency detection[ 1 2—141], there is currently no stand-
ard protocol for jointly evaluating perceptual quality and visual saliency in VR scenarios
with 6DoF. Moreover, existing research has not addressed saliency modeling for dynamic
point clouds, nor has it explored saliency-guided PCQA for temporal sequences. Beyond
the development of objective metrics, this thesis also aims to conduct subjective quality as-
sessment studies and visual saliency detection experiments within VR environments using
HMDs. These efforts seek to establish principled methodologies and datasets that can serve
as a foundation for future research and practical applications in immersive media.

The main objectives of this thesis are fourfold:

1. Todevelop an accurate and interpretable PCQA framework that generalizes well across
various distortions and captures the relationship between geometry and texture.

2. To understand the role of visual saliency in point clouds, particularly in dynamic con-
texts where temporal information plays a critical role.

3. To integrate saliency models into PCQA metrics, improving their perceptual align-
ment and informativeness.

4. To rigorously evaluate the proposed metrics through extensive subjective and object-
ive experiments.

To fulfill these goals, this work adopts a hybrid methodology combining signal processing,
machine learning, and user-centric evaluation. Novel metrics are proposed and validated us-
ing diverse benchmark datasets. Furthermore, this work includes the construction of new
visual saliency datasets in VR with 6DoF under two distinct interaction tasks, enabling a
detailed qualitative and quantitative analysis of saliency behavior over time. These contri-
butions aim to provide valuable insights to the immersive media community and to support
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Figure 1.2: High-level illustration of PCQA explored in Chapters 3-5

the development of practical, perceptually meaningful tools for assessing 3D point cloud
quality.

The structure of this thesis is as follows: Chapter 1 introduces the background and mo-
tivation, outlining basic concepts around PCQA and visual saliency. Chapter 2 reviews the
relevant literature. Chapter 3 presents the proposed objective PCQA metrics, highlighting
the contributions of both geometric and texture-based components. Chapter 4 details the
subjective experimental design used to construct visual saliency datasets for dynamic point
clouds under two distinct VR task scenarios. Chapter 5 demonstrates the integration of sa-
liency information into PCQA models for static and dynamic point clouds. An overview
of the relationships among Chapters 3-5 is illustrated in Figure 1.2. Figure 1.2 provides a
high-level overview of the human-centred research framework adopted in this thesis. The
framework starts with subjective quality assessment of point clouds in immersive VR en-
vironments, where user studies are conducted to collect MOS as perceptual ground truth.
Based on these subjective scores, objective quality metrics are then developed with the goal
of achieving strong correlation with human perceptual judgments. In parallel, visual sa-
liency is investigated as an additional perceptual factor that influences quality perception.
Saliency information is obtained by analysing human behavioural responses, in particular
eye-tracking data collected during immersive viewing of point cloud content. Finally, the
derived saliency models are incorporated into objective PCQA frameworks to further im-
prove their predictive performance by emphasizing perceptually relevant regions. Finally,
Chapter 6 concludes the thesis with discussions on future research directions.

1.2. RESEARCH PROBLEMS

Figure 1.1 illustrates the complete pipeline of volumetric video streaming. This thesis fo-
cuses primarily on the user side of the pipeline, highlighted in red on the right side of Fig-
ure 1.1. Specifically, we evaluate the perceptual quality of the point cloud in VR environ-
ment, refined with visual attention, encompassing two key components. First, we assess the
QoE of end-users based on the perceptual quality of point clouds, utilizing both subjective
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and objective methods, while excluding other quality of service factors such as bandwidth,
transmission, packet loss, and delay [15, 16]. Second, we investigate the detection and pre-
diction of user visual attention—identifying where users focus when interacting with point
cloud content. Accurate prediction of visual attention can inform the optimization of com-
pression, rendering, and quality assessment algorithms. An overview of the thesis is shown
in Figure 1.3. This thesis aims to answer the following key research problem:

How can the perceptual quality of 3D point clouds be accurately evaluated both
subjectively and objectively?

1.2.1. OsIecTIVE QUALITY METRICS OF PoINT CLOUD

As a starting point, we focus on objective quality assessment of point clouds, given that sub-
jective quality studies are both time-consuming and costly. While subjective assessments
provide the ground truth for validating objective metrics, they are not scalable for practical
applications. Therefore, developing accurate and perceptually aligned objective metrics be-
comes essential.

In this thesis, we begin by adopting the full-reference paradigm, which evaluates the per-
ceptual quality by measuring the similarity between a reference point cloud and its distorted
version. This approach considers the intrinsic characteristics of point clouds—primarily
geometry and texture. Building on this, we further investigate how each of these attributes
individually contributes to the final perceived quality in a learning based manner, as judged
by human visual perception.

This leads us to our first major research question:

R1: How to measure the perceptual quality of static point clouds under various
distortion types?

To systematically address this problem, we decompose it into two sub-questions, each tar-
geting a specific aspect of the evaluation process:

1. How to measure the perceptual quality of the point cloud with the aid of the reference
point cloud?

2. How to measure the individual contribution of the intrinsic point cloud attributes
based on human visual perception?

Previous work on full reference PCQA metrics can be broadly categorized into projection-
based and point-based metrics, depending on the domain in which the evaluation algorithm
is applied. Given access to a reference point cloud, full-reference metrics typically em-
phasize feature extraction and similarity measurement design. Over time, the field has
evolved from working with early, colorless, computer-generated point clouds to more com-
plex, dense, and colorful point clouds captured via real-world sensors. This evolution has
led to the inclusion of both geometric and textural features in quality metrics, providing
more comprehensive and perceptually aligned assessments. In fact, combining geometry
and texture has been shown to yield higher correlation with Mean Opinion Scores (MOS)
from subjective studies. A common approach for comparing point clouds is to establish
correspondences via k-nearest neighbors (knn) or range search methods. However, these
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neighborhood-based techniques can be inaccurate, especially when distortions alter local
structures. To mitigate this, we propose a method that first aligns the distorted point cloud
to the reference using Principal Component Analysis (PCA). We then extract features and
perform comparisons within the reference point cloud’s coordinate space. This alignment
ensures more reliable and meaningful feature correspondence, leading to improved quality
estimation.

Furthermore, while prior studies have demonstrated that integrating both geometric and
textural attributes improves the accuracy of quality prediction, it is important to consider the
actual viewing context of the end user. In immersive environments, users typically experi-
ence point clouds through HMD in 6DoF. which presents a perceptual experience that differs
significantly from traditional 2D screen-based viewing. In these settings, users perceive not
only the 2D projections of 3D objects but also the depth and spatial presence enabled by the
native 3D point cloud modality. The HVS, being a highly non-linear and context-sensitive
system, processes these visual stimuli in a complex manner. Therefore, how the combin-
ation of different dimensional modalities (2D & 3D) and intrinsic attributes (geometry &
texture) collectively influence perceived quality remains an open question. In this thesis, we
further investigate this interaction, analyzing how these factors contribute to the final per-
ceptual score under various distortion types, thereby enhancing the understanding of quality
perception in immersive point cloud experiences.

1.2.2. VISUAL SALIENCY DETECTION OF DYNAMIC POINT CLOUDS

Visual saliency has been widely used in IQA/VQA metrics [17, 18] to further enhance the
performance of objective quality metrics. This is based on the premise that not all distortions
contribute equally to perceptual quality [2]. We aim to investigate whether this assumption
remains valid for point clouds. However, the study of visual saliency in point clouds remains
limited, with minimal research dedicated to comparing visual saliency maps for point cloud
quality assessment. Furthermore, 3D point clouds are inherently more suited for display
in immersive environments, such as XR. Despite this, there is currently no dedicated visual
saliency dataset for dynamic point clouds. To address this gap, we construct a visual saliency
dataset using eye-tracking technology. This leads to our second research question:

R2: How can visual saliency in dynamic point clouds be detected and compared in
immersive environments?

This research question can be further divided into two sub-research problems
1. How to accurately detect the visual saliency of dynamic point clouds in VR?

2. How do visual saliency maps for dynamic point clouds vary under different task con-
ditions?

To effectively capture salient regions, it is essential to incorporate insights from prior re-
search on visual saliency in images and videos. The experimental design should be carefully
structured within a laboratory setting, to ensure accurate visual saliency acquisition and en-
able a fair comparison between the two experimental settings. While VR environments offer
the advantage of enabling users to freely and immersively observe point clouds, they also
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introduce challenges such as HMD slippage. This can increase experimental instability, in-
troduce additional errors, and pose a risk of data inaccuracy, particularly in eye-tracking data
due to misalignment or tracking drift caused by the movement of the headset. In this thesis,
we construct two datasets with two subjective experiments, one involving a quality assess-
ment task in VR, and the other conducted in a task-free setting. In the quality assessment
experiment, we implement a meticulous error-profiling process to mitigate the impact of
HMD-induced tracking inaccuracies. Beyond the subjective comparison of visual saliency
maps, an objective similarity metric is required to quantitatively evaluate the consistency of
visual saliency across different experimental conditions.

1.2.3. ExTENDING PCQA METRICS WITH VISUAL SALIENCY

Visual saliency has various applications, and its integration into quality assessment metrics
is a key objective of this research. Beyond quality assessment, the visual saliency of point
clouds can be leveraged for applications such as point cloud streaming, transmission, and
rendering. Previous studies have demonstrated that incorporating visual saliency enhances
the performance of objective IQA/VQA metrics [19]. We aim to investigate whether this
finding extends point cloud, leading to our third research question:

R3: What is the added value of incorporating visual saliency for PCQA metrics?
This research question can be further divided into two sub-research problems:

1. How to incorporate the visual saliency map on PCQA metrics for dynamic point
clouds?

2. How to improve the performance of PCQA metrics by 2D visual saliency map?

We hypothesize that integrating saliency information will enhance PCQA metrics, with
the key challenge being how to effectively incorporate this information. For full reference
metrics, several considerations must be addressed: Is it necessary to use visual saliency maps
from both the reference and distorted point clouds? Furthermore, how should the reference
saliency map be applied to the distorted point cloud, given the varying number of points
between them? In this thesis, we utilize both detected visual saliency maps of the reference
and distorted dynamic point clouds, and then we make use of predicted 2D visual saliency
to enhance the accuracy and reliability of PCQA metrics for static point clouds.

1.3. CONTRIBUTIONS OF THIS THESIS

We now present an overview of the main contributions of this thesis, structured by chapter,
including our experimental methodology, algorithmic developments, implementations, and
corresponding results.

For objective PCQA metrics, we propose a novel paradigm that measures feature simil-
arity in a shared space by jointly capturing geometric and textural differences. In terms of
subjective quality assessment and visual saliency detection, we design a novel experimental
procedure inspired by ITU standards. This procedure allows us to simultaneously capture
MOSs and visual saliency information for dynamic point clouds, thereby enabling an invest-
igation into the relationship between perceived quality and attention allocation. We conduct
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a follow-up experiment under different task conditions, analyzing how task demands affect
the distribution of visual saliency. Finally, we extend existing objective PCQA metrics by
incorporating both ground-truth and predicted saliency maps—obtained via learning-based
models—to demonstrate the potential of saliency integration in enhancing objective quality
predictions.

1.3.1. OsiecTivE PCQA METRICS

In Chapter 3, we introduce and analyze two PCQA metrics: PointPCA+ and M3-Unity,
each addressing distinct aspects of quality evaluation. PointPCA+ is a full reference met-
ric that relies on hand-crafted features and emphasizes the importance of a common space
for error-based distortion measurement. While PointPCA+ demonstrates the significance
of precise distortion analysis, its high computational complexity underscores the need for
more efficient PCQA metrics in real-world applications, where computational resources are
often limited. PointPCA+ also outperforms the majority of existing PCQA metrics, reaching
second place in Track#1 and third place in Track#3 and Track#5 of the ICIP 2023 PCVQA
grand challenge [20].

On the other hand, M3-Unity is a reference-free metric that leverages learning-based fea-
tures to assess point cloud quality. Beyond its strong overall performance across evaluated
datasets, M3-Unity provides valuable insights into the interplay between geometry and tex-
ture in perceptual quality assessment. This analysis is particularly beneficial for downstream
tasks such as point cloud compression, as it enables the prioritization of geometry or texture
based on the specific requirements of the compression method. By understanding how these
attributes influence perceived quality, we can optimize compression strategies to achieve bet-
ter visual fidelity while maintaining efficiency.

Together, these metrics contribute to the advancement of PCQA by addressing the need
for accurate distortion measurement and emphasizing the practical challenges of computa-
tional efficiency. They also provide a deeper understanding of the factors influencing per-
ceptual quality, paving the way for more effective point cloud processing and compression
techniques.

These contributions are presented in Chapter 3 and are based on:

1. Xuemei Zhou, Evangelos Alexiou, Irene Viola and Pablo Cesar. 2025. PointPCA+:
A full-reference Point Cloud Quality Assessment metric with PCA-based features.
Signal Processing: Image Communication. [21]

2. Xuemei Zhou, Irene Viola, Yunlu Chen, Jiahuan Pei and Pablo Cesar. 2024. Deci-
phering Perceptual Quality in Colored Point Cloud: Prioritizing Geometry or Texture
Distortion? Proceedings of the 32nd ACM International Conference on Multimedia
(ACM MM). [22]

1.3.2. VisuaL SALIENCY OF PoinT CLOUDS

In Chapter 4, we propose a comprehensive and meticulously designed experimental pro-
tocol for conducting subjective quality assessments of dynamic point clouds in VR envir-
onments, integrated with eye-tracking technology. This protocol not only ensures rigorous
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data collection but also results in the creation and public release of a novel dataset com-
prising eye-tracking data and corresponding quality scores for dynamic point clouds. This
dataset serves as a foundational resource for future research on visual saliency in dynamic
point clouds, enabling cross-validation with other datasets and providing valuable insights
for standardization organizations.

Additionally, we conduct an initial exploration of visual saliency maps under different
task conditions, offering a deeper understanding of how saliency varies across contexts. To
quantify these variations, we introduce a similarity metric designed to measure differences
between visual saliency maps of dynamic point clouds, taking into account multiple factors
such as spatial correlation. Through both qualitative and quantitative analyses, we provide
a clearer understanding of how visual saliency shifts under diverse tasks and evolves with
the motion inherent in dynamic sequences.

These contributions establish a robust framework for studying visual saliency in dynamic
point clouds, offering tools and insights that advance the field and support future investiga-
tions into human perception of 3D visual content. A compressed point cloud dataset with
eye-tracking and quality assessment in mixed reality that includes both eye-tracking data and
quality rating scores for dynamic point clouds is constructed using a similar experimental
protocol [23].

These contributions are presented in Chapter 4 and are based on:

1. Xuemei Zhou, Irene Viola, Evangelos Alexiou, Jansen, Jack, and Pablo Cesar. 2023.
QAVA-DPC: Eye-Tracking Based Quality Assessment and Visual Attention Dataset
for Dynamic Point Cloud in 6 DoF. 2023 IEEE International Symposium on Mixed
and Augmented Reality IEEE ISMAR). [24]

2. Xuemei Zhou, Irene Viola, Silvia Rossi and Pablo Cesar, 2025. Comparison of Visual
Saliency for Dynamic Point Cloud: Task-free vs. Task-dependent. IEEE Transactions
on Visualization and Computer Graphics (IEEE TVCG). [25]

1.3.3. VisuaL SALIENCY-BASED OBIJECTIVE PCQA METRICS

While visual saliency detection for dynamic point clouds has been addressed in the previ-
ous chapter, and numerous image saliency prediction algorithms exist, the integration of
saliency information into PCQA remains an open question. There already exist numerous
algorithms for image saliency prediction. Our contribution in this chapter is to investig-
ate whether incorporating visual saliency maps enhances the performance of dynamic point
cloud quality assessment. If a performance gain is observed, it would indicate that visual
saliency is indeed beneficial for predicting the perceptual quality of dynamic point clouds.
Conversely, if no improvement is found, alternative approaches for obtaining or utilizing sa-
liency information may be necessary. Our experimental results reveal that the effectiveness
of saliency information is highly dependent on the choice of pooling methods and PCQA
metrics, highlighting the need for careful consideration in its application.

These contributions advance the understanding of visual saliency’s role in PCQA and
provide practical methodologies for incorporating saliency information into quality assess-
ment frameworks, paving the way for more accurate and human-aligned evaluation of point
clouds.

These contributions are presented in Chapter 5 and are based on:
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1. Xuemei Zhou, Irene Viola, Ruihong Yin, and Pablo Cesar. 2024. Visual-Saliency
Guided Multi-modal Learning for No Reference Point Cloud Quality Assessment.
Proceedings of the 3rd Workshop on Quality of Experience in Visual Multimedia
Applications (ACM MM Workshop). [26]

2. Xuemei Zhou, Irene Viola, Evangelos Alexiou, Jansen, Jack, and Pablo Cesar. 2025.
Subjective and Objective Quality Assessment for Dynamic Point Cloud with Visual
Attention in 6 DoF. Transactions on Multimedia Computing Communications and
Applications (ACM TOMM). [27]



RELATED WORKS AND
BACKGROUND

This Chapter presents the related work reviewed in this thesis. Since the thesis covers three
main areas, we organize the related work accordingly: objective metrics for media content,
subjective studies, and visual saliency in media content. Within each category, the discus-
sion is further divided into specific subtopics. Additionally, we include a review of the data-
sets commonly used to evaluate objective PCQA metrics, as well as the standard evaluation
criteria for both PCQA metrics and visual saliency maps. By outlining the current state of the
field, highlighting state-of-the-art approaches, and identifying emerging trends, this chapter
provides the necessary background to support the methodologies proposed in Chapters 3 to
5.
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2.1. OBJECTIVE QUALITY ASSESSMENT STUDIES

Objective quality assessment is a computational approach to evaluating the perceptual qual-
ity of media content, such as images, videos, and 3D media content. Unlike subjective
assessments that rely on human observers, objective quality assessment employs mathemat-
ical models to estimate quality in a consistent and repeatable manner. These models are de-
signed to be both accurate and efficient, making them suitable for real-world applications like
streaming, compression, and immersive media delivery. Traditional metrics include Peak
Signal-to-Noise Ratio (PSNR), which measures the pixel-wise difference between original
and distorted content, and Structural Similarity Index Measure (SSIM) [28], which assesses
perceived structural changes by considering luminance, contrast, and structural information.
For video content, the Video Multimethod Assessment Fusion (VMAF) metric [29], de-
veloped by Netflix, combines multiple features—such as Visual Information Fidelity (VIF)
and Detail Loss Metric (DLM)—using machine learning to better align with human visual
perception. The design of these metrics often integrates principles from signal processing,
human visual system modeling, and perceptual psychology to ensure that the assessments
correlate well with human judgments.

In the context of emerging 3D media formats, such as mesh and point clouds, special-
ized objective quality metrics have been developed to address the unique challenges posed
by these data types. The following subsections delve into the objective quality assessment
methodologies specific to static and dynamic point clouds, respectively.

2.1.1. OBJECTIVE QUALITY ASSESSMENT OF STATIC PoINT CLOUD

Objective PCQA metrics can be divided into point-based, projection-based, and feature-
based models based on the way to process the point clouds. In addition, learning-based mod-
els are reviewed, where feature extraction and fusion are performed using machine learning
techniques. Objective PCQA algorithms automatically evaluate the visual quality of point
clouds as human judgments, it can be classified as Full-Reference (FR), Reduced-Reference
(RR) and No-Reference (NR) based on the availability of reference information. In the fol-
lowing, we list PCQA metrics according to the first categorization approach.

Point-based PCQA Point-based metrics such as point-to-point, point-to-plane, and their
variants [7434610??, 30—32] measure degradations between the original and distorted point
clouds per point, mainly based on Euclidean or color space distances [33]. Alexiou et al. [34]
propose the angular similarity of tangent planes among corresponding points, which con-
siders neighborhood information. These metrics are computationally efficient but suffer
from a crude correspondence of matching between points.

Projection-based PCQA Projection-based approaches adapt existing IQA metrics to PCQA,
which is also called image-based. In the Projection-based approaches, firstly used in [35]
for point clouds, the rendered models are mapped onto planar surfaces, on which conven-
tional IQA metrics are applied to provide a quality score. The prediction accuracy of IQA
metrics on 2D views of point clouds is initially examined in [36]. Yet, enabling a large
number of views in denser camera arrangements may lead to redundancies and extra com-
putational costs, without guaranteeing performance improvements, as indicated in [37]. Ex-
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cluding pixels from the views that don’t belong to the effective part of the displayed model
(i.e., background information), was found to improve the accuracy of the predicted quality
in [37]. Moreover, the estimation of the global degradation score by incorporating import-
ance based on the time of inspection of human subjects is proposed in the same study and
is found to increase the prediction performance. Yang et al. [38] introduce a metric based
on a weighted combination of global and local features, which are extracted from 6 ortho-
graphic texture and depth images. Wu et al. [39] obtain the same projections, and weight
the contributions of each face based on the ratio of the size of a plane to the sum of the
area of six planes on the bounding box. Moreover, they propose patch projection of both
geometry and texture data, with patches obtained based on the direction of the normals, en-
suring identical contours. A final score is obtained as a weighted average between quality
scores from geometry and texture information. In [40], point clouds undergo translations,
rotations and scaling before projection. They suggested that the principle of information
content-weighted pooling provides a good framework and proposed to use of IW-SSIM on
the projected views. The mentioned methods are mainly based on the projected texture in-
formation, without considering the geometry structure of the point cloud. Liu ef al. [41]
provide a PCQA model based on the principle of information content weighted structural
similarity (IW-SSIM) [42]. Icosphere and a series of transformations are employed to gen-
erate viewpoints. PQA-Net [43] takes 6 orthographic projections of point clouds as inputs,
features are extracted after convolution neural network blocks, and they share a distortion
identification and a quality prediction module that assist in obtaining final quality scores.
PQA-Net adopts a two-step strategy to train the multi-task neural network. However, the
projection process and the number of viewpoints have a non-negligible impact on the final
prediction accuracy; besides, how to combine the quality score on each viewpoint into a
score is also not straightforward.

Feature-based PCQA Feature-based metrics consider perceptual loss from both geometry
and texture properties. Viola et al. [44] extract the color statistics, histogram, and correlo-
gram to assess the level of impairment and combine the color-based metrics with geometry-
based metrics to form a global quality score. Alexiou et al. [45] employ the local distribu-
tions of point clouds to predict perceptual degradations from topology and color. Yang et
al. [6] construct a local graph centered at resampled key points for both reference and distor-
ted point clouds, with the color gradient on the local graph being used to measure distortions.
Diniz et al. [46] introduced a texture descriptor based on perceptual color distance patterns,
which is scale and rotation-invariant [47]. Meynet et al. [5] utilize an optimally-weighted
linear combination of curvature-based and color-based features to evaluate visual quality.
Diniz et al. [48] adopt the statistical information of the extracted geometry/color features
and feed them into a regression model.

Learning-based PCQA Learning-based modules have also been used to extract percep-
tual features, machine learning techniques often used in the quality regression phase, and
deep learning-based NR PCQA have gained more interest since they align with real-life ap-
plications. Zhang et al. [49] utilize natural scene statistics and entropy on the quality-related
geometry and color feature domains, which are projected from 3D space, and support vec-
tor regression is employed to obtain quality scores. PKT-PCQA [50] adopts a progressive
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knowledge transfer to convert the coarse-grained quality classification knowledge to the
fine-grained quality prediction task. The key clusters are extracted based on global and
local information, an attention mechanism is incorporated into the network design. Struc-
ture Guided Resampling [51] considers that HVS is highly sensitive to structure information,
it first exploits the unique normal vectors of point clouds to execute regional pre-processing.
Both the cognitive peculiarities of the human brain and naturalness regularity are involved in
the designed quality-aware features. MM-PCQA [7] partitions point clouds into sub-models
for local geometry representation and renders them into 2D projections for texture. A sym-
metric cross-modal attention module is used for integrating quality-aware information. IT-
PCQA [52] utilizes the rich prior knowledge in images and builds a bridge between 2D and
3D perception in the field of quality assessment. A hierarchical feature encoder and a condi-
tional discriminative network is proposed to extract latent features and minimize the domain
discrepancy. GPA-net [53] proposes a graph convolution kernel, i.e., GPAConv, which at-
tentively captures the perturbation of structure and texture, within a multi-task framework. A
coordinate normalization module is utilized to stabilize the results of GPAConv under shift,
scale and rotation transformations. pmBQA [54] proposes a projection-based blind quality
indicator via multimodal learning by using 4 homogeneous modalities (i.e., texture, normal,
depth and roughness). As a lightweight alternative, Green Learning (GL) has emerged as
a promising paradigm, offering mathematically transparent and computationally efficient
solutions. GL models have shown success in blind IQA/VQA tasks [55, 56], balancing in-
terpretability with predictive accuracy. However, their simplified architectures struggle to
capture the complex interplay of spatial and attribute distortions in 3D point clouds, leading
to suboptimal performance in high-precision PCQA tasks.

Interested readers may refer to [33] for a more comprehensive review of the literature. In
summary, point-based schemes may neglect the high-dimensional properties of point clouds
and the interplay among these dimensions, thereby limiting their effectiveness. Projection-
based methods often rely on 2D IQA, which may not adequately capture the intrinsic char-
acteristics of point clouds. Feature-based schemes tend to have a high level of complexity,
while the interpretability of deep learning-based methods is a drawback with training requir-
ing a huge amount of data.

2.1.2. OBJeCTIVE QUALITY ASSESSMENT OF DyNAMIC PoINT CLOUDS

Objective quality assessment of 2D/3D video has achieved remarkable progress in recent
years. However, few specific objective quality metrics have been designed for dynamic point
clouds so far. In the following, we summarize the metrics designed for dynamic point clouds,
with a focus on temporal pooling strategies, the fusion of multiple quality indicators, and
the incorporation of visual saliency.

Ak et al. [57] explore the possibility of temporal sub-sampling of the content under eval-
uation for objective quality evaluation without sacrificing the correlation with the subjective
opinion. 30 different objective quality metrics are tested on the Vsense VVDB2 dataset,
combined with temporal sub-sampling and temporal pooling methods. Results show that
the performance of objective metrics for point cloud compression is minimally affected by
the temporal sub-sampling rate. Freitas ef al. [58] investigate the added value of incorpor-
ating temporal pooling into dynamic point clouds quality assessment model using metrics
designed for static point clouds. They find that the performance of temporal pooling is con-
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sistently better when a temporal variation model [59] is used. The same authors investigate
the suitability of geometric-aware texture descriptors to blindly assess the quality of colored
dynamic point clouds [60] on top of the same temporal pooling strategy, leading to similar
conclusions.

Yang et al. [61] conduct a subjective user study to understand the effectiveness of differ-
ent perceptual quality metrics for volumetric video, and design an objective metric called
Volu-FMAF to better evaluate user perceptual quality. Volu-FMAF combined point-based
and pixel-based metrics with viewpoint-related features. They further design a distortion-
aware rendered image super-resolution network in a volumetric video streaming framework,
which exploits the insight obtained in the user study. Damme ez al. [62] present a thorough
correlation analysis of both FR and NR objective metrics to subjective MOS with a double
purpose. Additionally, they investigate how region of interest selection and weighting pro-
cedures impact accuracy to enhance it further. The study shows that the classical video
quality metric VMATF is very well-suited as an objective benchmark for volumetric media
streaming in terms of correlation to subjective scores, and a combination of NR features
could provide a good real-time assessment. Fan ef al. [63] propose a deep-learning-based
NR volumetric video quality assessment method based on multi-view learning. They first
project volumetric videos to 2D video sequences from various viewpoints. ResNet 3D is
utilized to extract quality-aware features, and a quality regression module is designed to
fuse the features learned from the multiple viewpoints and jointly regress them into qual-
ity scores. Marvie et al. [64] benchmark and calibrate several objective quality metrics on
a challenging volumetric video dataset represented as textured meshes: two model-based
approaches (MPEG PCC and PCQM) and one image-based approach (IBSM) for which
they introduced two new features that specifically detect holes and temporal defects. For
each metric, the optimal selection and combination of features are determined by logistic
regression through cross-validation. The performance analysis, combined with MPEG ex-
perts’ requirements, leads to recommendations on the features of most importance through
learned feature weights, such as temporal pooling, integrating an attention model.

Objective quality assessment for dynamic point clouds is still in its early stages, with
most existing methods adapting strategies from 2D video quality assessment. Recent studies
have explored the impact of temporal pooling and sub-sampling techniques, showing that
perceptual accuracy can be maintained with reduced temporal resolution. Other approaches
extend static point cloud metrics by incorporating temporal variation models or multi-view
projections to better capture temporal dynamics. While a few deep learning-based models
have been proposed to predict quality from rendered views, they rely on pixel- and point-
level features without fully addressing the unique spatiotemporal characteristics of 3D data.
Visual saliency has been introduced in some models using predicted saliency maps; however,
due to the lack of gaze-annotated DPC datasets, these models cannot yet leverage human
attention directly. Overall, current methods demonstrate promising directions but remain
limited by their reliance on 2D paradigms and the lack of perceptually grounded 3D datasets.

2.2. SUBIJECTIVE QUALITY ASSESSMENT STUDIES

In the development of objective PCQA metrics, subjective quality assessment datasets are
the basis for their design and validation. Ground-truth ratings for visual impairments in stim-
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uli, namely Mean Opinion Score (MOS) or Differential MOS (DMOS), are obtained through
subjective quality assessment experiments [65, 66]. These scores primarily indicate the de-
gree of degradation affecting the contents with little information about the representations
of distortion. The psychological and physiological mechanisms of HVS reveal that humans
cannot perceive the signal change below a certain threshold [67]. Consequently, numerous
distorted contents below the threshold form an equal-quality space with combinations of
various distortion types and levels [68].

Existing synthesized PCQA datasets, generated either by performing a test in a controlled
laboratory environment or by mimicking it with point cloud processing algorithms, are size-
limited and distortion-type and distortion-level unbalanced, often resulting from the prin-
ciple when constructing the dataset [69-72]. For example, when using test methods such as
Absolute Category Rating (ACR), the distortion level for a certain distortion type must be
visually distinguishable to obtain meaningful MOS values and to avoid fatiguing subjects.
Regarding the compression distortion of PCQA, recent research indicates a monotonic rela-
tionship with bit rate when evaluating compression quality [73, 74]. However, it’s crucial
to emphasize that subjective quality evaluation sometimes does not follow a monotonic be-
havior. This is particularly evident in cases where the balance between geometry and color
quality in point cloud content is challenging to establish [75]. This complexity adds diffi-
culty to discerning between different point cloud coding modules.

Therefore, it becomes imperative to integrate both geometry and texture distortions in as-
sessing the perceptual quality of point clouds for PCQA. The utilization of effective geometry-
and texture-related features can enhance the optimization of various algorithms associated
with perception.

2.2.1. SuUBJECTIVE QUALITY ASSESSMENT OF STATIC PoINT CLOUD

Subjective quality assessment are widely regarded as the most reliable method to evaluate
the quality of point clouds, the interested reader may refer to [33] for a detailed overview.
Recently, many subjective studies have been conducted and reported in the literature to as-
sess the performance of compression distortion in terms of visual quality. Lots of works
present the subjective result for compressed point cloud, such as base point cloud compres-
sion method from MPEG [76]; octree pruning using the Point Cloud Library and projection-
based method implemented in the 3DTK toolkit [77]; V-PCC and G-PCC variants [78, 79].
Later, other distortion types are introduced in the SITU-PCQA dataset [38] to mimic the ac-
quisition and re-sampling noise besides the compression distortions. Liu et al. [80] distorts
the source point clouds with 4 processes to simulate real-world application scenarios and en-
rich the contents beyond those addressed by MPEG and JPEG. Liu et al. [81] construct the
largest dataset so far with pseudo-quality scores to support neural network training. 31 types
of impairments covering a wide range of impairments during point cloud production, com-
pression, transmission, and presentation are included. More recently, learning-based point
cloud compression techniques have been considered. AK et al. [74] include the GeoCNN
compression distortion. Lazzarotto et al. [82] first analyzes the impact of different configur-
ation parameters on the performance of MPEG and JPEG Pleno compression with the aid
of objective metrics.
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2.2.2. SUBIECTIVE QUALITY ASSESSMENT OF DyNaMIc PoinT CLOUDS

Whereas subjective quality assessment of static point clouds has been explored in more detail
in the literature [37], analogous research on dynamic point clouds is still a sophisticated
and challenging problem, owing to numerous factors such as the evaluation methodology,
rendering method, display equipment and so forth.

Zerman et al. [83] conduct a subjective experiment on two dynamic point clouds (Vsen-
seVVDB) using V-PCC compression [84]. Additionally, they argue that certain geometric
distortion metrics are incongruent with the expected quality. Hooft e al. investigate how
and to what extent various aspects impact the user’s QoE, via extensive subjective evalu-
ation of volumetric 6 DoF streaming [85]. Mekuria et al. evaluate the subjective quality
of the CWI-PCL codec performance in a realistic 3D tele-immersive system in a virtual
room scenario, in which users are represented and interact as 3D avatars and/or 3D point
clouds [7434610??]. The subjective study shows that introduced prediction distortions are
negligible compared with the original reconstructed point clouds. Cao et al. [86] study the
perceptual quality of compressed 3D sequences, for both point cloud compression and mesh-
based compression. They explore the impact of bit rate and observation distance on percep-
tual quality. Cox et al. [87] present VOLVQAD, a volumetric video quality assessment
dataset with 376 video sequences. The volumetric video sequences are first encoded with
MPEG V-PCC using 4 different avatar models and 16 quality variations, and then rendered
into test videos for quality assessment using 2 different background colors and 16 differ-
ent quality switching patterns with 2D display. However, these experiments are all with a
desktop setting. Viola et al. [88] compare two different VR viewing conditions enabling
3/6 DoF, along with a desktop setting, to understand how interaction in the virtual space af-
fects the perception of quality. Results show no statistical difference between scores given
in a desktop and VR setup; however, qualitative results highlighted the added value of in-
teractive evaluation. One limitation of the study lies in the time duration (5 seconds) of the
sequences used for the evaluation, as the authors use 150 frames. Subramanyam ez al. [73]
evaluate the performance of several adaptive streaming solutions in an interactive VR exper-
iment. They compare the performance of V-PCC with respect to CWI-PCL, using various
adaptive streaming strategies. Quantitative subjective results and qualitative insights indic-
ate that V-PCC has a more favorable performance than the CWI-PCL, especially at low
bit rates. Damme et al. [89] conducted an in-depth subjective study on the impact of con-
verting point clouds to meshes with varying-quality representations. Additionally, while
end-users demonstrate awareness of quality switches, the effect on their perception remains
limited. Gutierrez et al. [90] present a subjective study on dynamic point clouds using the
absolute category rating methodology and considering different compression rates using
the MPEG standard V-PCC. Results on users’ exploration behavior show no significant dif-
ferences when visualizing point clouds with different qualities, no changes in the behavior
during the test session, and no correlation between exploration activity and quality assess-
ments. Nguyen et al. [23] provide an open-source compressed point cloud dataset with eye
tracking and quality assessment in mixed reality including 4 dynamic point clouds. Opinion
scores and eye-tracking data are collected in a user study under different experimental set-
tings. While numerous studies have explored the subjective quality assessment of dynamic
point clouds, there is a gap in research focusing on visual attention and quality assessment
in VR with 6 DoF.
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2.3. VisuAL SALIENCY AND ITS APPLICATION FOR MEDIA
CONTENT

Owing to HVS’s selectivity in responding to the most attractive features in the visual field,
it’s inappropriate to treat each voxel equally [2]. Saliency maps aim to capture these percep-
tual priorities by highlighting the regions that most influence visual attention or recognition
tasks. In the context of 2D images, saliency has been widely studied and used to interpret the
influence of individual pixels on classification outcomes [91-93]. This concept has recently
been extended to 3D point clouds, where saliency maps help identify the importance of each
point in terms of perceptual or semantic relevance [12, 14].

These developments reveal the potential of saliency for a wide range of media applications,
including adversarial analysis, perceptual quality assessment, and content-aware processing.
To better contextualize its role, we present a review of saliency datasets, saliency-integrated
objective quality assessment metrics, and recent efforts to incorporate saliency into PCQA
algorithms. Additionally, we discuss how task-specific factors can influence visual saliency
patterns. Together, these perspectives offer a comprehensive understanding of how saliency
can enhance the analysis and evaluation of immersive media content, with a focus on dy-
namic point clouds.

2.3.1. VisuaL SALIENCY DATASETS

In the early stages of visual attention computation, due to the limitations of eye-tracking tech-
nologies, different collection procedures for salient points were pursued. For example, Chen
et al. [94] investigate “Schelling points” on 3D meshes, feature points selected by people
in a pure coordination game due to their salience. They designed an online experiment that
asked people to select points via mouse-tracking technology on 3D surfaces that they ex-
pected would be selected by other people. This dataset is widely used as a benchmark for
objective saliency detection algorithms for colorless point cloud/mesh [95, 96]. Later meth-
ods employ handcrafted descriptors [96, 97] from lower-level geometric properties to detect
the point cloud/mesh saliency, but these approaches lack expressiveness and overlook real
human viewing behaviors [98].

More recently, to explore the visual attention of 3D contents, eye-tracking experiments
remain the main way to understand human visual behaviors. Sitzmann et al. [99] capture
and analyze gaze and head orientation data of users exploring stereoscopic, static omnidirec-
tional panoramas, for a total of 1,980 head and gaze trajectories for three different viewing
conditions. They found the existence of a particular fixation bias, which can be used to adapt
existing saliency predictors to immersive VR conditions. Nguyen et al. [100] introduce a
large saliency dataset for 360-degree videos with a new methodology supported by psycho-
logy studies with HMD. They describe an open-source software implementing this meth-
odology that can generate saliency maps from any head-tracking data. Lavoué et al. [101]
present a dataset that records the eye-movement data for rendered 3D shapes. During their
experiment, 3D meshes are rendered using different materials and lighting conditions under
different scenes, and the rendered videos of 3D meshes are shown on the screen for subjects
to observe. Ding et al. [102] propose a novel 6DoF mesh saliency dataset that provides
both the subject’s 6DoF data and eye-movement data, and a 6DoF mesh saliency detection
algorithm based on the uniqueness measure and the bias preference is developed. Abid et
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al. [103] compute the visual saliency of the point cloud considering the viewpoint from
which the 3D content was seen/rendered, using an offline-computed view-based saliency
map. One eye-tracking experiment on a 2D screen is conducted to verify the proposed sali-
ency map. Alexiou et al. [14] conduct an eye-tracking experiment in an immersive 3D scene.
A method to exploit the high-quality recorded gaze measurements is introduced based on
per-session profiling, and a scheme to determine areas of fixations in a static point cloud is
proposed. Nguyen et al. [23] propose a dataset with compressed dynamic point clouds, rat-
ing scores, and eye-tracking data with AR HMD. However, only 4 reference dynamic point
clouds have an associated visual saliency map.

To the best of our knowledge, no existing dataset has been publicly released that captures
visual attention in dynamic point clouds. Moreover, none of the previous subjective studies
have systematically examined how task conditions or variations in XR environments influ-
ence the distribution of visual saliency in dynamic point clouds.

2.3.2. ExTENDING IQA/VQA METRICS WITH VISUAL SALIENCY

Recent literature in eye-tracking-based visual saliency for immersive contents has mainly
focused on task-free experiments to gather visual attention maps [99, 104]; no study has
been conducted to link visual attention to visual quality assessment for volumetric videos.
The literature suggests that visual attention might be beneficial for understanding the process
of perception of visual quality for 2D images/videos; in fact, different metrics for IQA have
been extended with a computational model of visual attention [2], but the resulting gain on
the metrics’ performance is so far unclear. To better understand the added value of including
visual attention in the design of objective metrics for 2D images, some works in the literature
have taken advantage of recorded visual attention data. Lin er al. [105] perform two eye-
tracking experiments: one with a free-looking task and one with a quality assessment task.
They found a tendency that adding saliency to a metric yields a larger amount of gain in
performance. The extent of the performance gain tends to depend on the specific objective
metric and the image content. In addition, the gain is small for objective metrics that already
show a high correlation with perceived quality for a given distortion type. Zhang et al. [106]
propose a new methodology to eliminate the inherent bias due to the involvement of stimulus
repetition. The refined methodology result in a new eye-tracking dataset with a large degree
of stimulus variability. Based on ground-truth labeling, the statistical evaluation shows that
the visual attention information of both the referenced and distorted scene is beneficial for
IQA metrics, but the latter tends to further boost the effectiveness of integrating attention
in IQA metrics. Jin et al. [107] utilize an eye-tracker to create foveation-compressed VR
datasets and evaluate both the foveated and non-foveated objective IQA/VQA algorithms.
To better understand whether the findings regarding visual saliency and quality assess-
ment on 2D images/videos can hold for volumetric contents, ad-hoc datasets that combine
the two aspects are needed. That is one of the research gaps we aim to fill with this thesis.

2.3.3. ExTENDING PCQA METRICS WITH VISUAL SALIENCY

Bourbia et al. [108] present an NR approach that incorporates the advantage of the trans-
former encoder architecture and the visual saliency to predict the perceived visual quality
of distorted point clouds. They project the point cloud into multi-view and weight each
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view with its corresponding calculated saliency map through a pointwise multiplication to
detect the regions of interest, and then regress the weighted sub-images to a quality score.
However, the weighted sub-images are not guaranteed to be the saliency areas correlated
to the perceptual quality. RR-CAP [109] makes the first attempt to simplify reference and
distorted point clouds into projected saliency maps with a downsampling operation in an RR
manner. The objective quality scores of distorted point clouds are produced by combining
content-oriented similarity and statistical correlation measurements based on the saliency
maps. PQSM [110] introduces a 3D point cloud saliency map generating method, which in-
tegrates depth information to enhance geometric representation. Three structural descriptors
capturing geometry, color, and saliency discrepancies are used to construct local neighbor-
hoods. A saliency-based pooling strategy refines the descriptors, yielding a comprehensive
quality score. Laazouf et al. [11] firstly compute a 3D saliency map for each distorted
point cloud. Then, a threshold-based filter is used to select the most salient points. Estim-
ates of their statistical properties (Entropy, Standard deviation, Skewness, Kurtosis, Median
and Mean) form a feature vector from both geometrical and perceptual attributes. The sup-
port vector regressor is utilized to regress the feature vector as a quality score. These three
non-learning metrics mainly consider one modality.

2.3.4. Task IMpACT ON VISUAL SALIENCY

Understanding how the allocation of human visual attention changes depending on percep-
tual tasks offers clear benefits in developing techniques and improving the quality of exper-
ience in VR/AR. This is a complex behavior that holds great importance for the field of
IQA/VQA. Specifically, task-free means that the user observes the content as naturally as
possible, with fixation data from such free viewing commonly used to evaluate visual sali-
ency. In contrast, task-dependent means that the user observes the media content to fulfill a
specific task; in the case of IQA/VQA, to evaluate the visual quality. In these experiments,
the MOSs (typically ranging from 1 to 5) across users serves as the ground truth for quality
evaluation.

Meur et al. [111] carry out two eye-tracking experiments on 10 original video sequences
in a free viewing and a quality assessment task, separately. The comparison between eye
movements indicates that the degree of similarity between human priority maps is rather
high. They observe that saliency-based distortion pooling does not significantly improve
the performances of the VQA metric. Liu ef al. [105] and Hani et al. [112] perform a
similar experiment procedure for IQA, Liu evaluates whether and to what extent the addition
of natural scene saliency is beneficial to objective quality prediction in general terms, and
Hani conclude that it is not fair to compare the effect of adding saliency in objective metrics
without specifying how the saliency was measured.

In larger contexts, task effects more broadly influence visual attention in immersive en-
vironments. Hadnett-Hunter ef al. [113] investigated free-viewing, search, and navigation
tasks in interactive virtual environments and found task-specific differences in several human
visual attention measures, particularly during navigation. Their findings demonstrated the
potential for using attention data to dynamically adapt virtual simulations and games. Hu et
al. [114] analyzed eye and head movements of participants performing free-viewing, visual
search, saliency, and tracking tasks in 360-degree VR videos. They revealed significant
task-driven differences in fixation durations, saccade amplitudes, head rotation velocities,
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and eye-head coordination. EHTask—a learning-based method that employs eye and head
movements to recognize user tasks in VR is proposed. Their work provides meaningful
insights into human visual attention under different VR tasks and guides future work on re-
cognizing user tasks in VR. Malpica et al. [115] systematically examined the impact of free
exploration, memory, and visual search tasks on visual behavior in immersive scenes. They
reported consistent task-specific differences in eye and head movement patterns, offering
practical insights for designing task-oriented immersive applications.

To the best of our knowledge, we are the first to investigate the impact of tasks on human
attention deployment in the context of dynamic point clouds, building on insights from video,
VR, and immersive media studies.

2.4. DATASET AND EvALUATION CRITERIA

This section presents the datasets and evaluation criteria used in this thesis. It provides a
detailed description of both static and dynamic PCQA datasets. The evaluation includes
performance-based criteria for objective metrics as well as visual saliency similarity meas-
ures.

2.4.1. PCQA DataSET For StaTic PoinT CLOUD

Below, we list widely used datasets for the evaluation of the objective PCQA metrics. Five
publicly available datasets were recruited for performance evaluation, namely, M-PCCD,
SJTU, WPC, BASICS, and MJ-PCCD.

The M-PCCD [78] consists of 8 point clouds whose geometry and color are encoded us-
ing V-PCC and G-PCC variants, resulting in 232 distorted stimuli. Detailed distortion types
include Octree-Lifting, Octree-RAHT, TriSoup-Lifting, TriSoup-RAHT and V-PCC. The
contents in M-PCCD depict either human figures or objects. The SJTU [38] includes 9 ref-
erence point clouds with each point cloud corrupted by seven types of distortions under six
levels, generating 378 =9 x 7 x 6 distorted stimuli. Detailed distortion types include Octree-
based compression, Color Noise (CN), Geometric Gaussian Noise (GGN), downsampling,
and combinations of the CN, GGN and downsampling. SJTU includes 5 human body models
and 4 inanimate objects. The WPC [41] contains 20 reference point clouds with each point
cloud degraded under five types of distortions and different levels, leading to 740 = 20 x 37
distorted stimuli. Detailed distortion types include Octree-LPCC, TriSoup-SPCC, V-PCC,
Gaussian noise and downsampling. WPC dataset only collects objects including snacks,
fruits and vegetables, etc. The Broad Quality Assessment of Static Point Clouds (BA-
SICS) [74] is used in the ICIP 2023 PCVQA grand challenge, and comprises 75 point
clouds from 3 different semantic categories: (i) Humans & Animals, (ii) Inanimate Objects,
and (iii) Buildings & Landscapes. Each point cloud is compressed with 3 compression meth-
ods from the MPEG standardization field, i.e., Octree-RAHT, Octree-Predlift and V-PCC;
1 learning-based algorithm, i.e., GeoCNN, at varying compression levels, resulting in 1494
processed point clouds. BASICS dataset is aimed at providing a foundation for research that
supports telepresence applications, in terms of compression and quality assessment. MJ-
PCCD [82] is created by compressing 6 reference point clouds from the JPEG Pleno test
set at 4 different bitrates with the GPCC, VPCC, and JPEG Pleno standards, producing 213
distorted stimuli.
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Table 2.1: Overview of static point cloud quality assessment datasets

Datasets Contents Distortion Types Distortion Levels | Total
. . Octree-Lifting, Octree-RAHT, TriSoup-Lifting, G-PCC: 6
M-PCCD | Humans & Inanimate Objects | 8 TriSoup-RAHT, V-PCC V-PCC: 5 232
Octree-based compression,
SJTU Humans & Inanimate Objects | 9 CN, GGN, downsampling, CN + GGN, 6 378
CN + downsamplin, GGN + downsampling
WPC Inanimate Objects 20 OQR@-FNOO, H.Emo:w-mm.ﬂp /.\.wOO, Geometry: 3 740
Gaussian noise, downsampling Texture:1/3/4
1. Humans & Animals .
. . Octree-RAHT, Octree-Predlift, G-PCC: 5
BASICS 2. .H:w::ﬁwa Objects 75 V-PCC, GeoCNN V-PCC: 6 1494
3. Buildings & Landscapes
MIJ-PCCD | Humans & Inanimate Objects | 6 G-PCC, V-PCC, JPEG Pleno standards 4 213
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We provide a summary based on the content variety, types and levels of distortion, and
the total number of point cloud samples in each dataset, as illustrated in Table 2.1..

2.4.2. PCQA DATASETS FOR DyNaMic PoinT CLoUD AND VISUAL
SALIENCY IN PoinT CLOUD

Table 2.2 provides a comprehensive overview of publicly available subjective quality assess-
ment and visual attention datasets for point clouds. The summary includes key attributes of
each dataset, particularly those that involve dynamic point clouds or contain visual saliency
information. The datasets are compared based on the type of content (dynamic or static),
types of distortions applied (e.g., compression, down-sampling, or geometric degradation),
the number of stimuli, the duration of each sequence, and the display setup used during the
study (e.g., 2D monitor, HMD, AR).

Additionally, the table indicates whether the dataset includes user interaction during the
study, whether it provides opinion scores for quality evaluation, and whether visual atten-
tion data (e.g., eye tracking or saliency maps) is available. This summary helps highlight the
differences in experimental design, application scenarios, and data availability across exist-
ing datasets, offering valuable insight for future research in point cloud quality and saliency
modeling.

2.4.3. EvALUATION CRITERIA

Four commonly used evaluation criteria are used to reflect the relationship between objective
scores and subjective scores [119, 120]: (1) Pearson Linear Correlation Coefficient (PLCC),
which measures the linearity of prediction; (2) Spearman Rank-order Correlation Coefficient
(SRCC), which measures the monotonicity of prediction; (3) Root MSE (RMSE), which
measures the error of prediction. (4) Kendall rank-order correlation coefficient (KRCC),
which evaluates how well the ranking of predicted scores matches the ranking of actual
scores, complementing SRCC.

Higher values of PLCC, SRCC and KRCC indicate better performance in terms of correla-
tion with human opinion, while lower RMSE indicates better consistency. A five-parametric
logistic regression is adopted [121].



OBJECTIVE QuALITY METRICS OF
Point CLOoUD

This chapter investigates objective quality metrics for static point clouds. While existing
metrics were reviewed in the previous chapter, here we introduce novel contributions for both
FR and NR PCQA. Specifically, we propose an FR metric based on PCA-derived statistical
features combined with a Random Forest regression model to predict perceptual quality
scores. To complement this, we also develop a learning-based NR metric, addressing the
practical need for NR solutions in real-world applications where reference data is often
unavailable. Furthermore, we conduct an in-depth analysis of the relative contributions of
geometric and texture attributes to perceived point cloud quality. These findings not only
inform the design of more perceptually aligned similarity measures but also offer valuable
guidance for optimizing bit allocation in point cloud compression. Together, the proposed
FR and NR frameworks provide versatile tools that can be adapted to different application
scenarios. The effort of this chapter is to develop an accurate and efficient mathematical
model for evaluating the perceptual quality of point clouds, enabling its integration into
various algorithms throughout the point cloud processing pipeline.

This chapter is based on the following publications:

1. Xuemei Zhou, Evangelos Alexiou, Irene Viola and Pablo Cesar. 2025. PointPCA+: A full-reference
Point Cloud Quality Assessment metric with PCA-based features. Signal Processing: Image Commu-
nication. [21]

2. Xuemei Zhou, Irene Viola, Yunlu Chen, Jiahuan Pei and Pablo Cesar. 2024. Deciphering Perceptual
Quality in Colored Point Cloud: Prioritizing Geometry or Texture Distortion? Proceedings of the 32nd
ACM International Conference on Multimedia (ACM MM). [22]

27
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Point cloud is prevailing among the available 3D imaging formats [122]. There is a de-
mand for effective and efficient objective PCQA metrics, to guide the design, optimization,
and parameter tuning of point cloud processing pipelines. PCQA metrics have been extens-
ively utilized in various applications, including visual tasks, restoration [123, 124], com-
pression [125, 126], as well as for quality monitoring in various systems [73, 127-129].

PCQA has three categories, namely FR, RR, and NR, based on the availability of refer-
ence point cloud data. Compared with RR and NR, FR PCQA metric requires the fully avail-
able reference during the execution, which perceives quality as a comparison of differences
between a degraded and a pristine version [10]. The FR paradigm enables comprehensive
distortion analysis by leveraging all available information, whereas NR metrics, which do
not require reference data, are more applicable in real-world scenarios. These two paradigms
are complementary: together, they enrich the broader landscape of objective PCQA and can
provide valuable tools for supporting various application needs.

From a methodological standpoint, PCQA methods are often formulated using a pipeline
that includes feature extraction followed by feature regression, although alternative formula-
tions also exist [130—133]. Researchers have utilized both hand-crafted and learning-based
features, usually combined with a non-linear function or learning-based regressor [134,
135]. End-to-end schemes can significantly improve the prediction performance by fit-
ting the ground truth well. However, the HVS mechanisms behind them are difficult to
explain [136]. In addition, one of the most challenging issues of end-to-end learning-based
approaches is their requirement for large amounts of labeled data for training [81, 137, 138].
The learning model may have difficulties in handling various contents and distortions if the
training set is not sufficiently large or fails to adequately represent real-world contents [ 139].
Besides, the shortage of data may probably cause serious over-fitting problems. In practice,
existing PCQA datasets remain relatively small and often exhibit imbalance in distortion
types. Therefore, it is essential to analyze model performance on a per-dataset basis rather
than solely pursuing high-performance metrics.

Among all the visual artifacts for point clouds, the encountered distortions can be categor-
ized into geometric and textural distortions, which can be created by compression algorithms
and other noise-generation methods. Particularly in the context of lossy compression, ap-
proaches have been devised to encode geometric coordinates or associated attributes, de-
pending on application requirements [84]. Given the necessity of color attributes for human
visualization, combining algorithms for both geometric and textural attributes is essential
for holistic representation. Consequently, numerous studies have recently evaluated point
cloud quality both subjectively and objectively [33]. Subjective studies investigate the qual-
ity of point clouds under different distortion types of both geometry and texture attributes or
of a single attribute [140]. Objective metrics also follow a similar paradigm to predict qual-
ity. Early objective metrics primarily focused on geometric distortions. Geometric-based
metrics, from a simple displacement such as point-to-point or point-to-plane [30] distances
in the Euclidean space to a more complex geometric feature such as point-to-distribution
[141] and density-to-density [142] distances, examine the quality only from a geometric
perspective. Color-based metrics [44, 143] produce a score computed only from the color
attribute.

However, most existing studies compute geometric or textural similarity between the ref-
erence and distorted point clouds independently [5, 45, 144]. These methods typically rely
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on point-wise correspondences based on geometric alignment, which may not fully capture
perceptual similarity.

To address these limitations, and drawing inspiration from PointPCA [45], this chapter
introduces an alternative FR strategy: instead of assessing similarity from the two point
clouds separately, we propose to project them into a shared feature space and measure their
similarity there. This approach aims to better capture structural and perceptual differences
with this projection operation. We present PointPCA+, an enhanced version of PointPCA,
and provide detailed analysis based on our prior work [145], including evaluations across
various distortion types and an investigation of feature importance for quality prediction.
The contributions of PointPCA+ are threefold:

* We extend the PointPCA framework by performing PCA on the geometry data of the
reference point cloud and transforming both the reference and distorted point clouds
onto the new basis. This way we can capture differences in their shape properties
effectively.

* We utilize knn algorithm to determine the neighborhood, which is faster and returns
a consistent number of points, therefore further decreasing the computational cost of
subsequent processing steps.

* We perform extensive experimentation on four publicly available datasets, demonstrat-
ing that PointPCA+ consistently achieves superior performance across four distinct
datasets. A thorough analysis investigates the effectiveness of different handcrafted
features concerning specific distortion types, aiming to discern which features are
more impactful for different distortion type categories.

What’s more, we would also want to understand further which distortion we should prior-
itize when measuring the perceptual quality of the point cloud. These mentioned objective
metrics are hard to disentangle when distortions affect both attributes simultaneously, even
when one attribute is not explicitly distorted (for example, distortion in geometry will affect
the texture). Therefore the landscape has evolved to incorporate both geometry and texture
[5, 6, 45, 144], with several approaches integrating multimodal learning. MM-PCQA [7]
introduces multimodal learning for PCQA, combining uncolored point clouds and projected
texture maps. MFT-PCQA [146] further improves the performance with a mediate-fusion
strategy. pmBQA [54] perceives the quality by using 4 homogeneous modalities. Despite
these advancements, existing metrics often overlook certain dimensionalities and fail to ex-
ploit the potential of both attributes. Besides, the role of the distortion type is ignored.
Furthermore, Lazzarotto et al. [82] reveal that alternative trade-offs between geometry and
texture can potentially provide better visual quality in a pair-wise comparison experiment.
These studies shed certain light on how such interplay varies based on the distortion type
as a first step towards this underexplored aspect in PCQA in a subjective manner. None
of the existing metrics has explored how the geometric/textural distortion and their inter-
play contribute to the perceived quality of the point cloud automatically. Therefore, a more
considerate design that can consider the interplay of such attributes in the HVS is needed.

Understanding attributes and their interrelationships is crucial in various real-world ap-
plications. Nevertheless, the relative significance of each attribute representation as well as
the interplay between them remain ambiguous in the context of PCQA, which reflects human
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Figure 3.1: A high level illustration of M3-Unity. The distortion type serves as a prior in
shaping the perceptual quality through the HVS. The interplay of 4 modalities
in representing entangled distortion adds complexity to this process.

perception preferences. As for which attribute is more important, we refer to specific dis-
tortion types. To this end, this metric, Multi-Modality and MU]Iti-task no reference quality
assessment for colored point clouds, termed M3-Unity, investigates two attributes and their
interplay for perceptual quality assessment in a NR deep learning-based way. In particular,
we use additional 3D normal and multi-view projections to retain the intrinsic characterist-
ics of the point cloud and mimic the imaging process of HVS. Additionally, we measure
the relationship between geometry and texture and their interplay given a specific distortion
type, as demonstrated in Figure 3.1. To summarize, our key contributions of M3-Unity are
fourfold:

* We propose M3-Unity, a metric that uses 4 modalities across attributes and dimension-
alities to represent the point cloud. The multi-task decoder involving distortion type
classification selects the best combination among 4 modalities based on the distortion
type, aiding in the regression task.

¢ The performance of M3-Unity and its variant demonstrates clear advantages over the
state-of-the-art metrics across four datasets, showcasing substantial gains in compar-
ison.
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* We apply attention mechanism to establish inter/intra associations among patches (es-
pecially within dimensionality, we keep the spatial correspondence), yielding both
local and global features, to fit the highly nonlinear property of HVS.

* We delve into the relationship between geometric and textural distortion in terms of
PCQA. Extensive experiments are conducted to determine whether geometric, tex-
tural, or their interplay is prioritized under various distortion types.

3.1. PoinTPCA+

Point || Duplicate RN PCA — Mabping H— Descriptors |! ,| Feature

Cloudres || | merging | ] apping computation |/["| selection

[ Neighborhood || Predictors |: Feature

i| identification [1] computation [° fusion

Point | Duplicate | | . Descriptors Quality

Cloudass || merging | 7| Mapping = PCA P computation | scores
| 3.1. Pre-processing ‘ 3.2. Feature Extraction 3.3. Quality Regression

Figure 3.2: PointPCA+ architecture: both the reference and the distorted point cloud are
passing through every stage to compute a quality score. Operations in the blue
box are applied only to the geometry data of point clouds. Only the reference
point cloud serves as a reference to identify neighborhoods.

In Figure 3.2, the PointPCA+ framework is illustrated, which is split into three modules,
namely, (a) pre-processing, (b) feature extraction, and (c) quality regression which are intro-
duced in the following subsections. Note that a FR metric typically uses either the pristine
or the impaired content as a reference, or both. In our metric design, only the pristine point
cloud serves as a reference.

3.1.1. PRE-PROCESSING

To ensure coherent geometry and color information without redundancies, points with identical
coordinates that belong to the same point cloud are merged [30]. The color of a merged
point is obtained by averaging the color of corresponding points sharing the same coordin-
ates. For an FR PCQA metric, identifying matches between reference and distorted point
clouds is crucial for comparing corresponding local properties. In our method, we use the
knn algorithm to identify neighborhood pairs between two point clouds. In particular, for
each point that belongs to a reference point cloud «f, we find its N nearest reference points,
and its N nearest distorted points from the distorted point cloud 23, in terms of Euclidean
distance.
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3.1.2. FEATURE EXTRACTION

To capture local perceptual quality degradations of a distorted point cloud, we compute
geometry and texture descriptors based on the identified neighborhoods. Statistics based
on these descriptors are subsequently calculated and serve as predictors of visual quality.
Features are finally obtained via pooling over these predictors. As mentioned earlier, our
method uses only the pristine point cloud as a reference to find the matches in the distorted
point cloud.

Geometry descriptors Given a query point p; of <, the subscript i denotes the point
index, 1 =i < |&/|, and || is the cardinality. The coordinates of p;’s N nearest neighbors
in & are indicated as pn"g = (X, ¥n»2n) ', with 1 < n < N and & € {«f,%}. The geometry
of p; is denoted as pf’d, and the geometry of its closest neighbor in 98 is denoted as pf 2
Initially, the covariance matrix Z? is computed as

v =~ 20 (o5 -8 (o5 -5 ) G.1)

where pf“d indicates the centroid, given as
g _ 1 ot
LAWY T (3.2)

Then, eigen-decomposition is applied to Z”l‘?“' , to obtain the eigenvectors which form an or-
thonormal basis V< composed of eigenvectors V% , where m =1,2,3. Next, we map the
reference and distorted neighborhoods to the new orthonormal basis, denoted as w‘f =
(T i
the eigenvectors Vg,ﬁ . This process is visually demonstrated in Figure 3.3, showcasing the
distinction between the two bases.
The merit inherent in projecting the geometry of both the reference and distorted point clouds
onto a shared orthonormal basis, established by the reference point cloud, lies in the capacity
to unify the representation of geometry degradation within a common space. This enables
a more precise measurement of geometry similarity within the framework of the FR PCQA
paradigm.

The mapped coordinates of the reference and distorted points w? , the eigenvectors v2,
and the unit vectors u,,, with u; = [1,0,0]%, uy = [0,1,0]T and w3 = [0,0,1]7, are used to
construct the geometric descriptors defined in Table 3.1.

)- V<. Finally, we apply PCA to the covariance matrix of w‘,gf and compute

Texture descriptors The color space is first converted from RGB to YCbCr [147]. This
conversion is motivated by the fact that the human eye is more sensitive to changes in bright-
ness than changes in color according to HVS. We denote the texture information of p;’s N
nearest neighbors in & as pﬁ,’g = (Y,,Chby, Cry)T. The proposed 6 texture descriptors are
defined in Table 3.1.

Explanation of descriptors Each geometry descriptor represents an interpretable shape
property inside the neighborhood. Specifically, e denotes the error vector between the
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Figure 3.3: The orthonormal basis formed by both reference (longdress) and distorted (long-
dress_Octree-Lifting_R04) point clouds. The orange color represents the geo-
metry around one point (2130th point) of the reference point cloud and the cor-
responding basis after PCA operation; the purple color represents the geometry
around the matched point of the distorted point cloud and the corresponding
basis after PCA operation.

(a) longdress (b) /,L(Ld ):  Point-(c) [J(L‘d ):  Point-(d) [J(Pd ):  Point-(e) u(Pd ):  Point-
PCA PCA+ PCA PCA+

Figure 3.4: The point cloud longdress and statistical features using mean of linearity (Fig-
ures 4.7(b)-4.11(c)), planarity (Figures 4.7(d)-4.7(e)). The amplitudes of statist-
ical features are color-mapped, with red indicating higher and blue lower values.
It can be noticed that the mean of linearity (4.7(b)) and planarity (4.7(d)) of
PointPCA/PointPCA+ capture high- and low-frequency geometric regions, re-
spectively. Additionally, PointPCA+ has lower complexity as the neighborhood
is determined through knn.
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Table 3.1: Definition of descriptors.

Descriptor Definition Distance
Error vector e= (a)‘? - wf{ ) Ta
Error along axes €Em= (w‘? - w‘;?f )T, g
Error from origin 7 = w‘? TasTB
Mean p? =508 Ta:Tp
Variance A7 = % Y (07 _'ug)Z rs
Sum of variance 7 =Y, A7 Ts

. Covariance =1 Y, (0 -p?) (0f - pu” )T ry

'% Omnivariance 07 = /T A2 9

§ Eigenentropy EZ =-Y,, A7 -logAZ Ts
Anisotropy A7 = (/1‘? - /13‘5] )/ /1‘1? s
Planarity p7 = (Azg - /l‘s? )//l‘lg Ts
Linearity L7 = ()L‘lg - )ng[ )/ )L‘lg Ts
Scattering s¥ = /1? /1‘? s
Change of curvature C7 =17 /¥, A7, rs
Parallelity P=1—-uy, 'v% -
Angular similarity 0=1- 2-arccos(cgs(um,vi'§)) -
Mean B = LT s
Variance §7 = % pm (ng‘" _ ﬂ9)2 rs

T‘; Sum of variance 57 =y ,.57 Ts

§ Covariance F=1Y, (pﬁfz{ - ﬂd) . ( LB _ % ry
Omnivariance 07 = {/TIns2 Ts
Entropy A7 =-Y,,57 -logs, s
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mapped coordinates of the reference query point and its nearest neighbor, and €, is the
projected distance of the error vector across the m-th axis. The € is used to capture the
Euclidean and projected distances of the mapped reference query point or its nearest distor-
ted neighbor from the centroid and principal axes, respectively. u”, A7, =7 and X reveal
local statistics. EZ provides an estimation of the space uncertainty on the projected surfaces.
Additionally, &2,, and 68,, assess the parallelity and the angular dispersion of the distorted
plane. The remaining geometry descriptors explore the topology of a local region from dif-
ferent aspects, relying on the spatial dispersion along different principal axes. 7, §7 and
=7 of the YCbCr channel express the intrinsic distribution of luminance and chromatic com-
ponents. £ and O show the variability of color information. HZ provides an estimation of
color uncertainty of the local region. Every descriptor is computed per point p;.

Predictors Predictors are defined as the error samples obtained by computing a distance
over descriptor values. We define different distance functions for different descriptors. We
use the Euclidean distance to measure the point-to-point distances between query point pairs

under the new basis
fa =\ Xmdi? (3.3)

where d; is the difference between two points. We use the absolute value to measure the
point-to-plane distance, as
rp=1ds, (3.4)

where dy indicates the projected distance between a point and the reference axes. We use
the following definition of relative difference for the covariance features

_lg¥oq”-Ql

(3.5)
q’ oq*

Ty

where {q‘g =17 ,Q =2} and {qg =57 ,Q =23}, for geometry and texture attributes, respect-
ively, © is for element-wise product. We use the relative difference formula [144], for the
remaining descriptors

g — |

— T 3.6
[0 [+ 7] +2 G0

s =
where € is a small constant to avoid undefined operations. Finally, the definitions of par-
allelity and angular similarity descriptors incorporate a distance function. For notational
purposes only, we define distances r, and ry to be identical to the definitions of &7;, and
0, respectively. Table 3.1 enlists distance function(s) used per descriptor.

Features Features are defined by pooling over predictor values. Specifically, predictors
W j k are obtained per point p;, descriptor j, and distance function r, k € {a, 8,7,6,p,0}.
This is done for all descriptors j in Table 3.1, using the corresponding distances r. Through
pooling, we obtain a feature fj x for every predictor:

1

7 Yy ke 3.7)

Jik=
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(a) longdress-Octree- (b) = (c) p%
Lifting-R02

Figure 3.5: The predictors of linearity (Figure 3.5(b)) and planarity (Figure 3.5(c)) of point
cloud longdress-Octree-Lifting-R02 (Figure 3.5(a)). The amplitudes of predict-
ors are color-mapped, with red indicating higher and blue lower values. Notably,
the relative differences in linearity and planarity of PointPCA+ effectively high-
light regions that can form linear structures and detect bulges, such as wrinkles
in clothing, in the longdress.

3.1.3. QuAaLITY REGRESSION

To obtain a quality score that is well-aligned with the HVS, the Recursive Feature Elimina-
tion (RFE) algorithm is used to select the most relevant predictor set among all the proposed
predictors. RFE [148] improves model accuracy, and efficiency, and reduces overfitting.
Machine learning-based regression models have been extensively used to tackle the qual-
ity regression problem in the domain of quality assessment, we then use the random forest
algorithm to regress the selected predictors to the final quality score.

3.1.4. DirrerReNCES WITH POINTPCA

In comparison to PointPCA, our pre-processing methodology involves solely utilizing the
pristine point cloud as a reference, dispensing with the need for both pristine and distor-
ted point clouds. Regarding geometric features, we transform the xyz values of both the
pristine and distorted point clouds into the basis formed by the pristine point cloud, elim-
inating the necessity for separate bases for distinct point cloud sets. For textural features,
we directly apply statistical functions to the color values in the YCbCr space without re-
sorting to PCA decomposition. The decision to forego PCA on texture stems from the lack
of physical significance post-decomposition of YCbCr channel values, as observed in geo-
metry. Simultaneously, this approach aids in reducing computational complexity. Addi-
tionally, PointPCA+ adopts distinct distance functions for various descriptors, eliminating
constraints on the computation of mean and standard deviation values. We illustrate the dis-
parities between PointPCA and PointPCA+ for a specific point cloud, longdress, in Figure
3.4. Notably, we visualize the linearity and planarity geometric descriptors before compar-
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ison. From Figure 3.4, the geometric dissimilarity measurements differ when using knn and
r-search methods. For PointPCA, we employed the r-search method with r = 0.008 x B,
where B represents the maximum length of the bounding box of the reference point cloud.
In contrast, for PointPCA+, we used the knn algorithm with k = 81. While for the statist-
ical features y, the knn algorithm with k =9 was applied. Both the linearity and planarity
are decreased compared with PointPCA. We also visualize the predictions corresponding to
linearity and planarity in Figure 3.5. We can see that the predictors exactly describe the line
and the uneven region of point cloud longdress.

3.1.5. ExPERIMENTAL RESULTS

In this Section, we report the evaluation results of the proposed PointPCA+ metric under
three public datasets with other 8 state-of-the-art metrics. Moreover, we report the perform-
ance achieved in the ICIP 2023 Point Cloud Visual Quality Assessment (PCVQA) grand
challenge!. Specifically, the challenge consists of 5 tracks, which correspond to different
use cases in which quality metrics are typically used. The first two tracks aim to assess the
perceptual fidelity of distorted contents with/without respect to the originals for any level of
distortion, respectively. This is the most generic and traditional set-up for quality metrics.
The next two tracks focus on metrics for high-end quality with/without access to the ori-
ginal content. These are desirable in applications such as content production, high-quality
streaming, digital twins, etc. The last track should be sensible to quality differences within
different processed versions of the same point cloud content, which is suitable for optim-
ization scenarios. We participated in Track#1 FR broad-range quality estimation, Track#3
FR high-range quality estimation, and Track#5 FR intra-reference quality estimation. Ad-
ditional analysis related to cross-dataset validation and feature importance is carried out
across all the aforementioned datasets. These IN-DEPTH analysis aim to demonstrate the
generalizability of the proposed PointPCA+.

Three publicly available datasets were recruited for performance evaluation, namely, M-
PCCD, SJTU, and WPC. For the PCVQA Grand Challenge, all submissions undergo test-
ing on a designated test set curated by the organizers. The evaluation of performance re-
lies on five standard criteria provided by the organizers: including PLCC, SRCC, Differ-
ence/Similar Analysis quantified by Area Under the Curve (D/S 4y ¢), Better/Worse Analysis
quantified by Correct Classification percentage (B/W¢¢) [150], and the Runtime Complexity
(RC). Notably, no function is employed for score mapping. Additionally, for the assessment
of performance metrics on three other commonly used datasets, the criteria including SRCC,
PLCC, KRCC, and MSE are chosen.

IMPLEMENTATION DETAILS

We use RFE to select the best feature set among all the predictors, with the best SRCC
performance on the PCVQA grand challenge test set. In the inference stage, the default con-
figuration of scikit-learn (version 1.2.2) in Python is used. Regarding the neighborhood size
for the computation of descriptors, K = 81 is chosen considering complexity and perform-
ance, after experimenting with K € {9,25,49,81,121}.

thttps://sites.google.com/view/icip2023-pcvqa-grand-challenge
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Table 3.2: SRCC performance on M-PCCD, SITU and WPC datasets

Metric PointPCA+ | PointPCA[45] | PCQM(5] | PointSSIM[144] | BitDance[149] | Plane2Plane[34] | P2Plane_MSE[33] | P2P_MSE [33] | PSNR Y[33]
M-PCCD | 0.943+0.022 | 0.941+0.032 | 0.940+0.032 0.925+0.024 0.859+0.061 0.847+0.076 0.901+0.025 0.896+0.042 | 0.798+0.162
SITU 0.865+0.064 | 0.890+0.056 | 0.862+0.030 0.708+0.070 0.748+0.077 0.761+0.039 0.578+0.155 0.612+0.157 | 0.743+0.083
WPC 0.857+0.040 | 0.866+0.036 | 0.749+0.036 0.465+0.059 0.451+0.054 0.454+0.069 0.452+0.065 0.563+0.071 | 0.614+0.061

PERFORMANCE EVALUATION ON M-PCCD, SJTU anp WPC

We compare PointPCA+ with existing FR point-based quality metrics, the results are shown
in Table 3.2. The best performance among these metrics is highlighted in boldface, with the
second best underlined. Specifically, each dataset is split into two partitions that contain 80%
and 20% of the contents for training and testing, respectively, with all the distorted versions
of a specific content placed in one partition. For M-PCCD, SJITU, and WPC, we use 6/2,
7/2, and 16/4 contents for training/testing, respectively. Then, a quality prediction model is
trained on the training data and tested on the corresponding testing data of the same dataset,
for within-dataset validation. this process is repeated for all possible 80%-20% splits of each
dataset, leading to 28, 36, and 4845 testing partitions and an equal number of corresponding
quality prediction models for M-PCCD, SJTU, and WPC respectively. Finally, the average
and the standard deviation of SRCC index computed across all testing splits of each dataset,
are reported. From Table 3.2 we can see that PCA-based metrics are competitive with the
highest SRCC on the three datasets, especially the performance of PointPCA on WPC is
increased by 15.62% in terms of SRCC though the performance of PointPCA+ is a slightly
lower than PointPCA (0.866 VS 0.857).

PERFORMANCE EVALUATION ON BASICS

We split BASICS into training-validation-test with 60%-20%-20% following the rules from
the PCVQA grand challenge [151]. Table 3.3 to Table 3.5 show the official evaluation results
of Track#1, Track#3 and Track#5, respectively.

Referencing Tables 3.4-3.5, several notable observations emerge from the competition
results across all three FR tracks. 1) Despite strong performances in Track 1 and Track
5, none of the teams attained satisfactory results in Track 3 of in PCVQA, highlighting
the challenges associated with fine-grained PCQA. 2) Examining PointPCA+, it is evident
that the extracted features within a neighborhood size of 81, combined with the application
of statistical functions (e.g., mean and variance) on geometry, may fail to capture subtle
differences between two point clouds. This highlights the limitations of using statistical
features to capture subtle differences.

CROSS-DATASET VALIDATION

To verify the generalization and robustness of the proposed PointPCA+, we conduct cross-
dataset experiments among all 4 datasets. We train the model using the entire content of one
dataset and then test it separately using the entire content of the other three datasets. The
experimental results are shown in Table 3.9. From Table 3.9, we can draw the following
observations:

1. PointPCA+ performs well in generalization and robustness, particularly when trained
on the small M-PCCD dataset and tested on the large BASICS dataset. Combined
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Table 3.3: Track#1 (FR broad range): top 4 performance comparison on the official PCVQA
grand challenge test set, evaluated by the challenge organizers. Best in bold and
second best underlined. Our submission is ranked in 2nd place.

Submission SRCC | PLCC | D/Sayc | B/Wce RC(s)
KDDIUSCJoint | 0.875 | 0.917 0.888 0.970 42.80

PointPCA+ 0.874 | 0.909 0.871 0.961 1000.00
SJTUMMLAB | 0.871 | 0.896 0.832 0.955 8.60

SlowHand 0.791 | 0.825 0.805 0.924 130.47

Table 3.4: Track#3 (FR high range): top 4 performance comparison on the official PCVQA
grand challenge test set, evaluated by the challenge organizers. Best in bold and
second best underlined. Our submission is ranked in 3rd place.

Submission | SRCC | PLCC | D/Sayc | B/Wee | RC(s)
SJTU MMLAB | 0.630 | 0.592 0.665 0.909 8.60
KDDIUSCJoint | 0.551 | 0.516 | 0.642 | 0.872 | 42.80

PointPCA+ | 0.603 | 0479 | 0.625 | 0.886 | 1000.00

SlowHand 0.377 | 0.423 0.565 0.780 130.47

Table 3.5: Track#5 (FR intra-reference): top 4 performance comparison on the official
PCVQA grand challenge test set, evaluated by the challenge organizers. Best
in bold and second best underlined. Our submission is ranked in 3rd place.

Submission D/Sauc | B/Wee RC(s)
SJTU MMLAB 0.808 0.947 8.60
KDDIUSCJoint | 0.822 0.933 42.80

PointPCA+ 0.811 0.938 | 1000.00

SlowHand 0.753 0.854 130.47

Table 3.6: Cross-dataset validation among M-PCCD, SJTU, WPC and BASICS datasets.
Both the training and testing used all the content among the datasets. Best in
bold.

Test
M-PCCD SITU WPC BASICS
Train PLCC SRCC KRCC RMSE | PLCC SRCC KRCC RMSE | PLCC SRCC KRCC RMSE | PLCC SRCC KRCC RMSE
M-PCCD - - - - 0.726  0.725 0.541  3.148 | 0500 0.469 0328 4.003 | 0.847 0.777 0.589  0.899
SITU 0.855 0.881 0.708 2.578 - - - - 0.578 0.608 0.442 2575 | 0732 0.717 0.523 1.946

WPC 0.731  0.878 0703 4767 | 0.610 0.604 0435 2.049 - - - - 0.848 0726 0.536  3.675
BASICS  0.832 0.880 0.692 1.057 | 0.579 0.645 0472 2810 | 0.500 0490 0.347  3.202 - - - -

with Table 3.2, the cross-dataset evaluation performance is even higher than certain
FR PCQA metrics, for example BitDance [149], PSNR_Y [33], etc.

2. Compared with M-PCCD, SJITU and BASICS datasets, the WPC dataset has the worst
performance among all the evaluation metrics. SRCC and PLCC of PointPCA+ on
WPC trained on M-PCCD and BASICS achieve the same accuracy as random guess-
ing, this may be because the contents in WPC only contain objects, and the distortion
types of WPC are more complex compared with the other three datasets.
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3. PointPCA+ shows better SRCC performance on the SITU dataset compared to the
WPC dataset. This is likely because SITU shares specific human figures with the
M-PCCD dataset and includes both human and object categories for M-PCCD and
BASICS, while SJTU and WPC have no overlapping content.

In conclusion, the cross-dataset performance of PointPCA+ is promising but its gener-
alization depends on dataset composition. Training on large, diverse datasets and testing
on smaller ones normally yields better results, while the reverse leads to poor generaliza-
tion. However, this can not hold if there exists a domain shift (i.e., in our case, contents and
distortion type) between the testing set and the training set.

PERFORMANCE ON INDIVIDUAL DISTORTION TYPE

To further explore the effectiveness of the designed geometry and texture features for a spe-
cific distortion type, we test the performance per distortion type per dataset, with the results
listed in Table 3.7. We can draw the following observations.

1. When assessing compression distortion, V-PCC emerges as the most challenging dis-
tortion type of which to evaluate perceptual quality, aligning with findings from a
prior study [43]. Predicting the perceptual quality of compression distortions from G-
PCC and learning-based methods proves to be more manageable, with Octree-Lifting
exhibiting a slight advantage over Octree-RAHT on M-PCCD and BASICS datasets.

2. For CN and Gaussian noise distortions, CN has the poorest performance. However,
prediction accuracy improves by 16.06% for CN+GGN in terms of SRCC on the SJTU
dataset, indicating that geometry-related features help capture these distortions. Gaus-
sian noise performs worst on WPC, as it affects both geometry and texture, creating
a compounded distortion.

3. For downsampling distortion types, the performance of PointPCA+ is notably high
on the SJTU dataset but relatively lower on the WPC dataset. This implies that down-
sampling on objects presents a challenge for the HVS to discern, as it may exert a
masking effect on objects more prominently than on humans.

In summary, PointPCA+ exhibits proficiency in predicting compression distortions. How-
ever, its effectiveness diminishes when confronted with distortion instances primarily mani-
festing in color values, as observed for CN distortions on the SJTU dataset. Additionally,
when the equilibrium between geometric and color is disrupted, as exemplified by Gaussian
noise on the WPC dataset, PointPCA+ struggles to accurately gauge the extent of degrada-
tion.
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Table 3.7: Performance comparison of PointPCA+ metrics for different distortion types per
dataset. DT refers to Distortion Type and NC denotes the Number of Contents.

Dataset DT NC PLCC SRCC KRCC RMSE
Octree-Lifting 48 0938 0991 0962 0.826
Octree-RAHT 48 0962 0984 0931 0.704

M-PCCD TriSoup-Lifting 48 0951 0965 0.879  0.597
TriSoup_RAHT 48 0970 0963 0.870 0.561

V-PCC 40 0823 0815 0.674 1.266
CN 54 0.621 0.741 0545 2.59%4

CN + GGN 54 0.894 0.860 0.697 0.825
Downsampling 54 0969 0944 0.848 0.562

SJTU Downsampling+CN 54 0946 0937 0.788 1.371
Downsampling+GGN 54 0981 0965 0.879  0.736

GGN 54 0955 0958 0.848 0.810

Octree (PCL) 54 0975 0965 0879 0.797
Downsampling 60 0.802 0795 0594 1.177

Octree (LPCC) 80 0916 0.881 0.708 0.850

WPC Trisoup (SPCC) 240 0987 0923 0.818 0.594
Gaussian noise 180 0.628 0.650 0.417 1.826

V-PCC 180 0.737 0.756 0.566  2.054

GeoCNN 294 0971 0941 0.787 0.305

BASICS Octree-Predlift 375 0975 0937 0.792  0.289
Octree-RAHT 375 0.895 0.876 0.693 0.441

V-PCC 450 0.787 0.690 0.514 0.371

M-PCCD
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Figure 3.6: The feature importance of all the extracted geometry and texture features within
pointPCA+ metric for M-PCCD, SJTU, WPC and BASICS datasets. The num-
bers are obtained by ranking the 40 features based on the importance score per
dataset.



"~

ey g fos fog T oo By

(b) SITU )

e o oty By o o G B o i 5 o s s B B e o g B0 s B T B B i b onatng gy By e o o £y o o f £y By T T o fusfos s s € o s Ao o B Ay o B B B o

(c) WPC (d) BASICS

Figure 3.7: Feature importance of PointPCA+ per distortion type for M-PCCD, SJITU, WPC, and BASICS datasets. The numbers represent
ranked permutation feature importance scores across 40 features per distortion type.
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FEATURE IMPORTANCE OF POINTPCA+ FOR DIFFERENT DISTORTION TYPES PER DATASET

We evaluated the effectiveness of the 40 selected features after RFE. The model was trained
on 80% of the dataset, and feature importance was calculated on the remaining 20% for each
distortion type. This was done using the permutation importance technique [152] based on
MSE. Permutation importance shows how crucial a feature is for a specific model, rather
than its standalone predictive value, helping to assess the generalization ability of the fea-
tures across different distortion types. The feature importance of PointPCA+ across the four
datasets is shown in Figure 3.6. The feature importance for each distortion type per dataset
is illustrated in Figure 3.7. Combining Figure 3.6 and Figure 3.7, we can draw the following
conclusions:

1. The feature importance ranking varies across different datasets, primarily due to dis-
tinctions in content and distortion types among the four datasets. The variance on
the z axis ( fi ) within the geometric features obtained the lowest importance ranking
on both M-PCCD and BASICS, ranked 29th and 38th on SITU and WPC datasets,
respectively.

2. Geometric features consistently exhibit superior feature importance rankings when
compared to textural features, as observed in the top-5 features across all four datasets.
In M-PCCD, SJITU, and WPC, the top-3 rankings comprise a combination of texture
and geometry features. However, in BASICS, only geometry features are represented
in the top-3 ranking.

3. The point-to-point distance (fe o) and the mean value of v channel ( ffz s) demonstrate
strong performance across various distortion types in M-PCCD dataset. Notably, in
TriSoup-Lifting, the mean value of y channel ( f[{ 5) excels but performs less optimally
in the case of V-PCC distortion. In SJTU dataset, the cosine similarity of the y axis
( fey ) outperforms other features for all distortion types, except for CN+GGN distortion.
Similarly, the covariance of the u channel (f¥) excels for all distortion types, with the
exception of Gaussian noise in WPC. Meanwhile, in BASICS, the projected distances
of the distorted centroid from reference planes on the z axis (f ‘j,,, ﬁ) consistently yield

high rankings across all distortion types.

3.2. M3.-Unity

We illustrate the proposed M3-Unity as shown in Figure 3.8. First, we preprocess the colored
point cloud and extract multimodal features with 3D and 2D encoders, respectively (3.2.2).
Second, we introduce the cross-attributes attentive fusion module, which captures the local
and global associations at both the intra- and inter-modality perception (3.2.3). Last, we em-
ploy dual decoders to jointly learn both quality regression and distortion-type classification
(3.2.4).

3.2.1. MULTIMODAL GEOMETRY-TEXTURE INPUT PROCESSING

A colored point cloud, denoted as 22, is a set of N 3D point elements. Each point element
is assigned a 3D coordinate p*®¥ € R% and an RGB color value pRGB € R® as features:
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Figure 3.8: M3-Unity architecture: no-reference multi-modality and multi-task learning for
PCQA.

P = {(p?oord,p$GB)}£ 1~ We introduce how the point cloud data is processed into multiple
modalities of geometry and texture features as follows.

Processing the point cloud as 3D patches. To deal with dense point clouds of very large
N with common neural architectures for point cloud encoding, we first decompose each
point cloud into patches following [7, 153]. we obtain a set of n = 6 point cloud patches
from each of the point cloud P < &2, and each P is of cardinality k. To do this, we ad-
opt Farthest Point Sampling (FPS) to obtain a set of anchor points and find the K-Nearest
Neighbors (KNN) for each point. For each point cloud patch P, we describe the geometry
and texture features for each point element, such that the texture features are essentially the
RGB features p'* = pROB € R3, and the geometry feature is the 3D coordinate p*°°™d, aug-
mented by concatenating a normal vector p"®™2 calculated from the original point cloud as
pEeo = [peoord prormalj e 6 j e P = {(p‘;?’eo,p‘ie")}le. Additionally, P € P where P is defined
as the set of all 3D point patches extracted from the same point cloud.

Processing the point cloud as projected views. We further project the colored point cloud
to m = 6 2D views following Liu et al. [43], which are evenly distributed in the 3D space
from the co and —oo of the three Cartesian coordinate axes. For each 2D view, the color
RGB values from the 3D points are ray-casted to the pixel space, and we calculate depth and
normal maps from the 3D geometry, resulting in the 2D geometry feature X&° ¢ RF*Wx4
and the 2D texture feature X'* € RF*W>3 where H x W is the pixelated resolution of the
2D projections. Similarly we define X as the set of six projected views from a point cloud:
X = [X8°, X" e X.

3.2.2. POINT CLOUD MULTIMODAL ENCODING

The goal of multimodal encoding is to represent 3D point cloud patches and 2D projection
views as embeddings and adapt those embeddings for multimodal fusion.
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For the 3D modality, we opt for PointNet++ [154] to encode each 3D point cloud patch

P= {(p%eo,ptlf”‘)}{.“=1 c P while separating attributes from geometry and texture:
hZ7’ = POINTNET++ ({plgeo}le) ; (3.8)
h§}y = POINTNET++ ({pﬁex}{;l) ) (3.9)
hiy € R? and h} € R? are d-dimensional embeddings of 3D geometry and texture features.

Note that to encode texture feature, we still use the 3D coordinates to obtain spatial processes
in the PointNet++ such as the farthest-point sampling and grouping.

For the 2D modality, we choose ResNet50 [155] as the 2D encoder that applies to the
geometry and texture channels X&©° and X'"* separately of each 2D project view X € X:

hgf)o = ResNEer (X5°); (3.10)
htz% = ResNEer (X'¥). (3.11)

Likewise, hj) € R? and h% € R? are encoded as d-dimensional 2D geometry and texture
embeddings.

3.2.3. CROSS-ATTRIBUTE ATTENTIVE FUSION

The core mechanism of attention gains popularity for capturing the associations when pro-
cessing images [153, 156—158].

We employ patch attention [159, 160] to capture the local and global associations for both
intra- and inter-modality features, followed by a symmetric fusion function that averages the
cross-attented features to model the symmetric interaction of the source pair of features.

Symmetric intra-modality attentions. For each 3D point cloud patch P € P, we employ
intra-modality attention by applying the symmetric fusion function ¥*(-,-) to encode the
interrelationship of geometry and texture features. For simpler notation, we assign a random

sequence for the patches and arrange the set of the features extracted features h§%° and h‘;g

for all patches in forms of matrices as H5[) € R"* and H{ € R,

The 3D intra-modality attentive fusion becomes

Hi® = W (H) HER) e R4 (3.12)
hil? = Mean(HET?) € RY, (3.13)

where MEAN(:) is the mean pooling over the sequence dimension to achieve the global feature
for the entire point cloud from aggregating all patches in an attentive manner. ¥*(.,-) is the
symmetric fusion function based on the attention function W(-,-) such that:

1
Y (x,X) = 5(‘1—’(x,i)+\l’(f(,x)), (3.14)
which assumes equal sequence dimensions [} = I, of the Query and Key in the transformer.

And (-, ) is the basic fusion transformer, which is computed by an attentive representation
of a target modality referred to a reference modality in the multi-head self-attention.
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Similarly for the 2D modality X, we define H3) € R™*? and H§S € R™*“, and the 2D
intra-modality attention is
hi? = Mean(HS®) = Mean(¥* (HS) H5Y)) € RY. (3.15)
We clarify that the random sequence assignment would not affect the final output feature
detailed, since the attention function is equivariant to the permutation of the sequence, and
we will average over the sequence dimension to aggregated feature output.

Symmetric inter-modality attention. For inter-modality attentive features, we cross-attend
each pair of 3D point cloud patch and 2D projection in the combinatorial set {P,X} € P x X.
We employ the inter-modality attention by applying ¥*(-,-) across 3D and 2D modalities.
Note that this result can only be achieved when we have the same number of 3D patches and
2D projections n = m for each point cloud. In the rest of this section, we will discard the
notation of m and consistently use 7 for |P| = |X| = 6 to reduce confusion.

HEOE = W (M5 Hap) e R

-t
HETE ™ = W (MG HEp) e R 516
Hio™ =W (M, Hyp) e R

tex-teX _ \p* (pytex pytex nxd
Hi e =¥ (H;p, Hyp) e R

Similar to Eq. 3.13, we apply average pooling MEAN(-) to obtain global inter-modality at-

. €0-2€0 €o-tex tex-geo R . .
tentive features h®°%°° h# S and hiSteX for the entire point cloud.
nter nter inter nter

Feature aggregation. We aggregate all multi-modal geometry and texture features as well
as all intra- and inter-modality attentive features for the final feature encoding:

h= E [, +hi3 1+ E_[h5) +h5) ]
PcP 3D,i 3D,i X]-EX 2D,j 2D, j

intra_ pintra 8€0-ge0 | 1 8eO-teX | 1 1eX-8EO | 1 tex-tex (3.17)
h3D +h2D hinter +hinter +hinter +hinter

2 4
The resulting feature h serves as the input to the decoder heads for final predictions, to be
detailed as follows.

3.2.4. MULTI-TASK LEARNING WITH DUAL DECODERS

Dual decoders. We define dual decoders using multi-layer perception for quality regres-
sion and distortion-type classification respectively with a regression head ¥ egression and a
classification head ¥ jassification, POth taking the aggregated feature h as the input. The re-
gression head Wregression 18 @ two-layer ReLU-MLP that outputs y the quality score:

Y = Yregression (h) eR. (3.18)

The classification head ¥ assification 1S @ three-layer ReLU-MLP with a softmax activation
attached to the output layer, which gives z the one-hot prediction of classification type:

Z = Yelassification (h) € RS, 3.19)

where c is the number of types of distortions.
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Learning loss. We define and jointly learn the dual decoders by a triplet learning loss £
for a mini-batch with size of n as:

Z = /llacfmse + /lzxrank + )L3-=<£cey (3-20)

where 11, 12,13 € [0,1] are importance scores used to control the proportion of each type
of loss.

Specifically, we compute Mean Square Error (MSE) loss between predicted quality scores
and human scores as:

12
DLise = ZZ(}’z—J’DZ (3.2D)
i=1

We compute ranking loss of the predicted quality scores and human scores as:

n

1 n
rank = _2 Z Z ijr where
i=1j=1 (3.22)

l”—rnax(O lyi - yj| - (~pt0i=v). (y y]))

Here i and j are the corresponding indexes for two point clouds in a mini-batch, and 1(-) is
the indicator function.

We compute the cross-entropy loss of the predicted distortion type and the ground-truth
labels:

Lo = % Z z;log(z;) + (1 - z})log(1 — z;)) (3.23)

3.2.5. EXPERIMENTAL SETUP

Datasets. We employ the SITU-PCQA [38], WPC [80], BASICS [74] and MJ-PCCD [82]
datasets for validation.

Comparable methods. We selected 13 state-of-the-art PCQA metrics for comparison,
which consist of 5 FR metrics: PCQM [5], GraphSIM [6], PointSSIM [144], MPED [161]
and PointPCA [45]; 2 RR metrics: PCM-RR [162] and RR-CAP [109], and 6 NR met-
rics: 3D-NSS [163], IT-PCQA [52], VS-ResNet [ 164], MM-PCQA [7], ResSCNN [81] and
GMS-3DQA [165].

Implementation details. The proposed M3-Unity is implemented using PyTorch [166]. We
use the Adam optimizer [167] with a weight decay of 1e-4, an initial learning rate of Se-5,
and a batch size of 4. The model is trained for 100 epochs. Each point cloud patch has a
cardinality k of 2048, the number of local patches and image projections both equal to 6.
Projected images have a resolution of 1920x 1080, and cropped image patches are 224 x224.
We use PointNet++ [154] as the point cloud encoder and initialize ResNet50 [155] with
a pre-trained model on ImageNet [168] as the image encoder. The multi-head attention
module employs 8 heads and the feed-forward dimension is 2048. MOS values are scaled
between [1,10]. A;, A, and A3 are all set to 1. We employ k-fold cross-validation to evaluate
performance [43]. We conduct 9/5/6-fold cross-validation for SITTU-PCQA, WPC and MJ-
PCCD datasets, respectively, and report average scores. For the BASICS dataset, we follow
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Table 3.8: Performance comparison among the proposed and the state-of-the-art Point
Cloud Quality Assessment (PCQA) metrics on the 4 datasets. Best in bold
and second with underlined fonts. Please note that the state-of-the-art results
were taken from the literature, often with different training strategies and splits,
and not independently validated by the authors.

SITU-PCQA WPC BASICS MJ-PCCD

Category Method SRCC PLCC SRCC PLCC SRCC PLCC SRCC  PLCC
PomSSIM [144]  0.687 0714 0454 0467 0692 0725 0467 0597

PCQM [5] 0864 0885 0743 0750 0810 0888 0779 0.858

FR GrahSim [6] 0878 0845 0583 0616  / /0758  0.844
MPED [161] 0898 0915 0620 0618 0761 0835 0735 0811

PointPCA [45] 0907 0932 0.890 0.894 0866 0926 0.834 0.702
PCM-RR [162] 0482 0336 0310 0.343 0436 0518 0.497 0.636

RR RR-CAP [109] 0.758 0.769 0.716  0.731 0558 0.740 0.550 0.735
IT-PCQA [52] 0.630 0580 0.568 0.561 0310 0302 0.658  0.807
3D-NSS [163] 0.714 0.738  0.648 0.651 0.617 0.657 0446 0411
ResSCNN [81] 0810 0.860 0.735 0.752 0.628 0.682 0.759 0.842
NR VS-ResNet [164] 0.830 0.860 0.760 0.770 0.711 0852 0.526  0.583

MM-PCQA [7] 0910 0923 0.841 0.856 0.831 0882 0.860 0.898
GMS-3DQA [165] 0911 0918 0.831 0.834 0855 0930 0.879 0.936
M3-Unity(Proposed) 0.947  0.961  0.900 0900 0.872 0937 0.903 0919

Table 3.9: Cross-dataset validation among 4 datasets. Both the training and testing are on
the complete dataset.

Test

SITU-PCQA WPC BASICS MIJ-PCCD
Train SRCC PLCC RMSE | SRCC PLCC RMSE | SRCC PLCC RMSE | SRCC PLCC RMSE
SJITU-PCQA - - - 0444 0473 2.020 | 0537 0.671 0.794 | 0.457 0.701  0.835
WPC 0821 0.841 1314 - 0.617 0712 0.752 | 0.643 0.767 0.751

BASICS 0523  0.559 2013 | 0.509 0514  1.967 - - - 0.825 0.867 0.582
MJ-PCCD  0.635 0.653 1.838 | 0440 0.507 1976 | 0.779 0.827 0.602 - - -

the 60%-20%-20% training-validation-testing split, ensuring no content overlap between
training and testing sets. For FR PCQA metrics requiring no training, we assess them on
the same testing sets.

3.2.6. ExXPERIMENTAL REsSULTS

Overall Performance Results of SRCC and PLCC on four datasets for the proposed M3-
Unity and other 13 PCQA metrics are shown in Table 3.8. First, M3-Unity significantly out-
performs the compared metrics in terms of SRCC on all datasets. Second, compared with
GMS-3DQA, which uses the projection-based grid mini-patch sampling only from image
modality, the PLCC decreases by 0.017 on the MJ-PCCD. One possible reason is there are
super dense/sparse point clouds in MJ-PCCD. Therefore, the projection takes effect when
revealing the overlap/hole. While compared with MM-PCQA, which uses 2 modalities from
3D and 2D, M3-Unity is better across 4 datasets, that’s because we utilized multi-attributes
for both dimensionalities and the interplay among them. In summary, M3-Unity demon-
strates robust and competitive performance across 4 benchmarks. This validates our motiva-
tion that incorporating multi-attributes in both dimensionalities and the interplay contributes
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to improved perceptual quality inference.

Cross Dataset Validation To verify the generalization and robustness of M3-Unity, we con-
duct cross-dataset experiments among all datasets. The results are shown in Table 3.9. From
Table 3.9, we can see that M3-Unity has good generalization performance, the cross-dataset
performance is even higher than certain FR PCQA metrics, for example, the performance is
higher than PointSSIM when training on WPC and testing on SJTU-PCQA (the SRCC of
MM-PCQA [7] is 0.769, and the PLCC of CoPA [169] is 0.643) and MJ-PCCD datasets.
Time and complexity analysis We provide the parameter size by dividing the trained neural
network into four parts: image encoding (70.5M), point cloud encoding (3.3M), attention
(23.1M), and decoding (1.2M). M3-Unity/M3-Unity (3D Point Cloud-Only)/M3-Unity (2D

Projection-Only) contain 98.1M/25.4M/97.0M parameters using approximately 37GB/30GB/14GB

GPU memory with batch size 4 and has an average inference time of 0.49s/0.44s/0.04s for
1 point cloud from the SJTU dataset on A100.

ABLATION STUDY

We conduct an ablation study on M3-Unity to examine the impact of key components for
the performance. Additionally, in the context of the 4 datasets characterized by distinct
content and distortion types, we categorized each dataset into Human and Animal (HA)
and Inanimate Object (I0) subsets and reported the related performance. Note: WPC only
includes IO.

Impacts of distortion type classification. To verify the effect of the distortion type classi-
fication module, we compare the performance with only the regression decoder. The result
is in Table 3.10 (Distortion Type). Omitting the distortion type classification task causes a
slight performance drop across the four datasets. Notably, the prediction accuracy (ACC)
of distortion types differs considerably between the WPC and MJ-PCCD datasets. ACC
measures the proportion of correct predictions out of the total. There is no discernible cor-
relation between distortion type classification accuracy and quality prediction accuracy with
the current datasets.

Impacts of the modalities. Combining 4 modalities improves visual representations com-
pared to unimodal approaches, as shown in Table 3.10. M3-Unity generally outperforms
unimodal models, except on the WPC dataset, indicating the contribution of all modalities
to perceptual representations. Among the modalities, 2D texture is most crucial for most
datasets. However, for the BASICS dataset, 2D geometry performed best (SRCC/PLCC of
0.849/0.911 versus 0.835/0.909). Additionally, image-based modalities are more important
than point cloud-based ones, as the HVS prioritizes visual stimuli from images.

Impacts of the attention. The self-attention mechanism calculates semantic affinities between

different items in a data sequence [160], i.e., we capture the local context within the point
cloud, by enhancing input embedding with the support of FPS and KNN search. Upon re-
moving the attention module, the results are presented in Table 3.10 (Attention). M3-Unity
exhibits superiority in comparison to the model without attention.

Our investigation found that M3-Unity and its variants consistently perform better on HA
than IO data, as measured by SRCC across all datasets, with HA data numbers equal to or
greater than 10 for SJTU-PCQA and MJ-PCCD datasets. Specifically, we observed that
patch attention predominantly influences performance for the SITU and BASICS datasets,
whereas 2D projection assumes a pivotal role for the WPC and MJ-PCCD datasets within
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Table 3.10: Ablation study of M3-Unity on key components, i.e., distortion type, attention, and modality. The numbers in brackets denote
the performance of the IB and HA, with the best performance highlighted in blue and orange, respectively.

Settings SJTU-PCQA WPC BASICS MJ-PCCD
SRCC PLCC ACC SRCCPLCC ACC  SRCC PLCC ACC SRCC PLCC ACC
M3-Unity 0.947 0.961 0.728 0.900 0.900 0.981 0.872 0.937 0.847 0.903 0.919 0.643
(0.933]0.964) (0.949|0.964) (0.583| ) / / (0.867|0.889) (0.925]0.929) (0.810]0.840) (0.858| ) (0.908]0.905) (0.545[0.552)
(Distortion Type)
Jwo DT classification 0.938 0.951 / 0.898 0.898 / 0.856 0.924 / 0.900 0.924 /
(0.93010.963) (0.948]0.966) / / (0.860]0.872) (0.916]0.933) (0.873]0.883) (0.917|0.920)
(Attention)
0.919 0.941 0.537 0.849 0.855 0.969  0.684 0.733 0.730 0.846 0.869 0.590

/wo patch attention ) 07610 046) (0.92110.950) (0.446/0.671) / /1 (0.69110.777) (0.80210.807) (0.525/0.740) (0.80810.853) (0.847/0.881) (0.611]0.587)
(Modality)

fw0 2D ororection 0914 0.947 0595  0.608 0.638 0.792  0.770 0.638 0.610 0.736 0.812 0.492
WO =L projection ) 88610.947) (0.938/0.954) (0.542(0.610)  / /1 (0.759/0.771) (0.850]0.815) (0.565/0.650) (0.533]0.776) (0.6640.838) (0.462/0.403)
0.943 0.957 0.773  0.911 0.912 0.989  0.879 0.937 0.843 0.896 0.931 0.624

fwo 3D pointcloud ) 96010 067) (0.94110.971) (0.57110.795) /1 /1 (0.872/0.890) (0.930]0.945) (0.905/0.850) (0.86010.880) (0.912]0.936) (0.575]0.636)
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MOS: 9.117 MOS: 4.591
Geometry-Only: 5.642  PointSSIM: 4.327
Texture-Only:  4.734 Y_PNSR: 4.445

Figure 3.9: Point cloud Unicorn comparison between learning-based and traditional FR
metrics. The left side shows the reference Unicorn, while the right side displays
the distorted version with geometry Gaussian noise (points randomly shifted
within 0.02%).

Table 3.11: Performance comparison among the proposed metric with different variants on

4 datasets.
Settings SITU-PCQA WPC BASICS MJ-PCCD
etiings SRCC PLCC RMSE SRCC PLCC RMSE SRCC PLCC RMSE SRCC PLCC RMSE
M3-Unity 0947 0961 0.834 0.900 0900  0.989 0872 0937 0375 0903 0919  0.643
Texture-Only 0942 0956  0.675 0895 0.894  1.021 0855 0905 0457 0874 0927 0413
Geometry-Only ~ 0.888 0915  0.948 0644 0670  1.692 0837 0905  0.677 0818 0860  0.561
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Associations among 4 modalities

Figure 3.10: Visualization of the 6 associations’ average rankings per distortion type
across 4 datasets (tex2D_geo2D, tex3D_geo3D, tex2D_tex3D, tex2D_geo3D,
geo2D_tex3D, geo2D_geo3D). The result is computed in the same way as de-
scribed in Sec §3.2.5 Implementation details. Lower values indicate higher per-
ceptual quality importance. The datasets in order from left to right are SITU-
PCQA, WPC, BASICS, and MJ-PCCD. The distortion types in order from top
to down are as described in Sec §3.2.5 datasets and overall ranking.

the framework of M3-Unity, relative to other components. Upon further analysis, we found
that excluding the patch attention component resulted in a performance drop of 9.4% for 10
data and 6.2% for HA data. Similarly, when excluding the 2D projection component, the
performance drop was more pronounced, with reductions of 21.8% for IO data and 9.3% for
HA data. Remarkably, IO data consistently exhibited a greater decline in performance com-
pared to HA data across the datasets, except for the BASICS dataset, where the performance
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decrement was comparable for both categories.

3.3. DiscussioN

Generalizability of the proposed metrics At the dataset level, performance is signific-
antly influenced by the total number of point clouds. In extensive datasets encompassing
diverse content, prediction accuracy tends to be lower compared to smaller datasets with
fewer variations, even when their distortion types are similar. Furthermore, distortion levels
play a crucial role in impacting prediction accuracy, with fine-grained distortion proving
more challenging than coarse division. In the context of point clouds, compound distor-
tion doesn’t necessarily result from the mixture of multiple distortion types, even a single
distortion type can concurrently compromise texture and geometry. Hand-crafted geometry
and texture features exhibit distinct strengths and weaknesses across various distortion types.
Combining both types of features adaptively with distortions may enhance prediction accur-
acy.

Interplay between geometry and texture. To further explore which distortion repres-
entation is allocated more attention when encountering degradations, we predict the quality
with geometry-only (3D position, normal point clouds, 2D depth, normal maps) and texture-
only (3D texture point cloud, 2D texture map) features, separately. The performance is in
Table 3.11.

In addition, we assessed the quality of the distorted point cloud by examining it from both
geometry-only and texture-only perspectives in comparison to the reference one. Figure 3.9
illustrates the results obtained by the variants of M3-Unity alongside the results from FR
PCQA metrics. Specifically, we use the average of norm and curvature of PointSSIM [144]
as the geometry measurement, while Y_PNSR serves as the texture measurement. In the
FR manner, Y_PNSR exhibits greater similarity to the reference Unicorn point cloud (MOS:
9.117) than geometry, underscoring the predominant role of texture-related representation in
predicting the quality of the Unicorn point cloud. Notably, our model’s prediction (Texture-
Only) aligns closely with the distorted Unicorn point cloud (MOS: 4.591), indicating that
the learning-based model consistently concludes with the FR metric. This verification un-
derscores the significant impact of texture on geometry Gaussian noise.

Interplay among the associations. We’ve identified 6 association features, to understand
their contributions separately, we compared their cosine similarity to the final feature map
before decoding [170]. By ranking (round to one decimal place) the features based on simil-
arity, we observed their influence on perceptual quality across distortion types and datasets,
as depicted in Figure 3.10, we can draw the following observations: (1) Mixed Distortion in
Colored Point Clouds: The most important factor for quality is the association between 2D
texture and 3D geometry. Following closely is the association of geometry in both dimen-
sionalities (SJTU-PCQA and MJ-PCCD) and texture in both dimensionalities (WPC and
BASICS). The importance of the least crucial factor varies depending on the specific distor-
tion type. (2) Compression: VPCC and GPCC'’s quality is least influenced by 3D-related
association. V-PCC distorts 2D images due to its projection-based coding, while G-PCC fol-
lows a geometry-based coding principle, with attribute coding relying on decoded geometry,
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Average ranking of texture and geometry for each dataset
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Figure 3.11: Average ranking grouped by different modality, attributes, and dimensionality.
Each bar represents a ranking.

making the correlations between 3D geometry and 3D texture less effective. (3) Relative
importance grouped by modalities, attributes and dimensionality: The average ranking
of them is shown in Figure 3.11, which is accumulated based on Figure 3.10, assuming
one geo2D and geo3D compose the geometry, similarly for texture, 3D and 2D. It shows
that 2D texture and 3D geometry are the most influential. Additionally, geometry distortion
is more pronounced than texture for SJTTU-PCQA and MJ-PCCD, since GPCC and JPEG
Pleno in MJ-PCCD dataset can produce super dense/sparse stimuli and with uneven point
distribution; SJTU-PCQA has more types of geometric distortion. 3D distortion is more
pronounced than 2D for WPC and MJ-PCCD datasets.

3.4. CONCLUSIONS

In this chapter, we address R1: How to measure the perceptual quality of static point clouds
under various distortion types? by developing both FR and NR PCQA paradigms, with
the goal of providing practical solutions for evaluating point cloud quality across a range of
real-world scenarios. Whether reference point clouds are available or not, we aim to offer
effective strategies for designing appropriate perceptual quality assessment methods.

We propose a PCA-based FR PCQA metric, namely PointPCA+, which relies on an en-
riched set of lower complexity descriptors with respect to its PointPCA predecessor. After
a pre-processing step, features are extracted from both geometric and textural domains. A
subset of features is selected to enhance the stability of the model, and a learning-based
feature fusion based on ensemble learning is applied to the feature subset, to provide a qual-
ity score for a distorted point cloud. Our experimental results demonstrate that PointPCA+
outperforms the majority of existing PCQA metrics, reaching second place in Track#1 and
third place in Track#3 and Track#5 of the ICIP 2023 PCVQA grand challenge.

Compared to other teams in the PCVQA grand challenge, PointPCA+ has the highest
computational complexity, with a processing time of 1000 ms, while the lowest reported is
8.6 ms. This inefficiency stems from the point-based FR PCQA framework, especially the
PCA decomposition applied to each point. One solution to reduce the computational load
is to downsample the point cloud before processing, while maintaining its overall structure.
Additionally, PointPCA+ mainly focus on local features, neglecting the broader geometric
and texture context of the point cloud. To improve, incorporating global features that capture
more comprehensive information is essential. This will lead to a more efficient and holistic
characterization of point clouds, meeting the demands of the PCQA field. These additions
are poised to contribute to a more holistic and efficient characterization of the point cloud,
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aligning with the rigorous demands of the PCQA field.

In the proposed second metric M3-Unity, we introduce an NR framework designed for
evaluating the quality of colored point clouds across multiple modalities and tasks. The self-
attention mechanism is employed to fuse modality-related features, therefore enhancing the
feature representations for quality assessment. Our framework enables a comprehensive
measurement of the contributions stemming from both inter- and intra-associations, partic-
ularly concerning distinct distortion types relevant to perceptual quality assessment. In our
investigations, we discovered that relying solely on 3D positional data may not suffice for
accurately gauging geometric distortion, and the interplay between the attributes is crucial
in understanding the overall distortion. We observed notable performance improvements
by incorporating additional geometric information such as surface normals and association
features. Furthermore, we draw conclusions about the prioritization of geometry/texture for
point cloud quality assessment, providing valuable insights for bit allocation in point cloud
compression and various high-level computer vision tasks.

In the next chapter, we present subjective quality evaluation protocols for dynamic point
clouds, with a particular focus on visual saliency detection in VR environments. By col-
lecting user feedback, we aim to better understand human perceptual behavior when in-
teracting with dynamic point clouds in immersive settings. Through both qualitative and
quantitative analyses, we aim to explore two key aspects: how distortions impact perceived
quality, and how different task scenarios influence visual saliency patterns. Insights gained
from these user studies will deepen our understanding of human visual behavior and in-
form the design of more perceptually aligned point cloud saliency map similarity metrics.
Furthermore, these findings will guide the development of more effective feature extraction
strategies for objective PCQA metrics, providing an opportunity to validate the relevance
and effectiveness of the features introduced in this chapter.



VISUAL SALIENCY OF POINT
CLoup

In the previous chapter, we presented two objective PCQA metrics for static point clouds and
analyzed the contributions of geometric and textural attributes to perceived quality. Building
on this foundation, the current chapter shifts focus to the subjective evaluation of dynamic
point clouds, with particular emphasis on visual saliency. Our goal is to understand how
visual saliency patterns evolve across different distortion levels and task conditions within
immersive environments. To this end, we conducted two complementary subjective experi-
ments. In the first experiment, participants performed a quality assessment task, enabling
us to examine how variations in point cloud quality influence visual saliency. In the second
experiment, the same stimuli were presented under a free-viewing condition, allowing us
to investigate how task demands affect the distribution of visual saliency. We further intro-
duce a distribution-based point cloud visual saliency map similarity metric to quantitatively
compare saliency patterns. The contributions of this chapter include quantitative results
comparing visual saliency under varying tasks, statistical analyses across both content and
user dimensions, and qualitative insights into the factors that guide user attention and influ-
ence quality perception. This work deepens our understanding of visual saliency in dynamic
point clouds and offers valuable implications for adaptive delivery and optimization in VR-
based remote communication.

This chapter is based on the following publications:

1. Xuemei Zhou, Irene Viola, Evangelos Alexiou, Jansen, Jack, and Pablo Cesar. 2023. QAVA-DPC:
Eye-Tracking Based Quality Assessment and Visual Attention Dataset for Dynamic Point Cloud in 6
DoF. 2023 IEEE International Symposium on Mixed and Augmented Reality (IEEE ISMAR). [24]

2. Xuemei Zhou, Irene Viola, Silvia Rossi and Pablo Cesar, 2025. Comparison of Visual Saliency for Dy-
namic Point Cloud: Task-free vs. Task-dependent. IEEE Transactions on Visualization and Computer
Graphics (IEEE TVCG). [25]
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The rapid evolution of immersive media technologies has shifted the spotlight toward 3D
content, with volumetric video—particularly Dynamic Point Clouds (DPCs)—emerging as
a prominent format for interactive experiences [171]. A DPC is essentially a sequence of
individual point cloud frames played in succession. DPCs are increasingly used in various
applications, including automotive/robotic navigation [172], medical imaging [173], virtual
video conferencing [174, 175], among others. However, each point cloud frame requires a
large number of points to faithfully represent the content and achieve a good QoE. There-
fore, effective compression is essential before transmission, storage, rendering, and display.
Quality degradation will inevitably be introduced during this end-to-end pipeline, which de-
teriorates the visual quality and affects the perception. Measuring and understanding these
distortions—especially in 6 DoF—is still a challenge for both subjective and objective quality
assessment [171].

Most existing studies on DPCs rely on 2D displays, where pre-recorded sequences are
viewed along fixed trajectories [83, 116, 117]. While this simplifies experimentation, it
restricts user interactivity. On the other hand, HMDs with 6DoF support provide users
with immersive and photorealistic interactions. However, such immersive studies typically
involve a smaller number of sequences (approximately 20) that are often static or very short
in duration (e.g., around 5 seconds), due to technical limitations associated with real-time
rendering [118].

Despite increased interest in point cloud processing, no dedicated visual attention datasets
for DPCs have been released to date. Most prior work focuses on static point clouds [14],
often using a limited number of undistorted models. There remains a notable research gap
in connecting visual attention and perceived quality in the context of DPCs.

The HVS efficiently processes complex visual scenes by selectively focusing attention on
salient regions—a phenomenon known as visual saliency or visual attention. This process
allows for efficient scene interpretation and has been extensively studied in 2D images and
videos [176—181]. Research has shown that task-driven viewing—such as during quality as-
sessments—can significantly influence gaze behavior compared to free viewing [105, 111].
However, these findings may not directly apply to 3D DPCs due to their higher data complex-
ity and the different nature of interaction in HMD-based environments. For instance, spatial
and central fixation biases observed in 2D media [ 182, 183] may not translate to immersive
DPC experiences.

A few efforts have been made to collect gaze data for point clouds. Alexiou er al. [14]
conducted an eye-tracking experiment in VR under a task-based condition, while Nguyen
et al. [23] released an open-source, task-free eye-tracking dataset for four dynamic point
clouds in mixed reality using the Hololens 2. Table 2.2 provides a summary of these existing
datasets. However, the impact of task-driven versus task-free conditions on visual attention
in DPCs has yet to be systematically studied. Unlike in 2D, no dataset to date captures the
same DPC content across different perceptual tasks in immersive environments.

To address this gap, we present a new contribution in this chapter: the creation of two
complementary datasets that enable the exploration of visual attention in task-driven and
task-free scenarios in immersive VR: 1. Task-Dependent Dataset (QAVA-DPC): This data-
set includes eye-tracking and head movement data from 40 participants evaluating the visual
quality of 50 DPCs (5 reference and 45 distorted versions) in a 6DoF VR setup. Distortions
were introduced using three different codecs at three quality levels. Heatmap-based saliency
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maps were generated for each sequence, connecting visual attention with perceived quality.
2. Task-Free Dataset (TF-DPC): This second dataset contains gaze and head movement
data from 24 participants who freely explored 19 reference DPCs in the same VR environ-
ment. Five of the DPCs overlap with the task-dependent dataset, enabling direct comparison
between viewing conditions.

To quantify the differences in visual saliency across conditions, we employ both Pearson’s
Correlation Coeflicient (PCC) and a modified Earth Mover’s Distance (EMD) metric [184].
Our analysis reveals significant shifts in gaze behavior based on task context. For instance,
Figure 4.1 illustrates how visual attention focuses more consistently on detailed facial re-
gions during quality assessment tasks compared to free viewing of the same content.

To conclude, our contributions are threefold and can be summarised as follows:

* We propose two new datasets. In the task-dependent scenario. We create QAVA-
DPC, which contains 5 reference dynamic point clouds; each DPC is encoded by 3
codecs, with each codec configured at 3 distortion levels. Fixation maps are con-
structed, collected, and presented for both the reference and distorted sequences as
heatmaps overlaid on top of the stimuli frames. To the best of our knowledge, this is
the first time connecting visual attention and visual quality for DPC in VR. We create
the other visual attention dataset for 19 original dynamic point clouds in a task-free
VR experiment with 6DoF.

* We release all raw data, containing the gaze samples and movement trajectory collec-
ted in our study, along with the code to compute and compare the dynamic point cloud
visual saliency maps, and the software used to perform the experiment, at the follow-
ing links: https://github.com/cwi-dis/ISMAR_PointCloud_EyeTracking,
https://github.com/cwi-dis/TVCG2025-TaskFree_PointCloudEyeTracking.

* We provide an in-depth analysis of the collected dataset, using quantitative measures
to explore the dataset in terms of gaze and trajectory; furthermore, we use qualitative
methods to draw further insights from interviews.

* We perform a cross-condition comparison of saliency maps to evaluate how perceptual
tasks affect visual attention in immersive DPC environments.

These novel datasets offer valuable opportunities for developing reliable saliency mod-
els for 3D representations, which are essential for augmented and mixed reality applic-
ations [185, 186]. For instance, they can enable advancements in several areas, includ-
ing saliency-guided compression [187, 188] and live reconstruction [189] for point cloud
streaming, saliency-aware point cloud mixup for data augmentation [12], volume visual-
ization [190], foveated rendering [191], point cloud transmission [189] and visual quality
assessment [108, 109, 192].

4.1. QAVA-DPC DATASET CONSTRUCTION: TASK-DEPENDENT

To the best of our knowledge, no dataset has yet been released for visual attention of DPCs,
which is our main contribution of the QAVA-DPC dataset. In our first study, we aim to
complement existing literature by performing an experiment comparing the visual quality
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Figure 4.1: Fixation maps of dancer sequences with uniform temporal sampling every 30
frames. The blue regions represent task-free conditions, while the red regions
indicate task-dependent conditions. Gray areas denote nonsalient regions in both
conditions, and overlapping areas are shown as a blend of the two colormaps.
The visualization corresponds to an average fixation map computed across two
user studies, involving 40 participants in the task-dependent experiment and 24
participants in the task-free experiment, respectively.

of several state-of-the-art compression techniques for DPC. We do so in an interactive man-
ner, using an HMD-based VR rendering of 10s sequences from various datasets, which has
not been done before in the literature in combination with eye-tracking, so we can better
understand whether the findings regarding visual saliency and quality assessment on 2D
images/videos can hold for volumetric contents in VR.

4.1.1. STiMULI SELECTION

For the creation of the dataset, we selected 5 dynamic point clouds from 3 public datasets,
namely VsenseVVDB2 [116], 8i [193] and Owlii [117]. To show the diversity of dynamic
point clouds, we considered the Spatial Information (SI) and Temporal Information (TI) for
each content [194]. We projected the source point cloud into 4 views, which are the left,
right, front, and back view, of its bounding box to apply SI and TI separately, then obtain
the maximum value among the 4 views over all the first 300 frames as the final SI/TI for one
sequence. The distribution of all dynamic point clouds can be seen in Fig.4.2, we finally
choose dancer, exercise, long dress, rafa2, and soldier as the contents in our dataset. The
dispersed state in SI (horizontal axes)/TI (vertical axes) shows the diversity of our contents
in the spatial/temporal domain.

4.1.2. StimuULl PROCESSING

Before conducting the subjective experiment on DPC, specific procedures are necessary due
to the codec implementations. These procedures, including pre-processing, encoding, and
rendering, are aimed at minimizing additional influencing factors.
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Figure 4.2: Distribution of SI and TI of 12 source dynamic point clouds from 3 datasets, the
color value is computed by /(SI% + TI2)

PRE-PROCESSING

The sequences mentioned above are selected from different datasets, which means the res-
olution, position and orientations vary. The dynamic point clouds should be life-size so to
create a realistic tele-immersive scenario. To do so, we normalize the dynamic point clouds
to a similar bounding box. The geometry precision of dancer and exercise is voxelized from
11 to 10. The source models are processed with rotation, translation, and scaling. Addi-
tionally, since the VPCC encoder fails to deal with decimals, the coordinates of dynamic
point clouds are rounded before VPCC compression. CWI-PCL encoder has specific re-
quirements for the resolution of dynamic point clouds, so before CWI-PCL compression the
coordinates go through the scaling operation.

ENcobING

Distorted versions are generated using the state-of-the-art MPEG PCC reference software
Test Model Category 2 Version 18 (TMC,V-18.0) and Category 1&3 Version 14 (TMCy3V-
14.0) from now on referred to as VPCC and GPCC [84]. We also adopt the CWI-PCL [76]
codec as a comparison. GPCC is proposed mainly for the aim of compressing static point
cloud, VPCC is developed for DPC compression, and CWI-PCL is mainly used to comply
with real-time requirements. To compare them in a fair way, we set the GPCC encoder with
Region-Aptive Hierarchical Transform (RAHT) to compress point-wise color attributes and
Octree for geometry representation; the VPCC encoder with All Intra (AI) mode, which
adapts intra-prediction for one frame; and the CWI-PCL intra frame, geometry coded with
octree subdivision and color attributes encoded based on JPEG.

To define the configuration parameters for the encoders, the MPEG Common Test Con-
ditions [195] are followed. To compare different codecs and different distortion levels, we
select the distortion levels that can reveal a similar low-medium-high quality range among
the 3 codecs. Specifically, for GPCC we select three distortion levels, namely R02, R04,
and ROS5, by setting positionQuantizationScale and QP parameters. For VPCC, we select
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three distortion levels, namely RO1, R03, and RO5 by setting different geometry QP, attrib-
ute QP, and occupancyPrecision parameters. For CWI-PCL, we choose three combinations
of octree depth with JPEG QP parameters to match a similar quality range, by looping over
octree depth from 7 to 9 and JPEG QP from 25 to 95 (step size = 10). When testing on
the dataset, the above parameter settings for the three codecs yielded subjectively similarly
from the perspective of the quality range. Specific parameter settings are shown in Table
4.1. Each DPC has 3 compression codecs, and each codec has 3 distortion levels, for a total
of 45 distorted dynamic point clouds.

RENDERING

Rendering is the process of producing a visual representation that can be consumed by users
using an available display. In the case of point clouds, different rendering methods have
a significant impact on perceived quality [141]. In our experiment, the point clouds were
rendered using a point-based rendering approach, in which each point is directly visualized
using its original color attributes. No surface reconstruction, mesh generation, or geometry-
altering post-processing (e.g., normal estimation or shading based on reconstructed surfaces)
was applied prior to rendering, in order to preserve the original point cloud data and avoid
introducing rendering-induced artifacts.

Our experiment software is developed in Unity (version 2021.3.10.f1), exploiting the
SteamVR plugin (version 1.24.7) to connect with VR headsets and controllers. CWI Point
Cloud (CWIPC) supported unity package (version 0.10.0) helps us import the dynamic point
clouds and playback them inside Unity [196]. A high-level diagram indicating the hard-
ware/software dependencies is provided in Fig.4.3. Notably, a large size of DPC file might
take up too much memory and cause a system hang. So we first transform the DPC data to
CWIPC-supported point cloud playback format to improve the software stability. To ensure
smooth playback of DPC, we take advantage of the Unity Coroutine scheme to preload each
DPC into memory before the user switches to next DPC. 5 dynamic point clouds with their
corresponding operation are selected in our test.

It should be noted for each sequence, we only choose the first 300 frames from the source
model. The frame rate for playback is 30 frames per second, hence each video lasts for
10 seconds. We use HTC Vive Pro Eye devices with eye-tracking capabilities and Vive
hand controllers for participants to interact in our experiment. To develop eye-tracking ap-
plications for the Vive Pro Eye we use the native HTC Vive SRanipal SDK. The sampling
frequency (binocular) of the eye tracker is 120 HZ.

For the same stimuli, both reference and distorted versions are watertight by adjusting
the point size to the average distance among its 10 nearest neighbors all over all points in
the point cloud [118]. Within a DPC, we utilize the same point size for all frames. All
the point clouds are rescaled to a similar size, around 1.8m in height, to mimic a realistic
tele-immersive scenarios. The VR scene is illuminated by a virtual lamp on the ceiling
centralized above the models. The lamp is set as an area light with intensity values of 2 in
Unity to simulate ordinary lighting in a room.
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Table 4.1: Parameter sets for the selected encoders

Encoders Distortion Level

GPCC RO2 RO4 RO5
(Octree-RAHT) | (0.125,46) (0.5, 34) (0.75, 28)

RO1 RO3 RO5
VPCC (AD) (32,42,4) (24,32,4) (16,22,2)

RO1 RO2 RO3

CWI-PCL (7,25 (8,95)  (9,95)
Hardware Software Unity 3D

Vive Pro E SteamVR Plugin
VIVEFrotye SteamVR Open XR Plugin
Vive controllers - .
. . Sranipal Runtime
Vive base stations CWIPC Unity package ]

Figure 4.3: Schematic diagram with the hardware and software modules together with their
inter-dependencies.

4.1.3. EXPERIMENTAL PROCEDURE

Since there is no specific recommendation for designing subjective quality assessment exper-
iments for DPC in VR, we have made an effort to adhere to existing ITU recommendations
on images/videos [65, 197, 198] to establish an appropriate assessment methodology for
DPC. In our subjective study, we opted for Absolute Category Rating with Hidden Refer-
ence (ACR-HR). Each time only a single DPC was shown to the observer; test materials
included impaired DPC with randomly inserted intact Hidden Reference (HR) sequences,
represented as any other test stimulus. To avoid the effects of contextual or memory com-
parisons, we randomly generated a playlist for each subject, and care was given to avoid
displaying the same DPC model consecutively.

Before the experiment, the visual acuity and color vision of every subject was tested using
Snellen [199] and Ishihara [200] charts. Each subject was informed in advance about the
manner and purpose of the study as part of the informed consent procedure. At the beginning
of the session, the inter-pupillary distance was measured and the headset was adjusted by the
subject accordingly. Then, a training session was conducted to help familiarize the subjects
with the system, including the controllers and the naming of each button to communicate
more easily. One training point cloud sequence, namely loot, was used, which was not
included in the dataset. The quality range of loot was similar to the quality range of the
test videos, giving the subjects a sense of what they would see in the formal sessions. The
subjects always started at the same location, which is 1.5 meters away from the center of the
virtual room, but could move freely from there onward.
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A DPC was located in the center of the virtual room, and each DPC was randomly rotated
between [0°,360°] to avoid bias. During the experiment, the subjects were instructed to view
each model carefully in the VR environment, by moving freely during the playback of each
DPC. The subjects were also required to stand still while doing the calibration and error
profiling. A fixed distance was set between the subjects and the error profiling scene, which
was a circle composed of 9 eye-ball markers.

After feeling comfortable with the set-up, the participants were informed about the task
that is assigned to them: “we ask you to examine a set of human DPC models, each model
will be looped three times, each loop is last for 10 seconds; after visualization, we will ask
you to rate the quality of the stimuli you are looking at, and in the same time, we will record
your gaze-related data”. To determine the number of loops, we referred to related papers on
video quality assessment and eye-tracking-based visual saliency detection [111, 201-203].
Additionally, in [204], the effect of exposition time by repeating the same video from 1 to
4 loops was explored, concluding that more loops do not necessarily result in more unique
fixation points for most videos. Hence we chose 3 loops instead of once or an unlimited
number. There were two dummy objects at the beginning of each session to familiarize
the subject with the testing procedure and the rating scales. For each subject, the test was
split into two rounds, lasting for around 30 minutes each, with a mandatory 5-minute break
in between. Before and after each round, participants were requested to fill in a Simulator
Sickness Questionnaire (SSQ) on a 1-4 discrete scale (1=none to 4=severe) [205]. For every
model and subject, a round was split into four consecutive steps:

1 Calibration is the process by which the geometric characteristics of a participant’s
eyes are estimated as the basis for a fully customized and accurate gaze point calcu-
lation, which is implemented to optimize the eye tracking algorithm. Calibration was
done at the beginning of the experiment, and only when calibration was successful
users could enter into the DPC playback stage.

2 Inspection of models is the step where the participants are observing DPC, while their
trajectory and gaze-related information are recorded.

3 Quality evaluation of models requires the subject to rate DPC. The rating button was
marked with labels ranging from “Poor” to “Excellent” to facilitate anchoring the
rating process, and subjects could use their controllers to select and submit a score
without taking off the headset.

4 Error profiling is issued as the last step in order to estimate the accuracy of the gaze
measurements due to calibration inaccuracies, or HMD displacements. A regular
circle of 9 markers at pre-defined positions in the virtual scene was presented to the
user. Based on the recorded gaze measurements, the average angular error was com-
puted per marker online. This procedure allowed us to decide whether the gaze data
obtained from a certain session was accurate or not.

A total of 40 participants took part in the subjective tests of this study, with a diverse com-
position that includes 1 non-binary individual, 19 males, and 20 females. The participants’
ages ranged from 20 to 34, with an average age of 26.90 and a standard deviation of 3.51.
Each participant observed half of the dynamic point clouds among all stimuli, leading to 20
opinion scores per sequence.
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Figure 4.4: SSQ score for two test sessions

In terms of occupation, the majority (80%) of the participants were students, ranging from
bachelor to PhD levels. The remaining 20% were researchers, postdoctoral fellows, and one
auditor. Regarding familiarity with VR devices, 7 participants had never experienced VR
before the experiment, 26 participants had intermediate experience (using VR 1 to 3 times),
and 7 of them were considered experts, having backgrounds as VR designers or researchers.
Additionally, 22 out of 40 participants wore glasses during the experiment.

4.1.4. DAatAa PROCESSING
PROCESSING OF SSQ Data

SSQ comprises 16 symptoms which are further grouped into three different categories: Ocu-
lomotor, Nausea, and Disorientation; we also computed the total score. Fig. 4.4 suggests
that simulator scores are increasing after performing the experiment. However, it can be
seen that breaks help in reducing simulator sickness.

PROCESSING OF OPINION SCORES

After removing the scores of the first two dummy objects, outlier detection was performed
according to ITU-T Recommendations P.913 [198]. The recommended threshold values
r1 =0.75 and r, = 0.8 were used. No outliers were found in our test. After outlier detection,
the MOS was computed for each DPC. The associated 95% Confidence Intervals (CIs) were
obtained assuming a Student’s t-distribution. Additionally, the DMOS was obtained by ap-
plying HR removal, as the difference between the mean MOS of the hidden reference and
the MOS of the distorted point cloud, following the procedure described in ITU-T Recom-
mendations P.913 [198].

ProOCESSING OF GAZE DaTAa
One subject walked into the body of two dynamic point clouds in the VR environment when
observing, so the corresponding gaze data was not included. We ignored the initial 400 ms
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Figure 4.5: Estimation of the angular error for one gaze data

gaze data of each user to avoid unintentional gaze because of the unexpected appearance of
the DPC. Then, only the valid gaze samples provided by the SRanipal SDK were selected.

1 Verify the data validity of gaze data: A barycentric interpolation with weights equal to
corresponding angular errors obtained from the profiling was applied. A threshold of
7.5° was used to discard unintentional gaze. After displaying each target, 0.8 seconds
will be waited before including the samples in actual calculations. This delay accounts
for the initial moments in eye-tracking data during the actual experiment, which can
be influenced by factors such as calibration stabilization, participant adaptation, and
gaze analysis during fully engaged periods [206]. We used GazeMetrics [207], an
open-source tool for measuring the data quality of HMD-based eye trackers, to com-
pute the angular error. Finally, we applied a compensatory weighted average angular
error to each gaze sample. This was repeated for every user gaze sample to maintain
high-quality estimations while avoiding discarding useful data. Fig.4.5 illustrates the
estimation of angular error for gaze data in 2D, g represents the intersection between
the gaze ray and the plane formed by nine markers denoted as m1 to m9. These mark-
ers were positioned at a distance of 1.25 meters relative to the camera within the VR
environment.

2 Identifying fixation points of gaze data: Taking into account the dynamic nature of
our content, we chose the Dispersion-Threshold Identification (I-DT) [208] method.
I-DT leverages the fact that fixation points, owing to their reduced velocity, tend to
cluster in close proximity [209]. It identifies fixation points as groups of consecutive
points within a particular dispersion, or maximum separation. The I-DT algorithm
requires two parameters, the dispersion threshold and the duration threshold. We set
the dispersion threshold equal to 3° and the duration threshold equal to 100 ms, sep-
arately. Thus we took the average of these gaze points within the duration threshold
as the fixation point.

3 Mapping gaze data to DPC frames: We proceeded by associating the filtered gaze
data with the currently viewed frames and translating the gaze data (x, y, z) from world
space into fixation points within that corresponding frame. As a result, we got all the
gaze data in an endeavor to cover 300 frames in total. We adopted the truncated-cone-
sector algorithm to assign weights to points in a given dynamic point cloud frame
[14].
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(a) Fixation points of dancer, front view (ori- (b) Fixation points of dancer, front view (with
ginal fixations) filtering)

Figure 4.6: Fixation map comparison with/without filtering by DBSCAN.

4 Fusing multiple users’ gaze data to dynamic point cloud frames: A fixation map is the
aggregation of fixation points from all users viewing the same dynamic point cloud
frame at a given timestamp, which can mark the region of interest. In our experi-
ment, unintentional observation could cause isolated fixation points on dynamic point
cloud frame after mapping. Thus, it was necessary to filter out these noisy fixation
points. We choose the Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) [210] algorithm to filter out noisy fixation points. Based on the density of
fixation points on the point cloud, the DBSCAN is configured to remove the noisiest
fixation points in clusters with high density at the same time be able to retain certain
core fixation points in clusters with less density) [100]. Fig.4.6 illustrates the effect
of filtering noisy fixations. DBSCAN requires two parameters: € is the radius of the
circle to be created around each data point to check the density and 6 is the minimum
number of points required inside that circle for that data point to be classified as a core
point. 8 should increase as the point size a of a point cloud becomes small, which
means a high-density point cloud. The minimum number of points is computed as

27
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€ is decided by k-distance graph) [211]. We took the average of fixation maps gener-
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Figure 4.7: MOS (solid line) and DMOS (dashed line) against bit-rate, expressed in Mbps.
HR scores are shown using a shaded purple plot.

ated by multiple users, which is defined as
1 N
VSr=—3 (VSy). 4.2)
N n=1

where V Sy is the fixation map for each dynamic point cloud frame, V'S, is the fixation
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map for each dynamic point cloud frame by one subject, specifically, V'S, also takes
the average number of times a frame is viewed by one subject. N denotes one specific
frame that has been viewed by N subjects in total. After we got the averaged fixation
map for one dynamic point cloud frame, we applied the DBSCAN filtering operation
to get the final fixation map.

4.1.5. EXPERIMENTAL REsuLT
ANALYSIS OF OPINION SCORES

Fig.4.7 shows the results of the subjective quality assessment of the contents in 6DoF view-
ing conditions. In particular, the MOS scores associated with the compressed contents are
shown with solid lines, along with relative CIs, whereas the dashed lines represent the re-
spective DMOS scores. The HR scores for each content are represented with a solid line to
indicate the MOS, and a shaded plot for the corresponding Cls.

While evaluating the point cloud codecs, we observe that, under similar bitrates, VPCC
codec exhibits the best perceptual quality, GPCC the second, and CWI-PCL is the last codec
for all 5 contents. This observation is consistent with [116, 118]. From the perspective of
contents, MOS and DMOS present similar trends, as the MOS for the HR contents is between
4 and 5. The only exception to the trend is rafa2, for which the MOS for the reference content
remains at around 3. This is likely related to the reconstruction error: compared with other
contents captured in more professional studio settings, the reference version of rafa2 does
not offer a satisfactory quality. The calculated DMOS is between [3, 5], due to the fact that
the reference content was rated so low.

ANALYSIS OF GAZE DATA

To understand how and what users explore dynamic point cloud in VR, we analyze the rela-
tionship between fixations and bitrates. Fig.4.8 represents the number of fixations of each
subject on each content. It should be noted that the fixations are the filtered ones on indi-
vidual dynamic point cloud instead of the raw fixations of subjects. Fig.4.9 depicts the exact
number of fixations across all subjects on different bitrates. Combining Fig.4.2, 4.8, 4.9, we
have the following observations:

* Subjects are more interested in the high-motion dynamic point cloud (i.e., with higher
TI) compared with the low-motion one. For example, the average number of fixations
on dancer and long dress is higher than rafa2 and soldier, which have less TI on
average.

* There is no indication that low-quality contents will receive less attention. In fact, we
do not observe any particular trend regarding the number of fixations changing with
varying quality levels. Visual attention for dynamic scenes should be considering both
motion and quality.

 Certain subjects consistently exhibit a higher number of gaze fixations (e.g., user 27
and 38 in Fig. 4.8), possibly due to the individual differences of the participants or the
accuracy of the device during the experiment.
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n Figure 4.8: The fixations for each subject and for each content. Each row denotes the fixa-
tions on a specific content and each column denotes the fixations for each subject,
respectively. R1 (low), R2 (medium), and R3 (high) indicate the bitrates of each
codec, while RO denotes the reference dynamic point cloud .
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Figure 4.9: Fixations against bitrates, expressed in Mbps. The average number of fixations
is expressed with a line. Each color denotes a content, specifically, rafa2 is in
blue, dancer is in red, exercise is in yellow, long dress is in purple and soldier
is in green.

We also explore where the subjects are looking at the dynamic point cloud in VR, and how
the quality degradation will impact the visual attention in a dynamic scene. Subjects pay
attention to unrealistic rendering artifacts, such as high-heeled shoes and hair of long dress.
Fig.4.10 depicts the fixation map on these two areas. Certain frames miss the heelpiece;
certain frames exhibit unnatural hair rendering. Fig.4.11 shows the fixation map of both the
reference and all distorted long dress point cloud frames. We can see subjects are interested
in the face and the area with high motion. For all 5 contents, subjects tend to focus on the
faces and the front view of the dynamic point cloud , despite the random rotation of the
dynamic point cloud itself. No differences are observed for the salient area in different dis-
tortion levels. The fixation intensity on the face is consistent across all the distortion levels;
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Figure 4.10: Fixation map on the hair and heal of long dress

the fixation intensity in high-motion areas floats with the motions; the fixation intensity on
the remaining area has no pattern. This randomness may come from unintentional fixation
or the random rotation of dynamic point clouds.

4.1.6. QUALITATIVE RESULTS

32 interview audio recordings were transcribed into texts and coded using Dovetail!, with
eight participants declining to participate. Following Maguire’s guideline on thematic ana-
lysis [212], we initially reviewed and labeled the text, organized these labels into themes, and
subsequently convened to establish the connection between perceptual quality and visual at-
tention during the subjective test. Each participant is denoted as P1-P32, with the number of
participants concurring with each statement indicated in parentheses. The qualitative results
of this thematic analysis are presented in this section, with detailed findings discussed in the
following subsections.

FacTors THAT IMPACT QUALITY ASSESSMENT AND VISUAL ATTENTION

Temporal information Participants (13) pointed out that the flickering effect is the most
bothersome artifact in our DPC playback scene, often leading to lower ratings. (p21: “If it’s
very like vague or like with big dots, then it’s ok, it’s fake, but if it flickers all the time, that
could be a bit annoying, it’s sort of a lot to see”). Additionally, participants (20) reported that
they tended to explore more during the observation of high-motion point cloud sequences.

thttps://dovetail.com/
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Figure 4.11: The referenced and distorted versions of point cloud long dress (frame 128)
with corresponding visual attention maps based on the proposed processing
protocol. Figures 4.11(a) is the reference version. Figures 4.11(b)-4.11(j) are
the distorted version of long dress from low bitrate to high bitrate. Specifically,
4.11(b)-4.11(d): VPCC, 4.11(e)-4.11(g): GPCC, 4.11(h)-4.11(j): CWI-PCL.

Geometry and texture Distortions in geometry (12) and texture (11) are identified as the
second and third factors influencing the subjective rating of point clouds under scrutiny. (P3:
“I was observing precisely two things, the edges of the body and how distorted they are, and
also some distortions inside the costume.”) For DPC quality assessment, temporal inform-
ation emerges as more critical than either geometric or texture distortions, with geometry
and texture exhibiting nearly equal importance.

Distance impacts the quality rating Participants (8) discovered that the viewing distance
can impact the subjective rating of the same content. Five of them noted that the appearance
of holes is determined by the viewing distance, resulting in visually distinct point clouds
even when inspecting the same sequence. This finding complements the conclusion in [89]
that objects viewed from a greater distance tend to receive lower ratings compared to their
closer counterparts.

Relationship between visual attention and quality assessment Participants favored the
longdress (15), soldier (11), and dancer (9) point cloud sequences among all the contents.
The two primary reasons cited were their high quality (19) and the presence of cues aiding
in quality score determination (15). The characteristics of the point cloud itself influenced
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participants’ visual attention. For instance, individuals tended to focus more on content
characterized by high motion (dancer), realism (longdress, soldier), and intricate details
(soldier) to facilitate the quality assessment task.

SUBJECTIVE QUALITY ExXPERIMENT DESIGN FOR DATASET CONSTRUCTION

Procedure Participants (9) recommend streamlining the calibration and error profiling
process to enhance user-friendliness, while also acknowledging the importance of maintain-
ing data accuracy. This suggests a need for striking a balance between data precision and
ease of use. Such a balanced approach is crucial for advancing the development of eye-
tracking techniques, particularly in terms of calibration procedures.

Interaction with Content Participants (5) highlighted the importance of allowing indi-
viduals to determine the number of loops for each content themselves. They emphasized
that for tasks requiring quality assessment, they may already have instant results in mind
for certain content. Furthermore, participants expressed a desire for increased interaction
between themselves and the objects within DPCs playback scenes in VR for better evalu-
ation of the quality, underscoring the importance of customizable interaction for effective
evaluation. (P4: “... I like to rotate it to whatever angle I want and then go and see it.“ )

CoNTENT CHARACTERISTICS AND QUALITY ASSESSMENT TASK: INFLUENCING USER
INTERACTION

Impacts of the quality assessment task for interaction in VR Participants (21) attrib-
uted most of their movement to the need to observe the front face to determine or recheck
their quality score ratings. Additionally, VR cues presented in the human figures also promp-
ted them to move extensively, enabling them to identify more cues for evaluating point cloud
quality. (P5: “When I was seeing the quality, I was seeing the helmet and it had like a small
thing on top, and there is a difference in the quality of that as well, and even the gun, you
could see like different features on the gun. So there are more things to look at.”)

Impacts of contents characteristics for interaction in VR Participants (21) expressed
the view that if the quality level is easy to discern, they prefer to remain stationary until the
sequence completes its loop, such as in cases of excellent and poor quality scales. However,
if the quality level is relatively challenging to distinguish, individuals opt to move around for
a comprehensive observation, even without engaging in random rotation operations. This
observation aligns with Damme’s conclusion [89] that human perception of underlying qual-
ity representations is intricately linked with the content and its geometric properties under
examination.

4.2. TF-DPC Dataser CoNSTRUCTION: TASK-FREE

To investigate how visual attention is deployed on dynamic point clouds and compare it with
task-dependent saliency maps [24], we conducted a task-free eye-tracking experiment in a
VR environment. During the experiment, we recorded the position (X, y, z coordinates) and
rotation (three Euler angles around the x, y, and z axes) of the camera associated with each
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participant’s HMD, along with timestamped data. This information was used to analyze
participants’ navigation movements within the physical space (i.e., the floor). Gaze-related
data (gaze origin in X, y, z, and normalized gaze direction vector, the position of the point
cloud frames) was collected following the same method as in [24] to generate saliency maps.

4.2.1. MATERIALS

We select all 12 point cloud sequences from UVG-VPC dynamic point cloud dataset [213],
5 reference sequences from the QAVQ-dynamic point cloud dataset [24], and 2 sequences
from the Owlii dataset [214] for the task-free eye-tracking experiment. We selected all the
reference contents from the QAVA-DPC dataset as it contains task-dependent visual atten-
tion maps, thus aiding us in our purpose of comparing task-dependent and task-free viewing,
and we complemented it with additional high-quality contents to provide additional saliency
data. We compute the Spatial Information (SI) and Temporal Information (TT) for each con-
tent [194], by projecting the point cloud into 4 views, namely, left, right, front, and back
view, of its bounding box to apply SI and TI separately, then obtain the maximum value
among the 4 views over all the frames as the final SI/TI for one sequence. The distribution
of all dynamic point clouds can be seen in Figure 4.2. The dispersed state in SI (horizontal
axes)/TI (vertical axes) shows the diversity of our contents in the spatial/temporal domain.
All the stimuli are reference quality (without any compression distortion).

4.2.2. APPARATUS

To ensure that the high-level task is the only variable, we used the same apparatus as) [24],
to enable a fair comparison with the other task-dependent experiment. Our experiment soft-
ware is developed in Unity (version 2021.3.10.f1). The CWI point cloud unity package
(version 0.10.0) is used to import and playback the dynamic point clouds) [196]. For the
UVG-VPC dataset, each sequence contains 250 frames, while other sequences contain 300
frames. The frame rate is 30 frames per second, with each video being displayed 3 times. We
use HTC Vive Pro Eye devices with eye-tracking capabilities and Vive hand controllers for
participant interaction. The eye-tracking applications are developed using the native HTC
Vive SRanipal SDK.

We ensured a watertight appearance of all the stimuli by adjusting the point size to the
average distance among its 10 nearest neighbors all over all points in the point cloud [118].
They are rescaled to a similar size, around 1.8m in height, to mimic realistic tele-immersive
scenarios. The VR scene is illuminated by a virtual lamp on the ceiling centered above the
models. The lamp is set as an area light with intensity values of 2 in Unity to simulate
ordinary lighting in a room.

4.2.3. PROCEDURE

In this study, we use a within-subject design. To avoid the effects of contextual or memory
comparisons, we randomly generated a playlist for each subject. Before the experiment,
the visual acuity and color vision of every subject was tested using Snellen [199] and Ishi-
hara [200] charts. Participants were briefed and signed a consent form prior to taking part
in the study. At the beginning of the session, the inter-pupillary distance was measured and
the headset was adjusted by the subject accordingly. Then, a training session was conducted
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to help familiarize the subjects with the system, including the controllers and the naming of
each button to interact more easily. Two training sequence, namely loot and redandblack,
were used, which were not included in the dataset. The subjects always started at the same
location, which is 1.5 meters away from the center of the virtual room, but could move freely
from there onward and ended anywhere they preferred. A stimulus was located in the cen-
ter of the virtual room, and each stimulus was randomly rotated between [0°,360°] to avoid
bias. During the experiment, the subjects were instructed to view each model freely in the
VR environment during the playback of each sequence. The subjects were also required to
stand still while doing the calibration and error profiling.

For each subject, the test was split into two rounds, lasting for around 17 minutes each,
with a mandatory 5-minute break in between. Before and after each round, participants were
requested to fill in a Simulator Sickness Questionnaire (SSQ) on a 1-4 discrete scale (1=none
to 4=severe) [205]. For every model and subject, a round was split into three consecutive
steps:

1 Calibration was done at the beginning of the experiment, and only when calibration
was successful users could enter into the dynamic point cloud playback stage.

2 Inspection of models is the step where the participants are observing the dynamic
point cloud naturally, while their movement trajectory and gaze-related information
are recorded.

3 Error profiling is issued as the last step in order to estimate the accuracy of the gaze
measurements due to calibration inaccuracies, or HMD displacements.

After participants finished the two rounds, they were requested to fill out the Immersive
Presence Questionnaire (IPQ)2. Last, the researchers conducted a semi-structured interview.
The interview was conducted individually in a non-VR setting, and the entire conversation
was recorded for analysis purposes.

4.2.4. PARTICIPANTS

A total of 24 participants took part in the subjective tests of this study, with a diverse com-
position that includes 1 non-binary individual, 12 males, and 11 females. The participants’
ages ranged from 23 to 35, with an average age of 28.33 and a standard deviation of 3.10.
Each participant observed all the dynamic point cloud stimuli. In terms of occupation, the
majority (66.67%) of the participants were students, ranging from master to PhD levels. The
remaining 33.34% were researchers (scientist and lecturer), one landscape designer, and one
accountant. Regarding familiarity with VR devices, 5 participants had never experienced VR
before the experiment, 13 participants had intermediate experience (using VR 1 to 3 times),
and 6 of them were considered experts, having backgrounds as VR designers or researchers.
Additionally, 17 out of 24 participants wore glasses during the experiment. No ethical ap-
proval was sought for this study, due to the absence of an established ethical review board
at the institution where the research was conducted. The experimental protocol, including
participant consent and data collection, was reviewed through an internal board to be com-
pliant with current GDPR legislation. Participants consented to the collection and usage of
their data at the start of the experiment, after being informed about the study.

2https://www.igroup.org/pq/ipq/index . php
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Figure 4.12: Averaged spatial distribution over time of the main location visited by users
while displaying three different content: (a) rafa2, (b) CasualSpin, and (c) Hel-
loGoodbye. The centroid position of each volumetric content is represented by
a sequence of pink points on the floor.

ANALYSIS OF GAZE DATA

4.2.5. EXPERIMENT RESULTS

ANALYSIS OF MOVEMENTS ON THE PHYSICAL SPACE

The analysis of the movements on the physical space is based on the recorded data associated
with the position and rotation of HMD collected during experiments. For the following
analysis, the data was resampled at 30Hz. A general overview of the navigation behaviour
of participants on the floor (plane XY) is given in Figure 4.12 for three selected contents,
rafa2, HelloGoodbye and CasualSpin. We chose these volumetric point clouds based on
their SI and TI values to investigate how the users movements change in relation with content
characteristics. As shown in Figure 4.2, rafa2 has low TI and SI, CasualSpin has high value
of SI while HelloGoodbye is characterised by high TI. The volumetric content is initially
placed approximately at the center of the floor plane and since the sequences are dynamic,
we also represent their position over time with a trajectory of pink dots. It can be noted that
the first sequence is the less dynamic since rafa2 stays in its initial position (Figure 4.12 (a)).
This brings to a more static behaviour also from the participants who mainly stay in one
location without exploring the area around the content: there are indeed some strong red
spots which represent the position where users spent most of their time and the shadow of
the user position is quite compacted around the content. The point cloud CasualSpin is
instead spinning around itself. In this case, participants are more spread around the content
to display it from different perspectives as shown in Figure 4.12 (b) but they are still quite
compact. On the contrary, Figure 4.12 (c) shows a more dynamic exploratory behaviour
from the users while displaying HelloGoodbye. To be noted that this sequence is also the
most dynamic one since it walks back and forward. Thus, users tend to explore more while
watching dynamic sequences, as already observed in [215].

To understand deeper visual exploration, we now analyze the relationship between gaze
and stimuli. Following the same gaze data processing in [24], we ignored the initial 400 ms
gaze data of each user to avoid unintentional gaze because of the unexpected appearance of
the dynamic point cloud. Then, only the valid gaze samples provided by the native HTC
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Figure 4.13: Fixations per subject and stimuli in the proposed TF-DPC dataset. Each row
represents the fixations corresponding to a specific stimulus, and each column
represents the fixations of an individual subject.

Vive SRanipal SDK were selected. Each valid gaze sample was processed as follows: 1)
Verify the data validity of gaze data by calculating the weighted average angular error to
each gaze sample with the help of GazeMetrics [207]; 2) Identify fixation points of gaze
data by dispersion threshold identification algorithm; 3) Map gaze data to dynamic point
cloud frame with truncated-cone-sector algorithm [14]; 4) Fuse multiple users’ gaze data
to dynamic point cloud frames. After the four steps, we obtained the saliency map per frame.
Each point cloud frame has a normalized fixation intensity range in [0,1] for each point, 0
meaning non-salient and 1 meaning the most salient. For the processing details, please refer
to [24]. Figure 4.13 represents the number of fixations of each subject on each stimulus.
Specifically, each row denotes the number of fixation points per stimulus across the dif-
ferent users. Blue colors indicate a low value of fixations while yellow ones indicate high
values. Vertically, we can notice consistent behavior per participant across the different stim-
uli. For example, User 14 always has a low value of fixation, independent of the visualized
volumetric stimuli, indicating a more erratic behavior. On the contrary, User 1 appears to
have more consistent fixations across the stimuli. Thus, participants tend to preserve sim-
ilar gaze behavior (highly erratic or quite static) independently of the volumetric stimuli.
Similar outcomes were observed also in [215]. Looking at Figure 4 per row (i.e., a single
stimulus across different users), we can notice that stimuli with higher TI got more attention:
FlowerDance and model, which are characterized by higher TI, present more fixations than
rafa2. To further our analysis, in Figure 4.14, we show the saliency map (randomly selected
frame 150;,) for these three sequences. We can see that all three sequences show fixations
on semantically relevant areas, such as the face. However, in FlowerDance, who is in the
middle of a spinning motion, and model, who is simply adjusting her dress, the fixation
areas are smaller and more dispersed across the stimuli, as the users’ attention is drawn by
the motion of the dresses or any patterns on them. We further analyse and discuss gaze data
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in Section 4.3.1.

AnNALysis oF SSQ anDp IPQ paTa

SSQ comprises 16 symptoms which are further grouped into three different categories: Ocu-
lomotor, Nausea, and Disorientation; we also computed the total score according to [205].
The simulator scores increased after the experiment. Specifically, the total scores rose from
6.37 to 10.33 before and after Session 1, and from 5.91 to 10.08 before and after Session 2.
However, it can be seen that breaks help in reducing simulator sickness. The current version
of the IPQ has three subscales (Spatial Presence, Involvement, Experienced Realism) and
one additional general item not belonging to a subscale. We calculate the mean across the
users for each factor. The participants experience high levels of Spatial Presence (Msp = 4.5)
and Involvement (M;yy = 3.8), whereas lower levels of Realisms (Mrgar = 3.3). The pos-
sible reason is that there is no interaction between the user and the content, as mentioned
in Section 4.2.6, and there is no eye contact. The virtual room is empty for better capturing
the visual attention, which normally gets a lower score for the question: “the virtual world
seemed more realistic than the real world.”

4.2.6. QUALITATIVE RESULTS

22 valid interview audio recordings were transcribed into texts and coded using Dovetail®.
Following Maguire’s guideline on thematic analysis [212], we initially reviewed and labeled
the text, organized these labels into themes, and subsequently convened to establish the con-
nection between content and visual attention during the subjective test. Each participant is
denoted as P1-P24, with the number of participants concurring with each statement indicated
in parentheses.

Factors THAT CAPTURE VISUAL ATTENTION ALLOCATION

Temporal information Participants (18) pointed out that movement is the most attractive
factor in our dynamic point cloud playback scene (P21: “when you are watching a video,
it’s easy to follow the direction of the movements.”). 11 of them interpreted the information
conveyed by the content as interesting to attract their attention. However, participants (16)
also noted that high-motion sequences do not necessarily attract more attention than low-
motion sequences.

Artifacts and Details Artifacts (9) and details (9) are identified as the co-second factors
attracting people’s attention. (P8: “what I focused on also negative things are, on the edges
of the point calls often there was like rippling, sort of flickering, attracts a lot of attention,
distracts me, other than that, I think eyes like faces in general, people like the expression.”)

Geometry and Texture Geometry (2) and texture (7) are identified as the second and
third factors influencing the subjective rating of point clouds under scrutiny. (P3: “ 1 was
observing precisely two things, the edges of the body and how distorted they are and also
some distortions inside the costume.”)

Shttps://dovetail.com/
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rafa2 FlowerDance model

Figure 4.14: The visual saliency map of the 150th frame of the dynamic point cloud with
the front view.

In terms of visual attention allocation, temporal information proves to be more crucial
than either geometry or texture, with both geometry and texture showing relatively low im-
portance. The details of the dynamic point cloud fall somewhere in between, while negative
artifacts in the point cloud attract significant attention, aligning with findings from a previous
study [88].

FAacTORS AFFECTING VISUAL ATTENTION

Participants (12) reported the realism of the content and naturalness of the action would
change their attention. (P1: “I have to say there’s an effect, if I see the quality is good, I
usually will look closer. I will check the details. But if the quality is so poor that I can see
distortion everywhere, then I will consciously, I will realize this is not real. So I will be less
interested.”) Abrupt distortions of the sequence will shift attention, (P5: “The point cloud’s
intended focal point might end up being overlooked because the flaws draw my attention
away from it, instead I focus on the imperfections.”). It is worth noting that all the point
clouds under test were of reference quality; that is, any impairment was derived from the
acquisition itself, and was not due to any additional processing such as compression. Thus,
the acquisition methods themselves can have a significant impact on visual attention. This
observation aligns with Zhang’s conclusion [ 106] that distortions always change the attended
regions.

FacTtors INFLUENCING USER INTERACTION
Participants (14) attributed most of their movement to the need to observe the front face

to have more understanding of the human figure. They noted that sequences showing the
same human figure with only slight variations in movement and clothing, as in the UVG-
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VPC dataset, led to decreased movement and reduced interest. This repetition (5) and the
monotonous actions (5) made the task feel not engaging and dull. Limited space (8) and
cable (1) result in less movement of the participants.

DEsSIGNING THE CONSTRUCTION OF A VISUAL ATTENTION DATASET

Content Participants favored the longdress (7), soldier (6), and Gymnast (5) point cloud
sequences among all the contents, describing them as both realistic and engaging. However,
some participants (3) noted that there are only human figures. Additionally, they expressed
a desire for more varied objects and increased interactivity, such as eye contact between
themselves and the content, to enhance the immersive experience.

Display equipment for dynamic point cloud Participants (16) stated that using an HMD
in VR is a better alternative to a 2D screen, as it provides greater immersion and freedom.
(P7: “I think it’s more intuitive if you feel more real when you see it, by 1 to 1 ratio is like
your size, it’s like next to you while on the screen it’s like really small, you can zoom in
but then the screen is not as big or you only see maybe one part of it even though it’s a big
screen, it’s not 3D.”) However, the HMD is heavy (2) and uncomfortable for prolonged use
(2), while 5 participants noted that its effectiveness depends on the specific application.

4.3. COMPARISON BETWEEN TASK-FREE AND TASK-DEPENDENT

To explore how visual tasks impact the visual attention, we quantitatively analyze gaze stat-
istics and saliency map similarity between task-free and task-dependent scenarios. To be
noted these analyses are limited to the five shared sequences across the proposed dataset
and the one presented in [24]: rafa2 (low SI, TI), dancer (medium SI, high TI), exercise
(low SI, high TT), longdress (high SI, medium TI), and soldier (medium SI, TT).

4.3.1. CompARrRISON CONSISTENCY OF GAZE

To analyze the allocation of visual attention depending on the task, we propose three meas-
urements. We choose the total fixation number instead of other statistics of the gaze [216]
(the mean duration or scan-path magnitude), because since the fixation is obtained through
the dispersion threshold identification algorithm, the duration of consecutive gaze samples
is implicitly considered. Apart from gaze behavior, our focus is on where the gaze is alloc-
ated within 3D point cloud frames. We select the Volumes of Interest (Vol) [217], which
can show how many volumes have been observed by humans, and the distribution of the Vol,
which can tell us how their attention is dispersed across the point cloud. Vol is computed
as the total number of points whose fixation intensity is larger than zero, the spread of Vol
is the average pairwise distance of the Vol within the point cloud. Figure 4.15, from left
to right, shows the fixation, Vol, and the spread of Vol across participants in both a task-
free and task-depended experiment. We can observe the following: 1) Fixations for all 5
sequences with variant ST and TI perform consistently. The fixation number under task-free
is lower than under task-dependent conditions since people need to focus relatively more
to evaluate the quality of the sequences. 2) Generally, more fixations mean larger Vol and
sparser distribution of the Vol. Howeyver, this is not true for dancer and rafa2 sequences.
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Spread of Distribution

Figure 4.15: Aggregation of fixations, Vol, and the spread of the distribution across parti-
cipants of task-free and task-dependent experimental scenarios for the 5 shared
dynamic point clouds from both QAVQ-DPC and proposed TF-DPC datasets,
separately.

To analyze the difference between tasks with respect to these measures of visual attention,
we ran a set of analysis of variance (ANOVA) tests. We grouped all fixations by task and
aggregated measures by participant for each content per frame. One-way ANOVAs indicate
the overall effect of the task on these measures. The p-value is below the threshold (0.05) of
significance for all the contents per measure except for the spread of distributions for rafa2
and the Rol for dancer, which are 0.1641 and 0.8008, separately. In conclusion:

* Across all 5 sequences, the number of fixations is significantly different between task-
free and task-dependent scenarios. Task-dependent viewers, who were evaluating the
quality of the content, consistently had more fixations compared to task-free viewers,
who likely scanned the content more freely. This supports the idea that task-related
goals require more focused attention, leading to a higher fixation count. Sequences
with higher ST and TI, such as longdress and dancer, tend to capture more attention,
evidenced by the higher number of fixations. In contrast, lower SI and TI sequences
like rafa2 generally had fewer fixations, as they may not have been as visually enga-

ging.

* There is a significant difference for most contents, with task-dependent conditions
leading to larger Vols. This suggests that when participants are given specific tasks,
they distribute their attention more widely across the point cloud (multiple specific
areas), perhaps because the tasks prompt them to explore more regions for relevant
information. While in free-viewing, they explored generally, driven by personal curi-
osity or passive observation rather than the active search for specific details. dancer
stands out as the only content where both conditions cover the same. This could mean
that the nature of the dancer does not lead to a noticeable change in the areas parti-
cipants attend to, regardless of whether they are given a task or not.

 There is a significant difference for most contents, with task-dependent conditions
leading to a broader spread of attention. However, for rafa2, there is no significant
difference between the two conditions since it lacks of a main attention area, likely due
to its low SI and TI and no particularly engaging features to attract viewers’ attention.
As aresult, people tend to look around more. The possible reason for the higher spread
of Vol for dancer while remaining the same Vol is due to its continuous movements
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over time, with the dynamic dance gestures evenly capturing attention across the point
cloud.

4.3.2., CoMPARISON CONSISTENCY OF VISUAL SALIENCY MAP

We aim to compare the point cloud saliency map in task-free and task-dependent scenarios.
Commonly used metrics for such a comparison are listed in Table 4.2. The key properties
include location or distribution-based, similarity or dissimilarity measurement, sensitivity
to 0 values, and consideration of spatial distance. Since the generated saliency map for dy-
namic point clouds uses exactly the same method in [24], which does not include an explicit
fixation point on the point cloud, the location-based metrics are not applicable to our continu-
ous point cloud saliency maps. Among the distribution-based metrics, SIM, as a similarity
metric, penalizes misalignment and is sensitive to missing values and 0 values, while KL,
as a dissimilarity metric, is also sensitive to 0 values. Thus, based on the recommendation
for metric selection [218, 219] and the characteristics of our dynamic point cloud saliency
map, i.e., the majority of the points are non-salient (i.e., fixation intensity equal to 0), we opt
not to use them. EMD, as a dissimilarity, is the only metric that considers spatial distance.
Herein we choose PCC to measure the similarity and adapt EMD, which is used to measure
the 2D saliency map, to measure the dissimilarity.

The PCC is a statistical method to measure how correlated or dependent two variables
are. In our scenario, given the visual saliency maps obtained from a task-free F and task-
dependent D experiment, PCC can be defined as follows [220]:

cov(F,D)
OF0OD ’

PCC(F,D) = 4.3)

where cov(-) is the covariance and o is the standard deviation. PCC ranges from -1 to 1,
with higher absolute values indicating stronger correlation between visual saliency maps.
However, PCC is sensitive to outliers and only compares the magnitudes of corresponding
points. This makes it unable to account for shifts in point locations or partial matches in
attended areas, which are common in eye-tracking experiments due to device limitations or
participant preferences. This issue is especially noticeable in large point clouds. To address
this, we propose to adapt EMD for dissimilarity measurement [221], as it better captures
the distribution of attention by incorporating spatial information. EMD helps to alleviate
the issues of point shifts and partial matches in large volumetric content cases. Specifically,
we generate the “signature” (a feature that can represent the saliency map) by calculating a
histogram of the fixation intensity at each point in 3D space. We denote a discrete, finite
distribution p from the saliency map obtained in the task-free experiment as

p={(p1, w1, ..., (Pm, wm)} = (P, w) e D™ (4.4)

where P = [py,..., pm] € RK*™ represents the signature with m points (or clusters), w; =0
represents the weight or fraction associated with the i-th point (or cluster) forall i =1,---, m.
Here K is the dimension of ambient space (Euclidean space for 3D point cloud) of the points
pi € RK, and m is the number of points (or clusters). The total weight of the distribution

pis ws = Z;’i L Wi Given two distributions in task-free and task-dependent scenarios as
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Table 4.2: Property of Evaluation Metrics for Image Saliency Map

AUC  NSS 1G SIM KL PCC EMD
Location-based v v v
Distribution-based v v v v
Similarity v v v v v
Dissimilarity v v
Sensitive to 0 values v v v
With spatial distance v

p=P,we DX™ and q=Que DX", We used the following EMD [221]:

ming—(f, ye 7 (p,q WORK(E P, @)
EMD(p,q) = — 22 4 .

- 4.5)
min(ws, uy)

The EMD distance EMD(p, q) between p and q is the minimum amount of work to match

between distribution p and q, normalized by the weight of the lighter distribution. Thus,

to obtain the EMD value, we need to find the optimal flow by solving the transportation

problem. The work done by a feasible flow F € & (p, q) in matching p and q is given by

m n
WORK((Ep,q) =) Y fijdij, (4.6)
i=1j=1

where d;; = d(p;, q;) is the “ground distance” between p; and g;. We consider the degree
of salience and the spatial information of the point cloud jointly, the ground distance is now
defined as

dij = Mhi = hjl+ (1= V(i = x)% + (i = y)? + (2 — 2212, 4.7)

where h; is the middle value of the iy, bin of the histogram in p, and (x;, y;, z;) is the location
of the centroid point located in i, bin of p. A is a weight used to balance the importance
between spatial information and the magnitude of the fixation intensity value. The flow F is
a feasible flow between p and q iff

fijz0 i=1,...,m,j=1,.,n, 4.1
n
Y fijswi i=1...,m, 4.2)
j=1
m
_Zlfl-jsuj j=1,...,n, and 4.3)
i=
m n
Y. Y fij =min(ws, us). 4.4)

i 1

I

—
~,

I

The detailed explanation for the constraints can be found in [221]. The coordinates of the
distribution points are not used directly in the EMD formulation, only the ground distances
d;j between points are needed. A larger EMD indicates a larger difference between two
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Figure 4.16: Similarity of point cloud saliency maps between task-free and task-dependent
scenarios through EMD (¢) and PCC (°) for the shared 5 sequences per frame,
separately.

distributions while an EMD of zero indicates that two distributions are the same. In this
paper, we remove the points that are non-salient in both experiments before we compute the
PCC and EMD to obtain an accurate measurement. The bin number of the histogram is set
to 30, A is set to 0.5.

To fairly compare similarity and dissimilarity metrics, we normalize the EMD values
to [0,1] range and convert dissimilarity into similarity. This is achieved by dividing the
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0.2

rafa2 dancer exercise lonadress soldier rafaz dancer exercise lonadress soldier

Average PCC Average EMD

Figure 4.17: Similarity of point cloud visual saliency maps between task-free and task-
dependent for the shared 5 sequences averaged over 300 frames, separately.

computed EMD by the maximum possible EMD for a given histogram, assuming all the
mass (i.e., salient points) starting in the leftmost bin need to be moved to the rightmost bin.
The similarity score for EMD is then calculated as 1 minus the normalized EMD. Figure 4.16
compares PCC and EMD values for the shared 5 contents per frame, separately. We observe
that PCC exhibits greater variance for exercise, longdress, and soldier, as evidenced by
fluctuations in the PCC values across frames. This variability suggests that PCC is sensitive
to outliers in the saliency map, leading to greater variation in visual similarity over time for
these contents. In contrast, EMD demonstrates more stable and consistent behavior, with
values that remain within a narrower range, indicating reduced fluctuations. This stability
arises from EMD’s consideration of spatial information and its partial match property. Fig
4.17 shows the average similarity across frames in task-free and task-dependent scenarios.
Notably, dancer is identified as the most similar sequence by PCC, while soldier is the most
similar according to EMD. PCC’s emphasis on matching magnitudes at the same points leads
to high similarity scores for dancer, where obvious salient regions identified by humans
remain consistent over time, independently of the task.

Combining Figure 4.16 and Figure 4.17, it becomes clear that both EMD ([0, 0.35]) and
PCC ([-0.25, 0.4]) exhibit low similarity values, suggesting substantial differences between
task-free and task-dependent scenarios. This highlights that task-dependent scenarios in
dynamic point clouds significantly alter human visual attention. EMD identifies overlapping
regions of attention in both scenarios, providing a more spatially-aware similarity measure,
while PCC captures sharp variations for specific content. Figure 4.18 shows saliency maps
for soldier at the frames with maximum similarity under EMD and PCC metrics. Visually,
the saliency in the 58;j frame appears more similar than in the 61, frame, with the inset of
the head showing greater overlap, particularly from the back view. This comparison further
demonstrates that while both PCC and EMD have their strengths, EMD’s consideration of
spatial information makes it more suitable for evaluating saliency in point cloud data.

4.3.3. SUMMARY

Quality assessment, as a high-level perceptual task, significantly influences how visual at-
tention is deployed when evaluating dynamic point clouds in VR. As discussed in Section
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Figure 4.18: Saliency map visualization of soldier in frame 58 and frame 61, identified as
the most similar maps using the adapted EMD and PCC metrics. The left side
of the dotted line shows the front view of the soldier, while the right side shows
the back view. TD refers to the saliency map collected under task-dependent
conditions, and TF refers to task-free.

4.3.1, one key observation is that participants exhibit fewer fixations in task-free conditions
compared to task-dependent ones. This is evident in Figure 4.18, where task-dependent
viewers focus more on specific details, such as the spotlight on the soldier’ s hat. In con-
trast, task-free viewers typically form a general impression, primarily attending to broader
features like facial expressions, rather than thoroughly exploring “less critical” details once
they have grasped the overall scene.

In task-dependent conditions, the demand for precise quality evaluation prompts parti-
cipants to observe the sequence more carefully. Their goal is to gather visual cues to assess
the content’s quality, which explains why saliency maps under the quality assessment task
tend to have a larger Vol. Additionally, due to content repetition (same content with different
quality level), participants in task-dependent conditions are less inclined to explore the back
of the point cloud, preferring the primary areas in the front view that they deem relevant
for the quality assessment task. In task-free conditions, participants generally scan the con-
tent broadly, focusing on prominent movements or artifacts. Since they are not bound by
a specific objective, they tend to observe both the front and back views of the point clouds
without particular focus.

The spread of the Vol, however, varies between different conditions for different reasons.
In task-dependent, participants’ attention is drawn to specific features from head to toe, like
the spotlight on the hat, the watch on the hand, and the shoes, as shown in Figure 4.14
the frame 58 under task-dependent condition. Participants’ attention is more targeted, with
individual differences in strategies for assessing quality. This variability contributes to the
spread of the Vol but with greater focus on elements that are crucial to quality judgment. In
contrast, the task-free condition reflects a more passive viewing approach. Participants form
a holistic view of the scene, only directing their gaze toward areas of movement or obvious
artifacts. Without the demand to assess quality, their focus is less concentrated on specific
details, and their viewing patterns reflect a broader exploration of the scene.

Movement and semantic information in the dynamic point clouds, such as facial expres-
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sions or body movements, consistently attract visual attention in both scenarios. For ex-
ample, in Figure 4.19, participants frequently fixate on faces across multiple frames. In-
terestingly, visual attention appears to be more consistent in task-dependent conditions, es-
pecially when it comes to fine details, regardless of whether the scene has high or low TI.
Participants are more likely to scrutinize these details to detect subtle distortions, which are
critical for assigning quality scores. This difference in attention deployment highlights how
task-driven objectives shape visual behavior, with task-dependent viewers engaging in top-
down mechanisms and task-free viewers adopting a more relaxed, impressionistic approach.

4.4. DiscussioN

4.4.1. THE INFLUENCE OF TASK FOR DPC VISUAL ATTENTION

Our first quality assessment experiment, which focused on evaluating the visual quality of
DPCs, likely influenced participants’ attention toward specific content areas that facilitated
the task: for example, areas with patterns on which distortions would easily be spotted. That
does not necessarily mean that the same area would be a salient region had the test been ad-
ministered with a different task or task-free. Insights from the semi-structured interviews
confirmed that the identified salient regions were not only inherently attention-grabbing but
also offered cues that aided participants in the quality assessment process. This dual influ-
ence highlights the contextual nature of visual attention, driven both by intrinsic content
characteristics and the task’s demands. Moreover, the accuracy of visual attention map
predictions varies depending on the display environment and associated tasks [222, 223].
Future research should explore how visual attention varies across different tasks or task-free
scenarios to uncover more generalized patterns of saliency in DPCs and their implications
for real-world applications [224].

4.4.2. VISUAL ATTENTION APPLICATIONS FOR DPC

The insights derived from gaze data for DPC extend far beyond quality assessment. Accur-
ate prediction of visual attention provides a robust foundation for optimizing compression
and streaming strategies. For example, saliency-driven bit allocation can enhance encoding
efficiency by prioritizing the fidelity of regions that capture user attention while allocating
fewer resources to non-salient areas. Additionally, integrating saliency maps with temporal
motion information, such as motion vectors, enables adaptive streaming parameters that
dynamically adjust to user focus, ensuring a seamless and engaging experience. Further-
more, leveraging these insights can support semantic segmentation of motion-dominant and
motion-static regions, which has significant potential for applications such as object recog-
nition and interactive XR environments.

4.4.3. VISUAL ATTENTION COLLECTION LIMITATIONS

In the second comparison study, we collect a task-free saliency dataset for dynamic point
clouds and investigate the task impact on human attention allocation. We observed that
a central bias persists to some extent when viewing human faces, regardless of whether
the conditions are task-free or task-dependent. However, our study is limited by the fact
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Figure 4.19: Fixation maps of dancer sequences with uniform temporal sampling every 30
frames under the task-dependent scenarios.

that TF-DPC focuses solely on human figures, excluding other immersive content types like
landscapes or interactive objects. This limitation stems directly from the lack of high-quality,
realistic datasets of dynamic point cloud objects, as to date, only synthetic datasets including
dynamic objects are present in the literature [225, 226]. Thus, the outcomes of this study are
valid only for the dynamic human category, and future work should explore broader content
types. We chose a wired HMD to maintain consistency with the conditions of the previous
study; however, this choice restricted physical movement due to the HMD’s cable, and the
device’s weight and discomfort may have increased cognitive load, potentially resulting in
fewer and less stable fixation points. To explore this, future studies should consider assessing
pupil dilation and blink rate, reliable indicators of cognitive load, alongside gaze amplitude
and fixation patterns. These constraints may limit the ability to collect naturally viewing
saliency maps and could introduce systematic biases. Using wireless HMDs, such as the
HTC Vive Focus Vision, could improve ecological validity. Additionally, dynamic point
clouds in high-quality XR scenarios are inherently dense, but the visual saliency regions
occupy only a small portion of the content. Increasing the participant sample size in future
studies would enhance statistical power and improve the generalizability of the findings.

4.4.4. VISUAL SALIENCY COLLECTION UNDER VARIOUS PERCEPTUAL TASKS

The findings of our comparative study on the impact of high-level tasks for human visual at-
tention deployment differ from previous research on images [227] but align with conclusions
drawn from static 3D models [228]. Specifically, similarity metrics indicate lower saliency
collection for static 3D models (PCC: 0.35) [228] compared to images (PCC: 0.84) [227].
While task-dependent, top-down mechanism effects on overt visual attention have been well-
studied for 2D media [229], how these findings translate to dynamic point clouds remains
largely unexplored. Additionally, there is evidence that traditional attention paradigms may
not fully apply to newer media formats, such as panoramic videos [230]. Our findings have
shown that quality assessment has a significant impact on human visual attention deploy-
ment, with both saliency maps under task-free and quality assessment tasks focusing on
semantic area and movement. However, their focus differs, as mentioned in the above Sec-
tion 4.3.3. A critical question that emerges from our study is whether saliency collected
under task-free conditions or task-dependent conditions provides greater value for specific
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applications, such as point cloud quality assessment. Exploring the temporal dynamics of
saliency in dynamic point clouds—how it evolves over time under varying task demands—
critical for optimizing visual representations. Future research should focus on exploring the
temporal dynamics of saliency across various perceptual tasks, clarifying the benefits of dif-
ferent saliency detection methods, and incorporating these insights into prediction models
tailored to dynamic point clouds for specific applications.

4.4.5. VISUAL SALIENCY COLLECTION IN AR

3D visual saliency has been measured through various devices, such as the eye-tracking
glasses [231], AR HMD [23], and VR HMD [24]. Understanding the differences between
these devices is essential for accurately predicting saliency while accounting for factors such
as spatial bias [180], center bias [182], and systematic error [232]. Nguyen [23] released
saliency maps for four dynamic point clouds (namely BlueSpin, CasualSquat, FlowerDance,
and ReadyForWinter) in AR, overlapping with our proposed TF-DPC dataset. Thus, using
these four sequences, we were able to conduct an initial analysis of saliency maps across
different devices. Notably, not every frame in the AR sequences contains fixation data, so
we retained only the frames with salient areas present in both AR and VR. We computed
the average Vol ratio (salient area relative to the entire point cloud across the sequence),
as shown in Figure 4.20. Our findings from the comparative study indicate that the Vol in
the AR condition is significantly smaller than in the VR laboratory setting, with participants
primarily focusing on limited regions of the point cloud. This reduction may be attributed to
the HoloLens’ limited field of view (about 52°) compared to a VR headset (about 110°). Fur-
thermore, since AR blends virtual context with the real environment, users must frequently
switch contexts and refocus their gaze [233], which can further reduce fixations on dynamic
point clouds. Additionally, participants cannot view the entire life-sized point cloud un-
less they step back. Thus, the experimental protocol for saliency collection in AR requires
careful consideration.

4.4.6. EVALUATION METRICS FOR THE SIMILARITY OF POINT CLOUD SALIENCY
MAPS

Several metrics exist for quantitatively measuring the similarity of 2D saliency maps, some
of which can be adapted to static point cloud saliency maps with minimal adjustments. How-
ever, location-based metrics like NSS, which depend on precise fixation points, may not be
directly applicable to point clouds. Human gaze fixation corresponds to a specific pixel in
2D images, but in 3D point clouds, the gaze ray may not intersect with any point in space,
requiring approximation methods that introduce inaccuracies. Thus, metrics relying on fixa-
tion locations may not be suitable for point clouds unless these approximations are properly
addressed. For distribution-based metrics, which compare the overall spread of attention,
present a different challenge: how should we balance coverage similarity (whether the same
areas are salient, regardless of magnitude) against magnitude similarity (whether the sali-
ency levels are comparable)? Some scenes may show full spatial matches but differ in mag-
nitude, or vice versa, making it unclear which aspect should be prioritized. This decision
depends on the specific application.

Riche ef al. [219] argue that no single metric is sufficient for evaluating saliency map




88 4. VisuaL SALIENCY OF PoiNnT CLoUD

BlueSpin CasualSquat FlowerDance  ReadyForWinter

Figure 4.20: The average ratio of the VoI for the shared 4 dynamic point cloud sequences in
AR and VR.

similarity. The 3D nature of point clouds and the relatively small salient regions further
complicate this task. For dynamic point clouds, the added dimension of time introduces
variability due to motion, requiring spatial-temporal saliency distributions to be more ef-
fective in measuring similarity. Especially for human dynamic point clouds, for example, in
Figure 4.1, the 151, frame of dancer sequence, should the saliency of symmetric semantic
areas (the left and right feet) be treated equivalently when we measure the similarity? Incor-
porating metrics that consider temporal consistency and semantic relationships could help
capture nuances in saliency similarity, particularly in dynamic scenarios where motion and
semantic equivalency, such as symmetrical regions, play a significant role.

4.5. CoNCLUSION

In this chapter, we presented the construction and analysis of two visual saliency datasets for
DPCsin VR environments with 6DoF, each designed under distinct viewing conditions: task-
dependent and task-free. These user studies were conducted to address R2: How can visual
saliency in dynamic point clouds be detected and compared in immersive environments?

The QAVA-DPC dataset was developed for task-dependent scenarios, in which participants
were asked to perform a quality assessment task while observing dynamic point clouds. A
dedicated experimental protocol was designed to simultaneously capture subjective quality
scores and visual attention data in a VR setting. Analysis of visual attention maps, along
with insights derived from semi-structured interviews, provided a deeper understanding of
human perceptual behavior in immersive environments. While prior studies have suggested
that visual saliency is beneficial for applications such as image/video streaming, compres-
sion, and quality assessment, our work represents an initial step toward incorporating sali-
ency into dynamic point cloud evaluation. Future research will focus on predicting visual
attention in DPCs and developing objective quality metrics that better correlate with human
perceptual responses.

In contrast, the TF-DPC dataset targets task-free viewing scenarios and includes 19 dy-
namic point cloud sequences. Participants were allowed to freely explore the content without
any specific task, enabling the collection of natural gaze patterns and movement trajectories.
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This setting allows us to study how visual attention is distributed in unconstrained, immers-
ive conditions, offering a complementary perspective to the task-driven findings.

To compare saliency under these two viewing paradigms, we conducted a detailed ana-
lysis of gaze statistics and saliency map similarities. For this purpose, we introduced a novel
similarity metric based on the Earth Mover’ s Distance (EMD), adapted to account for both
spatial distribution and saliency intensity. This metric enables a more distribution-relevant
comparison of saliency maps in dynamic point cloud settings. Our experimental findings
indicate that task context—especially high-level cognitive tasks like quality assessment—
significantly influences visual attention patterns. Moreover, this influence is modulated by
content-specific characteristics, particularly the presence and complexity of temporal dy-
namics.

To support further research, we publicly release not only the QAVA-DPC and TF-DPC
datasets, but also the associated experimental software, raw eye-tracking and motion data,
scripts for visual attention map generation, and the implementation of our EMD-based sali-
ency map comparison method.

While the primary focus of this chapter was to support perceptual quality assessment of
DPCs through subjective experiments and saliency data collection, the next chapter shifts
toward integrating this ground-truth saliency information into objective quality assessment
models. Specifically, we explore how saliency-guided features can enhance the perceptual
alignment and robustness of objective PCQA metrics in dynamic 6DoF environments. In
addition to leveraging the captured ground-truth visual saliency, we also investigate learning-
based saliency prediction by adapting existing visual saliency models originally designed for
images, aiming to further enrich the feature representation for PCQA and boost the quality
prediction performance.






VISUAL SALIENCY-BASED
OBJECTIVE PCQA METRICS

In the previous two chapters, we assessed the perceptual quality of point clouds—both dy-
namic and static—through subjective studies and objective PCQA models. While high pre-
diction accuracy was achieved, further improvements are possible by incorporating visual
saliency information, either collected from user experiments or predicted using computa-
tional models. This chapter explores how visual saliency can enhance objective PCQA.
We first integrate ground-truth saliency maps into point-based PCQA models for dynamic
point clouds. We then adapt image-based saliency prediction models for use with projection-
based PCQA of static point clouds. The integration of saliency leads to improved percep-
tual alignment and prediction performance, albeit with increased computational complexity.
The contributions of this chapter include practical strategies for applying visual saliency in
PCQA, quantitative analysis of performance gains, and insights into model complexity and
temporal behavior—olffering guidance for future saliency-aware point cloud streaming and
quality evaluation applications.

This chapter is based on the following publications:

1. Xuemei Zhou, Irene Viola, Ruihong Yin, and Pablo Cesar. 2024. Visual-Saliency Guided Multi-modal
Learning for No Reference Point Cloud Quality Assessment. Proceedings of the 3rd Workshop on
Quality of Experience in Visual Multimedia Applications. (ACM MM Workshop). [26]

2. Xuemei Zhou, Irene Viola, Evangelos Alexiou, Jansen, Jack, and Pablo Cesar. 2025. Subjective and
Objective Quality Assessment for Dynamic Point Cloud with Visual Attention in 6 DoF. Transactions
on Multimedia Computing Communications and Applications (ACM TOMM). [27]
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Point clouds play a crucial role in various real-world applications. Visual attention also
plays a crucial role in various vision tasks, such as segmentation, localization, and regis-
tration [234]. Notably, leveraging visual attention maps to weight quality maps has shown
improvements in perceptual quality prediction [235]. By connecting visual attention and
visual quality for DPCs, quality allocation between salient regions and surrounding areas,
saliency-aware compression and streaming, and saliency-aided objective quality metrics can
be further investigated and optimized. Hence, predicting the visual quality of point clouds
accurately and efficiently, in a way that correlates well with the HVS, is highly desired.

The intricate geometrical structure and densely packed points of point clouds, complete
with attributes such as color, normal, and transparency, allow for detailed representations
of environments, objects, and humans. While this richness of information is valuable, it
presents challenges for the efficiency and accuracy of PCQA metrics. The different factors
that contribute to the visual quality of point clouds are not fully understood, adding to the
complexity of developing effective PCQA metrics.

In this chapter, we explore the added value of incorporating visual saliency into PCQA
metrics in two distinct scenarios: dynamic point clouds and static point clouds. For dynamic
point clouds, we leverage the QAVA-DPC dataset, which provides both subjective quality
scores and corresponding point cloud saliency maps. These saliency maps are integrated into
point-based objective PCQA models to enhance their perceptual alignment. In contrast, for
static point clouds—where no comparable dataset exists—we take advantage of the maturity
of image-based saliency prediction models. We adapt these learning-based saliency models
to generate saliency maps for projected views of static point clouds and integrate them into
projection-based PCQA models. Through this approach, we aim to systematically evaluate
the potential of visual saliency to improve the performance and perceptual relevance of ob-
jective PCQA metrics across both dynamic and static point cloud scenarios. In summary,
the contributions of this chapter focus on leveraging visual saliency information to enhance
objective PCQA metrics. Specifically, they can be summarized as follows:

* We propose an objective PCQA metric that leverages 2D visual saliency maps pro-
jected from 3D point clouds, enabling quality assessment to prioritize perceptually
important regions.

* We benchmark existing 3D objective PCQA metrics directly using 3D point cloud
visual saliency maps collected from our subjective user studies, demonstrating how
saliency integration can enhance perceptual alignment.

5.1. VisuaL sALIENCY GUIDED PCQA METRICS FOR DPC

Subjective quality assessment leads to ground-truth ratings for visual impairments that ap-
pear in a stimulus. Subjective quality assessment for DPC has been explored in desktop
viewing conditions [83, 116] or in immersive environments with users consuming the con-
tents through an HMD under 6DoF [88, 118]. In the latter case, information about users’
movement can be captured in addition to subjective quality ratings, to understand how users
navigate and observe objects in VR space. A more accurate representation of the user’s con-
sumption is given by gaze data, which highlights the specific areas of content being viewed
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with focused attention. This information aids in the creation of visual attention maps. Incor-
porating visual attention into quality assessment has demonstrated potential improvement
for predicting the visual quality of 2D/3D image/video [2, 106]. Nonetheless, visual atten-
tion for DPC is still in its infancy, thus hindering the utilization of its outcomes in aiding
visual quality assessment.

In Chapter 4, we addressed this gap by developing an eye-tracking-based Quality Assess-
ment and Visual Attention dataset for DPCs (QAVA-DPC). This dataset includes a wide
variety of content and compression distortions, utilizing MPEG standard codecs: V-PCC,
G-PCC, and the MPEG reference codec (referred to as CWI-PCL).

Building upon this foundation, the present chapter benchmarks objective PCQA metrics
enhanced by the integration of visual saliency information from QAVA-DPC. The inclusion
of visual saliency maps offers deeper insights into human perceptual behavior in 6DoF en-
vironments—an essential component for optimizing QoE. Our approach integrates ground-
truth eye-tracking data into point-based PCQA models by using the visual saliency maps as
spatial weighting functions. This allows the metrics to give more importance to perceptually
relevant regions of the point cloud.

It is important to note that we deliberately exclude learning-based saliency models from
this benchmarking study. Since most image or video-based saliency models are not directly
designed for dynamic point clouds, applying such models would introduce an additional
layer of transformation complexity and possible bias. Our goal here is to keep the saliency
information as accurate and reliable as possible by relying on ground-truth eye-tracking data.
Therefore, saliency-guided PCQA metrics that rely on the transformation of visual saliency
are excluded from this benchmarking for dynamic point clouds to maintain consistency.

Additionally, it is important to clarify that we possess visual saliency maps for both the
reference and the distorted point clouds. These saliency maps are used independently to
weight each point cloud when computing the corresponding PCQA scores. We do not ap-
ply any knn or explicit region correspondence matching between reference and distorted
point clouds when incorporating the saliency information, in order to avoid introducing any
correspondence-related artifacts.

The main contribution of this chapter lies in benchmarking several state-of-the-art PCQA
metrics—originally developed for static point clouds—alongside two temporal pooling meth-
ods, on the QAVA-DPC dataset. Furthermore, we validate the performance of these metrics
when enhanced with ground-truth visual saliency information. This study provides valuable
insights into how saliency-guided PCQA can improve perceptual alignment in dynamic point
cloud quality assessment, and offers guidance for the future integration of visual attention
in immersive media quality evaluation.

5.1.1. BENCHMARKING OF OBJECTIVE QUALITY METRICS FOR DPC

Dataset and Evaluation Criteria The QAVA-DPC dataset is used to evaluate the added
value of incorporating visual saliency information into dynamic point cloud quality assess-
ment. To measure the relationship between objective quality scores and subjective ground-
truth scores, we employ three commonly used evaluation criteria: PLCC, SRCC and RMSE.

Performance Evaluation of Objective Quality Metrics without Visual Attention
With the subjective scores collected in our experiments, we conduct an evaluation and com-
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parison of existing objective metrics for the task of DPC quality assessment. Only point-
based metrics are considered. We chose metrics adopted by the MPEG group, namely, point-
to-point and point-to-plane with MSE and Hausdorff distances, with and without using Peak
Signal to Noise Ratio (PSNR), and the weighted average color differences for Y, U, and V
channels in terms of PSNR, which is defined as [36]:

6-PSNRy + PSNRy + PSNRy

PSNRyyy = 5

6D

Furthermore, we choose another 4 state-of-the-art metrics, namely, histY [44], pointSSIM
[144], PCM_RR [162] and PCQM [5]. Since the metrics are originally designed for static
contents and do not explicitly consider the temporal aspect, we apply the metrics to each
frame and then pool all the 300 frames’ scores as the final score for one DPC sequence.
Based on the findings of [60], we choose the mean as the baseline and variation model [59]
as the temporal pooling method to obtain the objective score for each DPC sequence.

Performance Evaluation of Objective Quality Metrics with Visual Attention

Since the visual saliency is point-based, we integrated the importance weight with the quality
score computed by the existing metric for each point per frame, and adopted the same pooling
strategy, to obtain the final quality score. The importance weight is normalized between 0-1
based on the computation result in Eq. 4.2. We adopted two ways of weighting the point-
based metrics with visual saliency. The first involved considering only the salient region
and excluding the unsalient region, which is defined as:

Qy=M-VSy, (5.2)

where Q}, is the quality score with only the salient region for one frame belonging to a DPC,
and M is the quality score for the corresponding frame from the point-based metrics. The
second method retained the un-salient region but assigned relatively higher weights to the
salient region, termed as normalized saliency, which is defined as:

Qi =M-(VSp+1), (5.3)

where Q2 is the quality score with the normalized saliency for one frame belonging to a
DPC.

The results of the performance indices for the 13 objective metrics, with mean and vari-
ation as the temporal pooling methods, are presented in Tables 5.1 and 5.2. Consistent
with findings in [57], we note that altering the temporal pooling method does not signific-
antly impact high-performing quality metrics (PLCC higher than 0.5). In the original imple-
mentation, PCM_RR achieves the highest PLCC/SRCC performance with average pooling,
p2point_Hausdroff demonstrates the best performance when only considering the salient re-
gion with average pooling, hist_Y achieves the highest SRCC performance after applying
normalized salient weighting, and pointSSIM achieves the best PLCC/RMSE and PCQM
achieves the best SRCC after normalized saliency. The significant performance increase
of p2point_Hausdroff metric may be attributed to the exclusion of the non-salient region,
which helps mitigate the sensitivity to outliers. This refinement ensures that only errors
within the salient region are retained. Generally, several studies report that modern video
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quality assessment models experience only slight improvements from incorporating saliency
[236]. However, for dynamic point cloud quality assessment, metrics that focus exclusively
on salient regions show a decline in performance. Conversely, metrics using a normalized
weighting strategy achieve similar results to the original implementation, with performance
also depending on the temporal pooling methods employed.

5.1.2. DiscussIiON

Advancing and enhancing the explanation of DPC quality assessment metrics From
the experimental results of the benchmarking, we can see that there is potential for improving
the performance of point-based metrics through a strategic combination of visual attention
and pooling methods. However, the visual attention data available for DPCs typically covers
only a small region of the dense object, limiting its efficacy in advancing DPC quality assess-
ment metrics. Our investigation reveals that employing temporal variation pooling methods
leads to decreased performance, prompting further exploration into suitable temporal pool-
ing techniques or spatial-temporal pooling for DPC quality metrics. It is crucial to account
for the intrinsic characteristics of DPCs beyond merely relying on video quality indicators.
Additionally, careful consideration should be given to matching different distortion types
with appropriate temporal pooling methods.

Extending 2D saliency to 3D saliency to help with PCQA Collecting ground-truth 3D
saliency data for point clouds is inherently challenging due to the lack of standardized an-
notation protocols and the difficulty of capturing user attention in 3D space. As a result,
directly training a deep learning-based 3D saliency prediction model remains a non-trivial
task. A promising alternative is to leverage well-established 2D saliency models by project-
ing point clouds into multiple 2D views and subsequently mapping the predicted 2D saliency
back onto the 3D domain.

The work by [237] highlights the importance of the number and spatial arrangement of
viewpoints in this projection-based strategy. Their findings confirm that the selection and
diversity of views play a critical role in accurately identifying salient regions in 3D data.
Furthermore, this projection-based approach facilitates the generation of pseudo-ground-
truth saliency maps for 3D point clouds, which can be used to train or fine-tune deep learning
models. It also provides a foundation for applying domain adaptation techniques [238],
helping to bridge the domain gap between 2D and 3D representations. These efforts not only
enhance the generalization capability of saliency models across modalities but also improve
the perceptual quality assessment of point clouds by emphasizing regions that align with
human visual attention.

In summary, adapting 2D saliency to 3D through view-based projections offers a practical
and scalable solution for 3D saliency estimation. This strategy is particularly valuable for
PCQA applications in immersive environments, where identifying and preserving perceptu-
ally important regions is crucial for optimizing user experience.

Dataset applications and prospective extensions QAVA-DPC, encompassing MOS and
DMOS, users’ gaze data, and our meticulously processed visual attention maps, hold signi-
ficant potential as a foundational reference for the multiple aspects. First, since the dataset
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Table 5.1: Performance evaluation of state-of-the-art quality metrics on QAVA-DPC with
average pooling. Columns represent Original Implementation (OI), Salient-Part-
Only (SPO), and Normalized Saliency Weighting (NSW). The best performance
for PLCC/SRCC/RMSE is highlighted in bold and marked with red/blue/orange
color respectively.

Metrics PLCC SRCC RMSE
0) SPO NSW Ol SPO NSW 0) SPO NSW
p2point_MSE 0.782 0.613 0.781 | 0.738 0.544 0.738 | 0.728 0.902 0.730
p2point_MSE_PSNR 0.513 0.580 0.513 | 0.465 0.555 0.465 | 1.002 0.929 1.003
p2point_Hausdroff 0.200 0.854 0.434 | 0.240 0.687 0.323 | 1.144 0.594 1.052
p2point_Hausdroff PNSR | 0.521 0.661 0.364 | 0.146 0.641 0.204 | 0.997 0.856 1.088
p2plane_MSE 0.710 0.571 0.710 | 0.690 0.546 0.689 | 0.822 0.937 0.823

p2plane_MSE_PSNR 0.628 0.597 0.484 | 0.483 0.571 0.483 | 0.908 0915 1.026
p2plane_Hausdroff 0.207 0.767 0.428 | 0257 0.634 0.281 | 1.142 0.732 1.055
p2plane_Hausdroff PNSR | 0.514 0.699 0.532 | 0.163 0.617 0.183 | 1.005 0.816 0.994

YUV_PSNR 0.661 0.606 0.662 | 0.654 0.561 0.652 | 0.876 0.907 0.875
hist_Y 0.840 0.204 0.827 | 0.820 0.086 0.781 | 0.633 1.143 0.657
PCM_RR 0.844 0.058 0.444 | 0.822 0.046 0.398 | 0.626 1.166 1.046
pointSSIM 0.836  0.652 0.772  0.649 0.771 | 0.641 0.885
PCQM 0.813 0.334 0.833 | 0.758 0.256 0.681 1.101 0.646

Table 5.2: Performance evaluation of state-of-the-art quality metrics on QAVA-DPC with
variation pooling. Columns represent OI, SPO, and NSW. The best performance
for PLCC/SRCC/RMSE is highlighted in bold and marked with red/blue/orange
color respectively.

Metrics PLCC SRCC RMSE
Ol SPO NSW Ol SPO NSW Ol SPO NSW

p2point_MSE 0.769 0.604 0.731 0.536 0.747  0.909
p2point_MSE_PSNR 0.267 0.108 0.267 | 0.135 0.180 0.135 | 1.125 1.134 1.125
p2point_Hausdroff 0.527 0.593 0.515 | 0.251 0.536 0.223 | 0.993 0.919 1.001
p2point_Hausdroff PNSR | 0.248 0.114 0.319 | 0.232 0.069 0.286 | 1.131 1.133 1.107
p2plane_MSE 0.662 0.570 0.662 | 0.621 0.539 0.625 | 0.875 0.937 0.875

p2plane_MSE_PSNR 0.210 0.103 0210 | 0.119 0.134 0.119 | 1.141 1.134 1.142
p2plane_Hausdroff 0.453 0.605 0.501 | 0.163 0.556 0.217 | 1.041 0.909 1.010
p2plane_Hausdroff_ PNSR | 0.361 0.054 0.327 | 0.242 0.005 0.299 | 1.089 1.139 1.103

YUV_PSNR 0.643 0.601 0.643 | 0.625 0.583 0.625 | 0.894 0912 0.894
hist_Y 0.735 0249 0.669 | 0.727 0.054 0.617 | 0.792 1.133 0.868
PCM_RR 0.552 0393 0.293 | 0.485 0.216 0.020 | 0.974 1.074 1.146
pointSSIM 0.705 0.594 0.707 | 0.710 0.539 0.714 | 0.828 0.940 0.825
PCQM 0.807 0.357 0.732 | 0.738 0.256 0.552 | 0.690 1.091 0.796

includes the raw data alongside the visual attention maps, it provides researchers and prac-
titioners with valuable resources to develop and test novel algorithms for post-processing
gaze data and creating visual attention maps. Additionally, QAVA-DPC facilitates the com-
parison of visual saliency maps across different devices (e.g., screen-based or XR-based),
highlighting the need for similarity metrics tailored to DPC. Furthermore, the dataset en-
ables the development of objective quality metrics and visual attention prediction models



5.2. VisuaL SALIENCY GUIDED PCQA METRICS FOR STATIC POINT CLOUD 97

for DPC without requiring resource-intensive user studies. Moreover, insights derived from
the qualitative analysis and visual attention design paradigms can drive advancements in
DPC-related research and applications. Finally, existing point-based objective quality met-
rics can be refined and tailored for DPC to explore how to incorporate visual attention and
assess its added value in DPC quality assessment.

5.2. VisuAaL sALIENCY GUIDED PCQA METRICS FOR STATIC

POINT CLOUD

We have demonstrated that incorporating visual saliency can enhance the perceptual rel-
evance of objective PCQA metrics. However, our analysis also exposed certain limitations
when applying saliency information directly to point-based PCQA methods for DPCs. These
limitations are primarily due to the sparse and localized nature of eye-tracking data, which
often covers only a limited portion of the dynamic scene. Furthermore, our findings suggest
that performance variations may stem from multiple intertwined factors—such as the choice
of temporal pooling strategy and the use of saliency weighting—making it difficult to isolate
their individual effects on metric performance.

This complexity is inherent in DPCs, where quality assessment must account for both
spatial and temporal dimensions. The interplay between these factors complicates the in-
terpretation of results and underscores the need for more efficient and flexible methods to
integrate saliency into PCQA frameworks. Moreover, the high computational cost and lim-
ited alignment between 3D point-based metrics and visual saliency data further constrain
their practical applicability.

Motivated by these insights, we pivot our focus to static point clouds and explore image-
based NR PCQA. This direction addresses both the methodological challenges observed in
the dynamic setting and the practical constraints of real-world applications, where pristine
reference point clouds are often unavailable. While point-based metrics excel at evaluat-
ing geometric and topological fidelity, they are less compatible with saliency integration
and are often computationally demanding. In contrast, image-based approaches allow us to
harness well-established 2D IQA techniques by projecting point clouds into images. This
not only reduces computational complexity but also enables more effective utilization of
saliency information, laying the groundwork for perceptually aligned, reference-free quality
assessment methods.

PQA-Net [43] takes 6 orthographic projections of point clouds as inputs, features are
extracted after Convolution Neural Network (CNN) blocks, and they share a distortion iden-
tification and a quality prediction module that assist in obtaining final quality scores. IT-
PCQA [52] utilizes the rich prior knowledge in images and builds a bridge between 2D and
3D perception in the field of quality assessment, a hierarchical feature encoder and a condi-
tional discriminative network is proposed to extract effective latent features and minimize
the domain discrepancy. pmBQA [54] proposes an image-based blind quality indicator via
multi-modal learning by using four homogeneous modalities (i.e., texture, normal, depth
and roughness). MM-PCQA [7] partitions point clouds into sub-models for local geometry
representation and renders them into 2D projections for texture. Geometry and texture fea-
tures are extracted separately using point-based and image-based neural networks. A sym-
metric cross-modal attention module is used for integrating quality-aware information. IT-
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Figure 5.1: Illustration to show the perceptual impact of distortion in different areas on
redandblack point cloud. (a) is the reference version. (b)-(d) depict the effects
of introducing geometry and color Gaussian noise with equal intensity on the
face, dress, and legs, respectively. Notably, (c) exhibits nearly identical percep-
tual quality as the reference point clouds, attributed to the chaotic background
texture that effectively masks the distortion. (d) ranks second in perceptual qual-
ity, while (a) is observed to have the least favorable perceptual quality.

PCQA [52] reveals the potential connection between different types of media content in
the field of quality assessment. PQA-Net [43] and pmBQA [54] use the multi-task decoder
and multiple modality-related features on 2D; MM-PCQA [7] proves the effectiveness of
cross-modality perception for PCQA.

The aforementioned NR metrics mainly consider the projected images of the point cloud
or are completed with 3D point cloud modality. However, they do not consider the impact
of visual saliency on improving the prediction accuracy of media content [2]. As illustrated
in Figure 5.1, the impact of distortion in different regions of the point cloud (RedandBlack)
is evident. Recent developments have seen certain metrics incorporating visual saliency into
their design paradigms [10]. Some directly extract visual saliency on the 3D point cloud [11,
239], while others employ existing saliency prediction models on 2D projections [ 108], sub-
sequently re-projecting them onto the 3D point cloud. Visual saliency is utilized either as a
quality indicator or as a weight map for pooling extracted handcrafted features [110], with
the aim of selecting features under the guidance of visual saliency. In contrast, our ap-
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proach utilizes the saliency map from a pre-trained 2D saliency prediction model to guide
the selective learning of low-level features, which are extracted by the image encoder. This
aims to automatically identify visually salient areas that aid in perceptual quality prediction.
Specifically, we propose incorporating depth-related priors into the 2D saliency map to in-
herently provide a sense of depth for point clouds. Additionally, the low-level feature maps
extracted by a CNN-based image encoder, which preserve spatial information, are weighted
with the refined saliency map pixel-wisely. The high-level features, which contain semantic
information, are processed through a cross-modality attention mechanism to obtain local
correspondence and global feature. By concatenating the corrected visual saliency with the
local and global embeddings, we generate the final score through two branches: quality score
regression and distortion type classification.

As shown in Figure 5.1, the perceptual quality of point clouds is dependent on distortion
type since the HVS has different tolerances for different distortions, and where the distortion
is located can have a huge impact on the overall quality of point clouds [17]. Thus, the
proposed visual saliency guided multi-modal learning can estimate the perceptual quality
of point clouds effectively and comprehensively. The main contributions of this subsection
are summarized as follows:

* We propose a Visual Saliency guided multimodal NR PCQA (ViSam-PCQA) metric.
Visual saliency from the pre-trained model is treated as pseudo-ground-truth, used to
correct low-level features that contain learned attention and spatial information. The
spatial information is crucial when weighing the visual saliency map with the feature
maps from texture, depth and normal maps.

* We utilize the cross-modality attention to obtain the local correspondence among mod-
alities and global features within the same modality, which can compensate for the
stereo spatial information loss during the 3D-to-2D projection.

» Extensive experimental evaluations demonstrate that ViSam-PCQA outperforms other
state-of-the-art methods. Ablation studies elucidate the distinct contributions of each
component within the framework, with a particular emphasis on highlighting the cru-
cial role played by the corrected visual saliency.

5.2.1. FRAMEWORK

The framework overview is exhibited in Figure 5.2. The point clouds are first projected into
three different modalities, texture map, depth map and normal map. Then we use an im-
age encoder 07 to extract the low-level features and high-level features, respectively. Since
the primary cues for visual attention often come from the 2D projections captured by the
retina [240], depth and normal information are crucial for spatial perception and object loc-
alization. We use a pre-trained visual saliency model on the texture image and use its output
to correct the low-level feature after an image encoder. At the same time, the texture image,
depth image, and normal image are put into the same image encoder to get the semantic fea-
ture. Subsequently, the semantic features are put into an intra-and-inter modality attention
module to get the global and local features of the point cloud. Finally, the global and local
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features are concatenated to the distortion type classification branch to learn the distortion-
oriented features. The corrected visual saliency with the distortion-oriented features are
concatenated and decoded into the quality values via the quality regression branch.

Pre-processing Consider one point cloud denoted as 22 = {p), P2),--- p(i)}fi L€ RN*6,
where each point Pliy=(pS,pl) = [x,¥,2,G, R, B] indicates the geometry coordinates and the
RGB color information, N stands for the number of points belonging to the point cloud. Let
2?2 be orthogonally projected onto M different 2D planes around the bounding box, result-
ing in M texture maps, 93 € R®*W>3, M depth maps, 24 € R”*"*! and M normal maps,
Ny € RF*W>3 "where m € M = |{up, down, left, right, front, back}| and H x W denotes the
resolution of m,y, projected image after removing the background. For texture map I, we
calculate the 2D saliency map based on the current state-of-the-art perceptual saliency de-
tection algorithm [241], which is defined as 7} = {I,-,m}fixlw e RWx1 where I; , denotes
for the importance value of the i;j, pixel from the m;j, texture map.

Corrected Saliency Map Generation We select the CNN-based image encoder that can
retain 2D spatial information [242] at the shallow layers to extract the low-level features
from only the texture image. TranSalNet [241] is used to extract the salient area of the
texture image, which is defined as

Vi =d(Tm), 5.4

¢ is the pre-trained TranSalNet model, V,,, € RF*W>1 is the extracted saliency map. Intu-
itively, in the stereo scenes, human has a preference to the area that is closer to themself
[135]. So after obtaining the saliency map, the corresponding depth image is laid on the up
of it, which is expressed as

Vam =Vm®9m, (5.5
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(a) (c) (d) (e)
Humanf I I I I

Figure 5.3: Examples of the visual saliency related operations. From (a) to (f) are the sa-
liency map detected by TranSalNet; the depth-guided saliency map; the output
of the 1st/256th channel of layerl in ResNet; the corrected saliency map for the
1st/256th channel, respectively.

(b) (f)

where & is the element-wise product. Subsequently, we utilize the depth-guided saliency
map Vg, to weight the low-level feature map of all channels. By producing the element-wise
product of the pseudo-ground-truth visual saliency and the learned visual saliency through
the network [243], the effect of pseudo-ground-truth saliency maps considering the HVS
for intervening in the saliency maps learned by the network is achieved, resulting in the
corrected saliency maps,

Py = Avg(Vam @LS), (5.6)

L, is the shallow layer output of the CNN based image encoder with C channels, Avg()
is the average pooling along the feature map and multi-view channels. Figure ?? shows the
initial saliency map through the pre-traind model, the depth-related saliency map, the feature
map and the corrected saliency map of the first and last channel, respectively. Notably, we
computed the saliency map across the entire projection and integrated this global prior with
the feature maps from all channels. Each channel captures distinct salient areas based on
different filters, as observed in Figure 5.3. For instance, the first channel highlights the
texture on the dress as salient, while the last channel emphasizes the contour of the projected
image. We enable the network to autonomously learn the allocation of importance with the
global saliency prior.

Multi-modal Feature Extraction We next use the same CNN-based image encoder ¥ to
extract the high level features from the texture map, depth map, and normal map, separately,
resulting in:

HX =w(K,), 5.7

where ke {T,9, 4/}, Hﬁ € R% is a d-dimension representation.




102 5. VisuaL SALIENCY-BASED OBIECTIVE PCQA METRICS

Global Feature Aggregation and Local Feature Correspondence via Transformer Con-
sidering three distinct modalities and an image encoder handling input as image patches, we
utilize the Transformer architecture to extract both global and local features. To extract the
global features within each modality, the self-attention module is applied to each modality.
Besides, similar to BERT [244] and ViT [245], we introduce a learnable semantic token in
the self-attention module. The semantic token is shared among the multi-view projections,
serving as a global feature of the whole point cloud. For the correspondence among different
modalities, we use a symmetrical attention module to explore the relationship of the image
patches from different modalities. Here, we take 3 modality-related features as input, and
obtain the intra-attention global features FX is defined as

Fk ezt zb), (5.8)

7k = [Tsk, H{‘, sz, ...,H]’\“/I] € R(“M)Xd, Ts € R4 is the sementic token. F"; € R% is a d dimen-
sional representation. The inter-modality local features among 3 different modalities F4, are
defined as

FA7H 9" (HT  HY),

B
F;’F’H” =0*(H? ,H"), (5.9)
R ot (1, 1Y),

T 179 T N N
Likewise, F;I H ,Fg HT and Fg HY are d dimensional representation. The modality-

related feature can express the local relationship among the modalities. For example, the
local region of texture distortions related to facial features might exhibit a stronger associ-
ation with the front view rather than the back view of texture distortion. The global feature
is the feature map derived from the semantic token. The final quality embedding can be
concatenated by the intra-modal global features and the inter-modal local features obtained
by:

Fo=Fz@F, (5.10)

where @ indicates the concatenation operation, and 1:"Q represents the final quality-aware
features, the global feature F and local feature F; are defined as follows:

Fy = p(u(HE, HY, ..., HE ) +FE), (5.11)
and 7 k , pH? \H? | H? ,HY" | -HY H?
F=u(H +Fﬁ ’ +Fﬁ ’ +Fﬁ ), (5.12)

in which p is the mean operation along multi-view channel. The multi-task decoder consists
of a Multi Layer Perception (MLP)-based classifier and regressor. The regressor and the
classifier are a two- and three-layer ReLU-MLP respectively.

Q= D(Ey),
P=D(Fqe Fy), (5.13)

P =softmax(P),
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where Q is the predicted quality score, P = {p1, P2, ..., P} is the predicted probability over
E distortion types, and P is the output of the fully connected layers for distortion type clas-
sification before softmax.

For the quality regression task, we focus on minimizing the average prediction error of
all training samples and lay importance on the ranking of the quality as [7]. Therefore, the
loss function for the regression task includes two parts: MSE and ranking error, which can
be derived as:

1 n
= Y (qe-ql)?, (5.14)
e=1

where ¢, is the predicted quality scores, g}, is the ground truth labels of the point cloud, and
n is the size of the mini-batch. The rank loss can better assist the model in distinguishing
the quality ranking even the point clouds in a mini-batch have similar quality levels. To this
end, we use the differentiable rank function described in [246] to approximate the rank loss:

gzijzmax(O,Mi—Clj|_e(‘fi’qf)'(q; —q})),

1,9:i=qj,
elana)={ oz

where 7 and j are the corresponding indexes for two point clouds in a mini-batch and the
rank loss can be derived as:

(5.15)

1 n n i
#= Yy 4, (5.16)

cross-entropy loss #5 is used for distortion type classification. Then, the loss function can
be calculated as the weighted sum of MSE loss, rank loss and distortion type classification
loss:

Loss=AM L1+, L+ 33 (5.17)

where A1, Ay and A3 are used to control the proportion of the MSE loss, the rank loss and
distortion type classification loss.

5.2.2. EXPERIMENTS

In this section, we utilized 3 datasets, namely SITU, WPC and BASICS datasets. The eval-
uation of performance relies on three standard criteria, including SRCC, PLCC, and predic-
tion accuracy (ACC). Additionally, the logistic regression recommended by the standardiz-
ation organization [248] is used to map the dynamic range of the scores from the predicted
score into the quality label range.

IMPLEMENTATION DETAILS

All the projections are rendered with the assistance of Open3D [249], the number of projec-
tions for each modality is naturally set to 6. Adam optimizer [250] is utilized with weight
decay le-4, the initial learning rate is set as Se-5, the batch size is set as 18, and the model
is trained for 100 epochs. The projected images are randomly cropped into image patches
at the resolution of 224 x224 for all modalities and corresponding saliency maps. The Res-
Net50 [155] is used as the image encoder, which is initialized with the ImageNet dataset
[168].
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Table 5.3: Performance comparison with state-of-the-art approaches on the SITU, WPC and
BASICS datasets. Bestin bold and second with underline. State-of-the-art results
for NR-PCQA are cited from the literature, employing varied training strategies
and splits, without independent validation by the authors.

Tyne Modal Methods SJTU Dataset WPC Dataset BASICS Dataset
YP¢ | Number SRCC  PLCC | SRCC PLCC | SRCC _ PLCC
I PointSSIM [144] 0687  0.714 | 0454 0467 | 0692 0725
1 MSE-p2po [247] 0729 0812 | 0456 0485 | 0799  0.005
R 1 PSNR-yuv [36] 0795 0817 | 0449 0530 | 0510  0.543
1 PCQM [5] 0864 0885 | 0743 0750 | 0810  0.888
1 GraphSIM [6] 0878  0.845 | 0583 0616 | 0773  0.801
1 PointPCA [45] 0907 0932 | 0890 0894 | 0.866  0.926
2 IT-PCQA [52] 0630 0580 | 0540 0550 | 0310  0.302
1 3D-NSS [49] 0714 0738 | 0648 0651 | 0617  0.657
4 pmBQA [54] 0900 0932 | 0912  0.898 / /
2 MM-PCQA [7] 0910 0923 | 0841 0856 | 0831  0.882
NR 1 GMS-3DQA [165] 0911 0918 | 0.831 0834 | 0855  0.930
1 Wang’s [153] 0930 0940 | 0.800  0.810 / /
1 PKT-PCQA [50] 0932 0912 | 0557 0560 / /
3 ViSam-PCQA (Ours) | 0953  0.962 | 0.920 0920 | 0.887  0.936

Table 5.4: Ablation study of ViSam-PCQA for key components, i.e., corrected visual sali-
ency, multi modalities that include both the depth and normal map, and distortion
type, DT is short for Distortion Type.

Settings SJTU Dataset
SRCC PLCC ACC

ViSam-PCQA 0953 0962 0.762

(Visual Saliency)

/wo corrected saliency maps  0.951  0.962 0.751

(Modality)

/wo depth & normal maps 0.942 0952 0.659
(Distortion Type)
/wo DT classification 0.950 0.965 /

The multi-head attention module employs 8 heads and the feed-forward dimension is set
as 2048. The weights 11, 1, and A3 for &1, &> and Z5 are set as 1.

For relatively small datasets, SJTU (378) and WPC (740), the k-fold cross-validation
strategy is employed to accurately estimate the performance of the proposed method. 9-
fold and 5-fold cross validation is selected for SJTU and WPC, respectively. The average
performance is recorded as the final result. For the BASICS dataset, we divide the dataset
into train-validation-test as the ratio of 6:2:2. There is no content overlap between the train-
ing and testing sets. For the FR-PCQA methods that require no training, we simply validate
them on the same testing sets and record the average performance.
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OVERALL PERFORMANCE

14 state-of-the-art PCQA methods are selected for comparison, which consist of 6 FR-PCQA
and 8 NR-PCQA methods. The FR-PCQA methods include PointSSIM [144], MSE-p2point
(MSE-p2p) [247], PSNR_YUYV [36], PCQM [5], GraphSIM [6], and PointPCA [45], these
metrics construct and evaluate on a point-to-point comparison or local neighborhood to
include the structural information. The NR-PCQA methods include: GMS-3DQA [165],
which takes the projections from only the texture. 3D-NSS [49], PKT-PCQA [50], and
Wang’s metric [153] evaluate the quality directly on the point cloud, the last two adopt
multi-task learning, which includes distortion type classification, distortion level regres-
sion/classification, and quality regression, respectively. IT-PCQA [52], MM-PCQA [7],
pmBQA [54] resolve the PCQA problem with more than one modality.

The results, as shown in Table 5.3, highlight ViSam-PCQA’s superior performance across
all evaluation criteria on both SITU and WPC datasets, representing a significant advance-
ment. Notably, the SRCC/PLCC witnessed an increase of 2.2%/5.2% and 0.87%/2.4% when
compared with the second-best metric for SJTU and WPC datasets, respectively. Moreover,
our model outperforms all FR-PCQA metrics, underscoring its ability to capture essential
point cloud characteristics and align closely with the HVS. Summarizing the outcomes, sev-
eral key conclusions can be drawn: 1) The incorporation of additional modalities (pmBQA)
and heightened modality complexity (MM-PCQA) does not consistently result in perform-
ance enhancement, suggesting the existence of redundant information that may confound
the network. 2) In contrast to models like GPA-Net and Wang’s metric, which integrate two
auxiliary tasks (distortion type classification and distortion degree regression), our emphasis
on the quality regression task with visual saliency related features, suggests that an excess-
ive refinement of auxiliary tasks may not necessarily bolster prediction accuracy. 3) The
consistent performance observed on SITU, WPC and BASICS datasets, despite variations
in distortion types and content, underscores the robustness of ViSam-PCQA.

ABLATION STUDY

The SJTU dataset encompasses a variety of contents, including both human figures and
inanimate objects, and exhibits a broad range of distortion types. To gain a deeper under-
standing, we conducted ablation studies on the SJTU dataset by systematically removing key
components one at a time.

Impacts of the corrected saliency maps. Quality assessment should align with human
perception. Saliency maps highlight regions in an image that are perceptually more import-
ant or salient, it directs attention to parts of the point cloud that may have a more significant
visual impact. The SRCC performance has a slight increase on SJTU. Additionally, incor-
porating the pseudo-ground-truth saliency map with the learning process enables to capture
the details and variations in quality that might be overlooked by a uniform weighting ap-
proach guided only by the quality score regression. We can see the visual saliency helps the
auxiliary task, the accuracy of distortion type classification improves 1.4% on SJTU. This,
in turn, can lead to a more nuanced and accurate quality evaluation.
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Impacts of the modalities. Combining information from both depth and normal contrib-
utes to a more realistic visual representation of the scene [251]. The depth map provides
information about the distance of each point in the point cloud from the camera, which can
help in assessing the surface details and detecting discontinuities. Normal maps encode
surface normals at each point, which can aid in evaluating the smoothness and geometric
fidelity. Removing such information will result in an inaccurate estimation for an overall
perceptual experience. All criteria performance drops (1.2%, 1.0% and 13.5% for SRCC,
PLCC and ACC) for the SJTU dataset. Leveraging depth/normal maps in PCQA provides a
multi-faceted approach to evaluating geometric accuracy, surface details, and visual realism.

Impacts of the distortion type classification. We assume that the distortion type classi-
fication task can facilitate the quality regression task. However, from Table 5.4 we can see a
the SRCC has a slight drop for SJTU datasets after removing the auxiliary task. In summary,
depth and normal modalities contribute essential geometric details to enhance the structural
integrity of the point cloud. Visual saliency functions as a refinement mechanism, elevating
prediction accuracy across all aspects. The efficacy of an additional distortion type classi-
fication task is contingent upon the dataset’s specific characteristics. Notably, within the
proposed framework, the multi-modal completion yields superior performance gains com-
pared to the other two components.

CR()SSJ)A'I'AS]YI' EVALUATION

To gauge the generalization capability of the proposed ViSam-PCQA, cross-dataset evalu-
ations were conducted. Our approach involves training the model on the entire dataset and
testing it on all data from another dataset. The resulting performance metrics, presented in
Table 5.5, demonstrate the model’s ability to generalize across different datasets. Notably,
ViSam-PCQA exhibits superior generalization compared to other learning-based models, for
example, GPA-Net and MM-PCQA, their performance for SITU—-WPC and WPC—SJTU
are 0.424/0.431 and 0.535/0.574, 0.430/0.459 and 0.769/0.778, respectively. Surprisingly,
training on the WPC dataset and testing on the SJTU dataset yields even better performance
than certain FR-PCQA and NR-PCQA metrics on the SJTU test set, indicating a robust gen-
eralization tendency. However, training on BASICS and testing on WPC gets the lowest
performance, that’s mainly because WPC only contains objects, and the BASICS dataset
contains learning-based compression distortion types.

5.2.3. DiscussION

Combining multi-modal saliency: ViSam-PCQA leverages visual saliency derived from
2D projections to weight low-level features, aligning the assessment process more closely
with human visual perception. This approach underscores the importance of incorporating
human attention models into PCQA, suggesting that future metrics could benefit from more
sophisticated models of visual attention, possibly combined with eye-tracking data or ad-
vanced saliency prediction algorithms. While 2D projections facilitate the application of
image-based techniques, they inherently involve a loss of 3D structural information. Future
research could investigate methods to mitigate this loss, such as incorporating 3D saliency
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Table 5.5: Cross-dataset evaluation among SJTU, WPC and BASICS datasets. Note the
model is validated on the test dataset with all the contents.

Testing Dataset
SJTU WPC BASICS
SRCC PLCC | SRCC PLCC | SRCC PLCC

Training Dataset

SJTU - - 0.531 0.516 | 0.488 0.654
WPC 0.788  0.817 - - 0.608 0.646
BASICS 0.577 0.591 | 0.393 0.391 - -

maps or developing hybrid models that combine 2D and 3D analyses. Additionally, ex-
ploring alternative projection techniques that preserve more geometric information could
enhance the fidelity of quality assessments.

Incorporating User-Centric Quality Metrics: Combining the captured visual saliency
through subjective study and the objective saliency prediction model. We find that Tra-
ditional PCQA metrics often rely on objective measures that may not fully capture user
perceptions of quality. Integrating subjective quality assessments, such as user studies or
crowd-sourced evaluations, could provide valuable insights into the alignment between met-
ric predictions and human judgments. This user-centric approach could inform the develop-
ment of more perceptually relevant PCQA models.

5.3. CoNCLUSION

In this chapter, we addressed R3: What is the added value of visual saliency for PCQA
metrics? through two complementary studies: (1) the integration of user gaze data for dy-
namic point clouds, and (2) the use of predicted saliency maps for static point clouds via
learning-based models.

We systematically evaluated existing objective PCQA metrics with and without visual
saliency integration to assess saliency’s utility for dynamic point cloud quality assessment.
While prior studies demonstrate saliency’s benefits in 2D image/video quality prediction,
this work pioneers its exploration for dynamic point clouds. Our results confirm that saliency-
aware metrics enhance performance, but their design demands careful consideration of: (i)
metric construction principles, (ii) feature redundancy, (iii) temporal dynamics in dynamic
PCs, and (iv) effective saliency integration within the metric architecture.

To further advance this direction, directly combining saliency information into PCQA met-
rics for dynamic point clouds involves numerous factors that must be carefully addressed. To
better harness the power of saliency information, we proposed a novel saliency-guided, multi-
modal NR PCQA metric, ViSam-PCQA, designed for static point clouds. ViSam-PCQA
integrates a saliency map generated from a pre-trained model into its learning pipeline to
enhance quality prediction. The metric leverages multi-modal inputs—including texture,
depth, and normal maps—encoded into both low- and high-level feature representations.
The texture features are refined through depth-guided saliency maps to emphasize perceptu-
ally important regions, while a Transformer module extracts global and local cross-modal




108 5. VisuaL SALIENCY-BASED OBJECTIVE PCQA METRICS

correspondences. Finally, quality regression and distortion type classification are performed
to produce the overall quality score. Extensive evaluations on three public datasets demon-
strate that ViSam-PCQA achieves substantial improvements over existing state-of-the-art
methods.

Looking forward, we aim to develop advanced saliency prediction models for both dy-
namic and static point clouds and to further refine saliency-aware PCQA metrics. A key
research direction is to design metrics in which visual saliency and quality assessment are
jointly optimized, ensuring that they complement each other. Moreover, rather than treating
saliency as an add-on at the final stage of the processing pipeline, future systems should aim
to incorporate saliency information progressively and modularly, starting from early stages
of point cloud processing, to support real-world applications.

In the next chapter, we conclude the thesis by revisiting the central research questions and
summarizing the key discussions and findings presented throughout the work. Additionally,
we introduce the datasets developed using the experimental protocols proposed in the pre-
vious chapters, alongside other publicly available resources created over the course of this
research. These contributions aim to support future work in point cloud quality assessment,
visual saliency, and related research.



CONCLUSION

Throughout this thesis, we have proposed and evaluated a series of PCQA metrics aimed at
quantifying the perceptual quality of point clouds, with a particular focus on capture and
the interplay between geometric structure and texture information. Our work systematic-
ally examined the individual and combined contributions of these attributes to perceptual
quality. In addition, we conducted detailed studies on the visual saliency of dynamic point
clouds within immersive VR/AR environments. Beginning in Chapter 3, we refined simil-
arity measurement approaches and analyzed how geometric and textural features jointly
influence quality perception. In Chapter 4, we introduced a subjective evaluation protocol
tailored to dynamic point clouds in immersive scenarios and investigated the influence of
task-driven conditions on visual attention distribution. Building on these insights, Chapter
5 extended the objective PCQA models by incorporating findings from the subjective exper-
iments and leveraging the generated visual saliency maps. In this final chapter, we first
revisit the research questions posed in the introductory chapter. We then reflect on the key
lessons learned, summarize the contributions and resources developed through this work,
and discuss their potential impact on future research. Finally, we highlight the limitations
of the current study and outline promising directions for future investigation.

This chapter is based on the following publications:

1. Minh Nguyen, Shivi Vats, Xuemei Zhou, Irene Viola, Pablo Cesar, Christian Timmerer, Hermann
Hellwagner. 2024. ComPEQ-MR: Compressed Point Cloud Dataset with Eye Tracking and Quality
Assessment in Mixed Reality. Proceedings of the 15th ACM Multimedia Systems Conference (MMSys).
[23]

2. Marouane Tliba, Xuemei Zhou, Irene Viola, Pablo Cesar, Aladine Chetouani, Giuseppe Valenzise and
Dufaux, Frédéric. 2024. Enhancing Immersive Experiences through 3D Point Cloud Analysis: A Novel
Framework for Applying 2D Visual Saliency Models to 3D Point Clouds. In 2024 16th International
Conference on Quality of Multimedia Experience (QoMEX). [252]

3. Guillaume Gautier, Xuemei Zhou, Thong Nguyen, Jack Jansen, Louis Fréneau, Marko Viitanen, Uyen
Phan, Jani Kdpyld, Irene Viola, Alexandre Mercat, Pablo Cesar, Jarno Vanne. 2025. UVG-CWI-
DQPC: Dual-Quality Point Cloud Dataset for Volumetric Video Applications. Proceedings of the 33rd
ACM International Conference on Multimedia (ACM MM). [253]
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6.1. THEsIS SUMMARY

This thesis explored the perceptual quality assessment of point clouds through a combina-
tion of objective modeling, visual saliency detection and related applications, and subjective
validation within immersive environments. Our goal is to improve the alignment between
objective metrics and human perception, thereby contributing to more accurate and percep-
tually meaningful PCQA, which can be applied to real-life applications. The main research
question guiding this thesis was:

How can the perceptual quality of 3D point clouds be accurately evaluated both
subjectively and objectively?

To address this overarching question, we decomposed it into three sub-questions.

To answer R1: How can we measure the perceptual quality of static point clouds under
various distortion types? Chapter 3 introduces and evaluates two objective PCQA metrics:
PointPCA+ and M3-Unity. PointPCA+ is a PCA-based metric that focuses on capturing the
dominant geometric features of point clouds. It offers computational efficiency and effective
handling of geometric distortions while consistently outperforming state-of-the-art solutions.
This metric provides valuable insights into the design of similarity measurements, particu-
larly given the challenges posed by differences in the number of points and distributions
between reference and distorted point clouds. Building on these findings, M3-Unity adopts
an integrated approach by combining both attributes and modality. This deep-learning—
based method enhances sensitivity to a wider range of distortions through high-level se-
mantic features, but it incurs higher computational costs and requires more data for training.
Moreover, M3-Unity provides guidance by analyzing the relative contributions of geometric
and textural attributes for different distortion types, thereby complementing and extending
the capabilities of PointPCA+. Both metrics consistently outperformed traditional methods
across several benchmarks.

To answer R2: How can visual saliency in dynamic point clouds be detected and compared
in immersive environments? Chapter 4 focuses on the subjective investigation of visual sa-
liency in dynamic point clouds within immersive VR environments featuring 6 DoF. This
chapter begins by creating two specialized datasets: one for simultaneous visual saliency
and quality assessment of dynamic point clouds, and another for visual saliency evaluation
under free-viewing conditions without task constraints. Both datasets are developed using
meticulously designed experimental protocols based on ITU recommendations for immers-
ive media to ensure accurate collection of gaze data and mean opinion scores. Compre-
hensive qualitative and quantitative analyses are conducted, which mutually corroborate, re-
vealing how task demands impact visual attention distribution and elucidating the interplay
between dynamic visual saliency and point cloud distortions. These findings not only deepen
our understanding of perceptual factors and human behavior from the users’ perspective in
VR-based PCQA but also provide a robust foundation for enhancing quality assessment and
visual saliency detection methodologies in immersive environments, ultimately guiding fu-
ture research in this emerging field.

To answer R3: What is the added value of visual saliency for PCQA metrics? Chapter 5
investigates this question by integrating visual saliency into the objective quality assessment
framework. This integration is a natural step toward improving the performance of PCQA
metrics, as it aligns computational evaluation more closely with human visual perception.
We first applied the collected saliency maps of dynamic point clouds to existing point-based
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static PCQA metrics using two different pooling strategies. However, the benchmarking
results did not show consistent performance improvements. This can be attributed to the
inherent complexity of dynamic point cloud quality assessment, where multiple factors in-
fluence perceptual quality, making accurate prediction more challenging than in the static
case. Consequently, we shifted our focus to static point clouds and utilized learned visual
saliency models—benefiting from the maturity of saliency prediction in 2D image domains.
This allowed us to systematically evaluate whether saliency information contributes mean-
ingfully to PCQA performance. The results demonstrated that the saliency-enhanced met-
rics consistently outperformed traditional approaches, particularly in their ability to detect
subtle distortions. These findings confirm that integrating visual saliency helps bridge the
gap between objective assessment and human perception. Overall, the analyses reinforce
the idea that combining standard feature-based methods with perceptual attention modeling
presents a promising direction for advancing PCQA methodologies, also in the context of
immersive media.

6.2. DiscussiON

This work represents one of the earliest efforts to bridge visual saliency modeling and al-
gorithmic quality assessment in the context of point clouds within immersive media envir-
onments. Through this multidisciplinary exploration, several key insights and lessons have
emerged that hold implications for both future research and applied system development.

ViISUAL SALIENCY PREDICTION AND APPLICATION

Task-Relevant Saliency is Contextual In this thesis, visual saliency of dynamic point
clouds was derived exclusively through user studies. One of the most notable findings
was the significant variation in saliency distributions under different task conditions. Spe-
cifically, we observed both distinct differences and notable overlaps between free-viewing
scenarios and task-oriented (quality assessment) settings. While task demands influenced
users to focus on certain regions more strategically in the quality assessment scenario, some
consistently salient areas were shared across both conditions, indicating intrinsic visual im-
portance regardless of task. These results emphasize that visual saliency is not only task-
dependent but also contains stable components, and thus, experimental protocols must be
carefully designed to account for this variability. Recognizing the influence of task context
is essential for the development of future applications, including perceptual compression,
adaptive streaming, and attention-aware rendering in XR.

Visual saliency datasets are often created with different objectives and task contexts in
mind—for example, memorization, quality assessment, visual search, and others. As a res-
ult, it is challenging to select a single universal saliency map suitable for all applications.
Ultimately, there is no “best” saliency map, but rather the most suitable one for a given
context. When comparing visual saliency maps generated under the same task context, it is
important to adopt an appropriate evaluation approach. Point-to-point comparison metrics
are often inadequate for capturing the semantic information present in 3D point cloud sali-
ency maps—especially in VR environments, where device-related and procedural biases are
common. In such cases, distribution-based metrics offer a more reliable and robust means
of evaluating 3D point cloud saliency maps in VR.
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Visual Saliency for Point Cloud Streaming Predicting visual saliency in point clouds
remains a challenging and resource-intensive task. Accurate modeling of the HVS is inher-
ently complex, and current predictive methods have yet to achieve satisfactory reliability.
In our work, significant effort was devoted to generating high-quality saliency maps at con-
siderable computational and operational cost—often for only marginal performance gains.
This raises a critical consideration: while visual saliency is valuable, it is not the primary
objective in point cloud streaming or quality assessment. Rather, saliency should be viewed
as an auxiliary tool that enhances core tasks when applied strategically.

To maximize its utility, we propose that visual saliency be treated as a hierarchical and
context-aware element within the point cloud processing pipeline. Coarse estimation of sali-
ent regions can be integrated in early stages such as pre-processing or compression, enabling
low-cost optimization strategies. Fine-grained and accurate saliency prediction should be
reserved for specific use cases where clear performance benefits can be demonstrated. Fur-
thermore, under varying contextual and application-specific conditions, we advocate for a
broader definition of “high-importance” regions that may combine frequency of use, motion
characteristics, and visual saliency.

In summary, for visual saliency to contribute effectively without disproportionate cost,
it should be embedded into the point cloud processing workflow in a modular and adapt-
ive manner—starting from early-stage operations rather than being confined to end-stage
refinement. This procedural integration enables a better cost-benefit tradeoff and ensures
that saliency-driven techniques deliver maximal impact where they are most needed.

INCORPORATING HUMAN-CENTRIC PARADIGM INTO SUBJECTIVE QUALITY
ASSESSMENT

This work sits at the intersection of signal processing, perceptual psychology, and human-
computer interaction. Such interdisciplinary integration was essential to formulate holistic
solutions. One particularly valuable insight emerged from incorporating qualitative, user-
centered analysis alongside the standard experimental process [198, 254, 255]. Existing
standards typically define outlier rejection procedures for MOS based purely on statistical
analysis of user ratings. However, this approach has certain limitations: it may overlook
content ambiguity and fail to account for individual differences in subjective ratings [198].
By analyzing questionnaire data collected before and after the subjective study, we were
able to refine outlier rejection from an alternative, more perceptually informed perspect-
ive. Furthermore, thematic analysis of participant interviews provided valuable insights into
key perceptual factors—for example, identifying which distortions were most noticeable or
which content areas consistently attracted visual attention. These findings directly informed
subsequent stages of feature engineering and experimental design, particularly for XR ap-
plications where perceptual nuances are critical. Compared to relying solely on extensive al-
gorithmic experiments and performance-driven feature selection, incorporating user-derived
insights enabled us to craft perceptually meaningful features. This approach helped to nar-
row the feature pool, saving both time and computational resources while improving the
interpretability of the model.

Finally, conducting a small-scale user study at the final stage of the proposed algorithm
is essential to incorporate end-user feedback and validate its effectiveness. This ensures
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that the algorithm’ s performance aligns with human perceptual expectations and supports
practical adoption.

This contrasts with purely data-driven strategies that rely on exhaustive computational
feature extraction followed by statistical ranking or factor analysis. While such methods are
useful, early engagement with participants often accelerated insight generation and improved
experimental robustness. This underscores the complementary power of qualitative and
quantitative methods in perceptual media research.

INCORPORATING HUMAN-CENTRIC PARADIGM INTO OBJECTIVE QUALITY
ASSESSMENT

Designing objective PCQA metrics that genuinely reflect human perception requires more
than mathematical optimization—this is the ultimate goal of our work. A practical and
meaningful metric requires grounding in perceptual and cognitive models. A recurring
observation throughout this research was that feature sets optimized solely for numerical
correlation with MOS often diverged from the features that users intuitively perceived as
important. However, understanding user-driven guidelines alone is not sufficient. The irreg-
ular and unstructured nature of point clouds makes it inherently challenging to design and
optimize features capable of effectively capturing distortions, whether through hand-crafted
approaches or data-driven learning. Furthermore, the highly non-linear and complex char-
acteristics of the HVS add yet another layer of difficulty to this process. This disconnect
highlights the necessity of integrating perceptual mechanisms, such as visual saliency and
HVS-inspired modeling, into the development of objective quality metrics. Such integration
is essential for creating assessment methods that are not only mathematically robust but also
perceptually meaningful and aligned with the expectations of end users.

CHALLENGES AND CONSIDERATIONS FOR BUILDING PoiNT CLOUD DATASETS

High-end capture systems can produce highly realistic 3D representations, but their signi-
ficant cost and complex setup limit their practical deployment and widespread adoption. In
contrast, consumer-grade capture systems, which typically use lower-resolution cameras and
fewer capture angles, tend to produce sparser point clouds with more occlusions and noise.
While quality limitations in consumer-grade data can be mitigated through techniques such
as occlusion removal, point cloud densification, and accurate camera registration, the de-
velopment and evaluation of such techniques rely heavily on the availability of appropriate
datasets.

Another important category of point cloud datasets incorporates user behavioral data (e.g.,
gaze tracking or navigation patterns) to support adaptive rendering, streaming optimization,
and perceptual quality analysis. These datasets are often built on top of existing point cloud
sequences, but they fundamentally require access to the original, raw captured data as a basis
for secondary studies aimed at modeling user engagement and visual attention in immersive
environments.

However, capturing such raw datasets is both expensive and time-consuming. Moreover,
the post-processing of point cloud data typically requires multiple complex algorithms and
often involves extensive manual verification to ensure data quality. Therefore, it is critical to
invest effort into improving the raw data capture process itself, with the goal of automating
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as much of it as possible. Increased automation would enable the creation of larger-scale
datasets that can support robust evaluation and benchmarking of new algorithms.

Finally, when proposing the capture of a new dataset, it is essential to clearly justify its
purpose and contribution, ensuring that the effort is not merely a replication of existing
work but instead provides added value to the community. This is particularly important
because point cloud dataset capture remains a resource-intensive process, and meaningful
advancements in dataset design can have a lasting impact on future research.

REFLECTIONS ON IMMERSIVE VR AND EYE TRACKING

Conducting studies in immersive VR environments with integrated eye tracking introduced
practical and methodological challenges that were initially underestimated. Devices such
as the HTC Vive Pro Eye [256] offer promising specifications; however, their real-world
usage revealed discrepancies between manufacturer-reported performance and actual reliab-
ility during extended user sessions. Issues such as HMD slippage, head motion drift, and
calibration instability often affected gaze tracking accuracy and data consistency.

These challenges highlight the necessity for robust error profiling, calibration protocols,
and post-processing validation when conducting eye-tracking-based studies in immersive
environments. Furthermore, our experience suggests that reported accuracy metrics should
be interpreted conservatively—especially in research that relies on fine-grained gaze estim-
ation for perceptual modeling.

In summary, the discussion points raised in this chapter reflect both the conceptual depth
and the practical complexity of conducting perceptual quality assessment in immersive 3D
settings. They also point to promising directions for enhancing methodological rigor, user-
centered design, and system-level robustness in future work.

6.3. FuTurRE WORK

Future research should continue bridging the gap between subjective and objective PCQA
by refining both methodological foundations and technical implementations. A key prior-
ity is the design of controlled subjective studies to systematically isolate perceptual factors
influencing quality judgments. Insights derived from these experiments—both qualitative
and quantitative—can guide the development of perceptually aligned computational models.
These models should integrate global and structural features informed by HVS principles.

From an implementation perspective, improving the efficiency and scalability of objective
metrics is essential. Future work should explore strategies such as parallel computation,
model pruning, or approximation schemes to enable real-time processing of point cloud
data in XR pipelines

In the context of saliency-guided PCQA, further effort is needed to adapt and extend
saliency models from image and video domains to point clouds. One promising direction
is the projection of point cloud saliency into 2D views, which enables the application of
mature image-based quality metrics and facilitates cross-domain validation. Moreover, with
an accurate saliency map available for the reference point cloud, it may be feasible to infer
the saliency map of its distorted counterpart by modeling typical degradation-induced shifts
in attention. While not exact, such approximations can reduce the need for costly and time-
intensive eye-tracking studies.
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Ultimately, the field would benefit from a unified framework that integrates perceptual
attention, multimodal features, and efficient computation. To this end, we identify the fol-
lowing key directions:

* Towards real-time PCQA: Current state-of-the-art methods often rely on complex
feature extraction or deep neural networks that are not optimized for real-time exe-
cution, especially on resource-constrained devices such as standalone HMDs or mo-
bile platforms. Future work should investigate lightweight architectures, including
the use of efficient backbone networks, feature distillation, or pruning strategies to
reduce inference time. Moreover, exploiting parallel computing frameworks (e.g.,
GPU-accelerated pipelines or neural processing units) and adopting model quantiza-
tion or compression can enable faster runtime without significantly sacrificing quality
prediction accuracy. Integrating such real-time PCQA models into live immersive
streaming or rendering systems would open up possibilities for dynamic quality con-
trol and adaptive user feedback.

* Unified perceptual models: PCQA is inherently multimodal, involving the interplay
of geometric structure, surface texture, and visual attention. Yet, most existing PCQA
models treat these modalities in isolation or rely on handcrafted heuristics for integ-
ration. A promising direction is the development of unified perceptual models that
jointly learn from geometry, color, and saliency information in a coherent, data-driven
manner. Such models should be designed to capture complex interactions between
spatial fidelity, appearance features, and human gaze patterns. Moreover, they should
be robust across a wide range of content types (e.g., human avatars, objects, scenes)
and distortion types (e.g., compression, noise, rendering artifacts). Incorporating at-
tention mechanisms, such as cross-modal transformers or saliency-guided feature fu-
sion, may further enhance model expressiveness. The ultimate goal is to create gen-
eralizable and scalable PCQA models that not only achieve high correlation with hu-
man judgments but also serve as foundational tools for perceptual optimization in XR
pipelines.

Standardized benchmarking: From the subjective study perspective, there is cur-
rently no standardized methodology for conducting user studies or validating exper-
imental results in the PCQA domain. Our work includes two user studies—one ex-
ploring the relationship between perceptual quality and visual attention, and another
comparing visual attention under different tasks. These studies were designed fol-
lowing ITU recommendations for immersive quality assessment and built on prior
experience in eye-tracking experiments [98, 208, 257]. However, many factors in
XR environments (e.g., viewing distance, rendering algorithms) may affect perceived
quality and require further investigation—especially in terms of how to incorporate
them into a unified experimental framework. Moreover, the algorithm used to gen-
erate dynamic point cloud saliency maps requires cross-validation against existing
methods to ensure its accuracy. Establish publicly available datasets that include syn-
chronized quality scores, eye-tracking data, and a wide range of distortions to support
reproducibility and comparative evaluation, and broader adoption.

* Cross-domain saliency transfer: The integration of visual saliency to enhance per-



116 6. CONCLUSION

ceptual quality prediction remains an open challenge. Saliency prediction for point
clouds is highly dependent on accurate saliency modeling, which is itself underdeveloped.
Current models lack robustness, particularly for dynamic point clouds. Explore trans-
fer learning strategies to bridge 2D and 3D saliency prediction, minimizing the de-
pendence on domain-specific training data.

* Beyond quality assessment: The perceived quality of point clouds is strongly influ-
enced by the mode of content consumption, particularly in XR environments, where
users typically interact with content through HMD. Different XR scenarios introduce
varying degrees of perceptual masking and attention dynamics, which can signific-
antly affect quality perception. However, our current understanding of human beha-
vior in immersive 3D environments remains limited. This knowledge gap constrains
the development of perceptually-driven PCQA methodologies that are truly aligned
with end-user experience. One of the future works should focus on evaluating percep-
tual quality in a scenario-specific manner, taking into account user interactions, view-
ing behaviors, and contextual cues. Furthermore, insights from perceptual modeling
can be extended to support intelligent rendering strategies, such as foveated streaming
and user-adaptive quality control, enabling more efficient and immersive XR experi-
ences.

This thesis provides an initial step toward bridging computational quality assessment and
human visual perception for point clouds. Through new datasets, perceptually motivated
metrics, and immersive eye-tracking studies, it contributes a structured framework for future
exploration. It is our hope that these insights will support and inspire further advancements
in perceptually driven 3D media technologies.
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