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Abstract

This thesis comprehensively explores visual distortions in 360° images and their con-
sequential impacts on Quality of Experience (QoE). Leveraging insights from exist-
ing literature, a meticulously curated 360° Image Quality Dataset is introduced, fa-
cilitating nuanced analysis of distortion impacts on QoE. A detailed subjective eval-
uation involving 161 participants unravels the perceptual intricacies influenced by
various distortions and image content. Employing Mean Opinion Scores (MOS) and
ANOVA analysis, the study quantitatively assesses the perceptual impact of distor-
tions across various types and intensity levels. The findings highlight the importance
of customized image processing strategies to mitigate distortion effects. In addition,
the performance of existing image quality metrics is evaluated in the context of 360-
degree images, providing information on their suitability and limitations. Synthe-
sizing key findings, this thesis advances understanding of image quality assessment
methodologies for this growing medium, guiding the development of algorithms and
optimization strategies to enhance user experience and satisfaction with visual con-
tent.

Index Terms—Omnidirectional image; 360°- image; Visual Distortions; Artifacts; per-
ception; Annoyance; Dataset; Feature extraction; Visual attention; Regions of inter-

est; Saliency; scene interpretation; Attention; Visual Perception
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Chapter 1

Introduction

In recent years, there has been a notable proliferation of immersive technologies in various as-
pects of our daily existence, covering entertainment, education, professional training, safety
protocols, and security measures. ‘e widespread adoption of immersive media can be at-
tributed to its ability to generate a deep sense of physical presence within virtual environ-
ments, facilitating interactive engagement with the digital world. ‘is capability enables the
delivery of experiences that closely mimic those encountered in the tangible world, thus en-
hancing the escacy and appeal of immersive technologies across diverse domains.

It should be noted that the technology required to capture and present immersive content
has undergone substantial advancement, allowing users to enjoy immersive experiences at
accessible price points. Furthermore, an expanding array of services are harnessing this tech-
nology to their advantage, exempli€ed by the proliferation of online panoramic images. ‘ese
platforms enable users to seamlessly interact with the system, e,ortlessly manipulating their
perspective by employing intuitive actions, such as clicking and dragging the cursor, to navi-
gate in their desired viewing direction.

Among the array of technologies designed to facilitate immersive experiences, omnidirec-
tional, or 360, imaging stands out for its profound impact. ‘rough the utilization of an om-
nidirectional acquisition con€guration and a specialized rendering system, it becomes feasible
to recreate virtual environments with remarkable €delity. 360-degree imagery encapsulates
the visual information that encompasses the recording point, giving viewers the freedom to
observe the scene from any desired vantage point. Typically, multiple cameras or paired €sh-
eye cameras serve as the primary acquisition devices in this set-up. Crucially, the cameras
within the omnidirectional apparatus operate in synchrony, obviating the need for additional

processing to stitch together video feeds.



‘e recorded data can be presented to users through a variety of devices, spanning from
budget-friendly 2D displays and Head-Mounted Displays (HMDs) to more sophisticated and
costly cave systems. Although cave systems o,er an unparalleled level of immersion, render-
ing solutions such as HMDs still provide an acceptable «ality of Experience (QoE). Speci€-
cally, HMDs facilitate viewing of egocentric scenes, empowering users to dynamically adjust
their perspective simply by moving their head or body. ‘is intuitive interaction enhances

the sense of immersion and engagement, even when utilizing more accessible rendering solu-
tions.

‘e primary challenge facing the omnidirectional framework stems from its novelty, as the

full scope of its intricacies and capabilities remain incompletely understood. One such chal-
lenge arises from the considerable size of omnidirectional images or videos compared to their
2D counterparts. Consequently, specialized processing and compression algorithms are im-
perative for escient storage and transmission. Drawing from past experiences, such as the
fuctuating trajectory of stereo entertainment systems and the limited integration of certain
frameworks into everyday life, it becomes evident that assessing end-user appreciation and
evaluating the impact of various processing steps on perceived quality are crucial endeavors.
In essence, addressing the QoE factor is paramount in ensuring the successful adoption and
utilization of omnidirectional technologies.

In this context, the principal contributions of this thesis encompass:

" 360°Image ...ality Dataset: Although there are numerous quality assessment systems
and test datasets for 2D images and videos, the availability of such resources for 360
content is relatively scarce. Currently, some quality assessment metrics tailored fo 360
images have been introduced and tested on specially curated test datasets. However, dis-
parate methods for quality assessment are validated using varying testing data, compli-
cating direct performance comparisons and the elucidation of methodological nuances.
To address this gap, this thesis introduces a dataset comprising omnidirectional images
annotated with the corresponding Mean Opinion Scores (MOS), facilitating benchmark-

ing of image quality metrics and analysis of the impact of di,erent distortions on QoE.

Subjective Evaluation of 360°Images: ‘ere is a great deal of literature on the study of
distortions that a,ect both 2D and 3D content throughout various phases of distribution.
Consequently, the e,ects of such distortions on perceived quality have been thoroughly
investigated. However, 380nedia represent a relatively new frontier, and research on

the distortions that may occur during its distribution is still an ongoing endeavor. In

2



[9], the authors present a comprehensive list of artifacts that can manifest during the
distribution process and potentially infuence the user's quality of experience. Building
on this analysis, our study delves into the e,ects of various distortions and image content
on the subjective quality of 360mages, contributing to a deeper understanding of the

perceptual intricacies inherent to this emerging medium.

Performance Evaluation of Existing Image ...ality Metrics for 360 °Images: An
essential aspect that merits investigation is the assessment of image quality in omnidi-
rectional images. A prevalent approach involves applying image quality metrics orig-
inally designed for 2D content to the realm of 3%inages. In this contribution, we
examine the eecacy of state-of-the-art metrics when applied to distortions typical of
omnidirectional images. ‘rough this analysis, the objective is to elucidate the suitabil-

ity and limitations of existing metrics in the context of 360nagery, thus facilitating the
re€nement and development of customized assessment methodologies for this evolving

medium.

‘e thesis is structured as follows: In Section | (Introduction), an overview of the research
topic and the study's objectives are provided, se<ing the stage for the subsequent sections.
Section Il (Literature Review) o,ers a comprehensive survey of existing work, focusing on
studies related to visual distortions in 36nages. ‘e subsections of this section dive into
speci€c aspects such as datasets used to understand visual distortions and the evaluation of
image quality metrics. Section Il (Dataset Description) provides detailed information on the
dataset designed for the study, including the methodology employed and the rationale behind
the selection of speci€c data. In Section IV (Experimental results), the €ndings of the con-
ducted experiments are presented. ‘is section comprises three subsections: analysis of mean
opinion scores for di,erent types of distortion, in-depth examination of ANOVA results, and
evaluation of the performance of existing image quality metrics. Finally, Section V (Conclu-
sions) summarizes the key €ndings of the study and draws conclusions based on the results
obtained, highlighting the implications of the research and suggesting potential avenues for

future work.






Chapter 2

Literature Review

Immersive media, particularly 360-degree content, have presented novel challenges to visual
distortions and their implications on QoE. A signi€cant contribution to this €eld comes from

Azevedo et 4B], who o,er an in-depth exploration of visual artifacts in 360mages.

2.1 Studies on Visual Distortions in 360 °Images

‘e study of visual distortions in 360°images has received a lot of a<ention in the literature,
indicating a growing interest in immersive media experiences. ‘is section summarizes the
main works that have studied the complexities of visual distortions in the context of panoramic
imaging. Understanding the intricacies of these distortions is critical for improving the overall
visual integrity of immersive media, as the demand for high-quality 36taterial continues

to increase. It presents an overview of research activities devoted to €nding and character-
izing visual distortions, revealing technological issues related to the capture and production
of panoramic images. ‘e literature has, for the €rst time, extensively reviewed the prevalent
visual distortions altering signals in 38@s they traverse through various processing stages of
the visual communication pipeline [9]. ‘ese distortions signi€cantly impede the objectives
of acquiring, transmicing, compressing and displaying high-quality 3&@ntent. ‘erefore,

it becomes crucial to understand these distortions and their potential impacts on the viewing
and display quality of 36@ontent. In the work ofChen et al[5], they constructed a more com-
prehensive database that includes both traditional picture distortions and VR-speci€c stitching
distortions and o,ers six di,erent types of distortion with varying degrees of severity. ‘e six
types of distortion arevP9 compression, H.265 compression, stitching distortion, down-
sampling distortion, Gaussian blur, and Gaussian noise . In[11] they introduce two new

distortions on top of Gaussian blur and Gaussian noise, which H*&G compressionand
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JPEG2000 compressianMost of these distortions arise from either stitching or camera lens
distortion. In practice, a mosaicking algorithm, known as stitching, produces the omnidi-
rectional output signal. ‘is algorithm combines the overlapped €eld-of-view signals of all

dioptric sensors to create a wide-view panorama image [46].

2.1.1 Datasets and Understanding Visual Distortions

Recently, there has been a surge in interest in evaluating 360-degree image quality. Con-
sequently, several e,orts have been made to produce°3Bage quality datasets. Table 2.1
provides further details on the referenced datasets, highlighting their key characteristics and
contributions to the €eld.

‘e Compressed VR Image eality dataset (CVIQ) [44] comprises 16 reference 3dMhages

and 528 compressed images. ‘ree encoding techniques were used, namely JPEG, H.264, and
H.265.Chen et al[5] introduced the 3D Virtual Reality (VR3D) dataset, which includes 450
distorted images derived from 15 pristine 3D VR images. ‘ese distorted images were created
using six types of distortion with varying severity and were evaluated by 42 subjects, with
MOS collected from 20 subjects. In [11], the authors proposed the Omnidirectional Database
(OIQA), which contains 16 sources (SRC) and 320 hypothetical reference circuits (HRC) gener-
ated by compression, blurring, and noise e,ects. Scores from 20 subjects were also recorded in
this dataset. It should be noted that these datasets were speci€cally developed fanzg

«ality Assessment (IQA).

In this study, the main focus lies on the artifacts that can a,ect a 36@iage throughout its
distribution process. In particular, artifacts that manifest themselves in all four phases of the
distribution pipeline( capture, encoding, transmission, and display). As such, they exert a sub-
stantial infuence on the perceived visual quality of a 360age.

While existing datasets such as CVIQ primarily address artifacts arising from compression,
others like VR3D and OIQA explore a broader spectrum, encompassing compression, blur,
and noise e,ects. However, the dataset expands on this by considering seven types of artifacts
with varying levels of severity. ‘is comprehensive approach allows the capture of a more
nuanced understanding of the factors impacting the visual quality of ‘d6tages across dif-
ferent stages of their distribution pipeline.

It has been demonstrated that image saliency can play a crucial role in assessing the objective
guality of a 360image. In recent years, there has been a growing interest in studying image

saliency in the context of omnidirectional images. However, standard 2D saliency detection
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models 0%oen fail to maintain the same performance fof B6@ges due to their unique char-
acteristics. Consequently, dedicated datasets have been developed to address this challenge.
‘e 360-SOD dataset [25] comprises 500 equirectangular images extracted from €ve/a6b
datasets, which include indoor and outdoor scenes. ‘is dataset has been speci€cally designed
to study the detection of salient objects in 360-degree images, with existing neural network-
based models benchmarked against it. From the spatial distribution of salient objects in this
dataset, it has been observed that typical 38&tortions signi€cantly impact human visual
acention.

Similarly, Zhang et al.[64] introduced the F-360iSOD dataset, which consists of 107 equirect-
angular images for the detection of salient objects based on €xation. ‘e reference images
in this dataset are a combination of images from Salient360! [36] and Stanford360 [42]. Eye
gaze data are utilized to manually annotate salient objects, resulting in the identi€cation of
1165 salient objects belonging to 72 categories across various aspects of real scenes. In this
dataset, the performance of standard saliency estimation models is evaluated, highlighting the
challenges posed by omnidirectional images.

Additionally, the ICME'17 Grand Challenge introduced Salient360! dataset [17], which com-
prises 85 reference images. During the test session, subjects viewed the images while their
head movements and gazes were recorded. ‘e corresponding saliency maps were gener-
ated based on the recorded head movements and €xation maps that were produced using the
recorded eye gazes. ‘is dataset provides valuable information on how viewers interact with
360 images.

Furthermore,Sitzmann et al. [42] captured gaze and head orientation data from 169 users
while viewing 22 omnidirectional images. ‘is dataset, called Stanford360, analyzes the view-
ing behaviors of VR users under various conditions, providing information on factors such
as similarity in viewing behavior between users, €xation bias in VR, and the impact of scene
content on viewing behavior.

Furthermore, Upenik et al. [47] proposed a tool to perform subjective evaluations of 360
images and videos, including a so%.ware application suitable for mobile devices and HMDs.
‘is tool enables the viewing of omnidirectional images and videos with di,erent projection
formats, and the dataset consists of six Source Reference Circuits (SRCs) projected using both
equirectangular and cube map projections and compressed using the JPEG encoder at varying
compression rates.

In addition to the plethora of 360mage datasets tailored for IQA, there is also a signi€cant

body of literature dedicated to 380ideo datasets. ‘ese datasets serve as invaluable resources
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for evaluating video quality metrics in a range of scenarios and content types.

Some notable examples of 3&eo datasets include 360-VHMD [8], VR-VQA48 [54], Sports-
360[20], IVQAD [12], PVS-HM [55], VQA-OV [24], VR-scene [56], 360-saliency [65], and Wild-
360[7]. ‘ese datasets cover diverse content genres and scenarios, allowing for comprehensive
evaluations of video quality metrics. Researchers have benchmarked various quality metrics
on these datasets to assess their performance in di,erent contexts and under di,erent types
of distortions.

However, it is important to note that the work in this study primarily focuses on understand-
ing the distortions encountered by 36inages throughout the distribution pipeline. Although
these video datasets o,er valuable insight into video quality assessment, the emphasis lies
speci€cally on addressing the challenges posed by distortions in the context 6irfBéges.
Moving beyond technical considerations, it is essential to explore how visual distortions a,ect
the eality of Experience (QoE) of consumers who engage with 360-degree content. Studies
by Chen et al.[5] and Duan et al.[11] explore the subjective dimensions of the viewer ex-
perience, evaluating distorted images within controlled virtual reality se<ings. ‘ese studies
underscore the importance of developing VR quality models and benchmarking VR quality
prediction algorithms using representative subjective VR quality databases.

Moreover, salient object detection (SOD) has emerged as a crucial aspect in understanding
viewer acention in panoramic images. Datasets like the 360-SOD dataset[25], F-360iSOD
dataset [64], and Salient360! dataset [36] provides valuable resources for studying how vi-
sual distortions impact human visual a<ention in 380mages.

‘e goal of image-based salient object detection (SOD) is to identify and classify items that
draw human acention. ‘is is a crucial €rst step in several tasks, including object identi€-
cation [37], tracking [19], and image parsing [23Jia Li et al. [25] propose a 360 degree
image-based SOD dataset of 500 high-resolution equirectangular pictures in their work. Se-
lecting typical equirectangular pictures from €ve popular 3&deo datasets, they manually
label every item and location on these images using exact masks in a free-viewpoint manner.
‘rough analysis of this information, they discover that the most notable features are tiny

salient objects, large-scale complex scenes, and projection distortion.
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2.1.2 Image quality metrics

In recent years, signi€cant progress has been made in the development of objective metrics
to evaluate image quality. ‘is section presents a review of the 2D image quality metrics that
have been applied to 38nages and of new metrics, speci€cally designed for omnidirectional

media.

1. 2D Image ...ality Metrics: eality assessment algorithms can be divided into Full
Reference (FR), Reduced Reference (RR), and No Reference (NR) algorithms. ‘e FR,
NR, and RR models require the original reference image, some information about it, and
only the distorted image, respectively. ‘e list of FR and NR quality metrics that are
compared in this work is provided in Table 2.2.

‘e structural similarity index (SSIM) [50] computes the luminance, contrast, and struc-
tural similarity between the reference image and the distorted image. ‘e multiscale
structural similarity index (MS-SSIM) incorporates variations in viewing conditions. In
the IW-SSIM metric [51], the SSIM is modi€ed by introducing the weighted local in-
formation content pool. Similarly, the weighted mean squared error of the information
content (IW-MSE) and the weighted PSNR of the information content (IW-PSNR) are
also calculated in [51], incorporating information from the Laplacian pyramid transform
domain. However, Visual Information Fidelity (VIF) [40]combines two parameters: in-
formation on the reference image and the amount of similar information that can be
extracted from the distorted image.

Phase congruence and low-level image features of gradient magnitude are combined
to estimate the complete reference feature similarity metric (FSIM) [63]. However, the
Information Fidelity Criterion (IFC) metric uses statistics from the natural world [41].
‘e Universal Image -ality Index (UQI) exploits image distortion as a combination

of three factors: correlation loss, luminance, and contrast distortion [49]. Noise injec-
tion is another technique that is adopted in Noise eality Measure (NQM) [10]. Itis a
human-visual system-inspired metric that depends on the viewing distance of the im-
age, the variance of the luminance, and the contrast e,ect. E,orts have also been made
to involve saliency and image content in the quality estimation tasihang et al.in

[61] studied the infuence of saliency on the evaluation of image quality. Distortions
in an image a,ect visual acention, and thus estimating the saliency of the image can
potentially help in predicting the quality score. ‘e Visual Saliency-Based Index (VSI)

metric €rst computes the local quality map of the distorted image using the saliency
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map. ‘en, when estimating the quality score, a weighting function de€ned by visual
saliency is used to show the infuence of a local region. A content-based metric (CBM)
proposed in [13] is based on fuzzy measures and the fuzzy integral quality assessment
method [43]. ‘e CBM merges the local information with the structural similarity of the
image.

Blind no-reference quality metrics have recently been developed [5]. Blind image in-
tegrity using the DCT statistics metric (BLIINDS) [38] uses a machine learning-based
approach that considers local discrete cosine transform coescients. ‘e advantage of
BLIINDS is that it is not speci€c to any particular type of distortion. ‘e referenceless
image quality evaluation engine based on feature maps (FRIQUEE) [14] explores percep-
tually relevant statistics from natural scenes of distorted images in di,erent color spaces
and transform domains. ‘e image integrity and iNtegrity assessment metric based on
distortion identi€cation (DIIVINE) [33] is based on natural scene statistics. ‘e model
€rst identi€es the type of distortion, and, subsequently, a distortion-speci€c quality as-
sessment is made.

However, unlike BLIINDS and FRIQUEE, DIIVINE depends on the type of distortion in
the image.Mi"al et al. [30] introduced a blind referenceless image spatial quality eval-
uator (BRISQUE) that uses scene statistics of locally normalized luminance coeecients
to analyze image quality degradation.

In [38], a blind image quality index is proposed based on DCT statistics. ‘e blind mul-
tiple pseudoreference image-based metric (BMPRI) [28] performs a quality assessment
by aggravating distortions and subsequently computing similarity to the distorted im-
ages. Integrated Local Natural Image eality Evaluator (ILNIQE) [62] uses a multivariate
Gaussian model of natural image patches that integrates various image features derived
from multiple cues. A no-reference perceptual quality assessment of JPEG compressed
images (JPEGSNR) is presented in [52]. ‘e blind image quality index (BIQI) [32] is a
popular no-reference metric that uses a two-step framework based on statistics of the
natural scene. Here, the €rst step is to classify the type of distortion and the second step
is to employ a quality assessment technique based on the identi€ed distortion type. ‘e
novel blind IQA method (NBIQA) [35] explores features in both the spatial and transform
domains. Gu et al. [16] propose visual saliency-guided sampling and Gabor €ltering
(IQVG). ‘e perception-based image quality assessor (PIQE) [34] estimates blockwise
distortion in image patches, and the estimated quality score is inversely proportional

to image distortion. ‘e spatial-spectral-entropy-based quality index (SSEQ) [26] uses
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Full Reference No Reference
Year Metric Type | Year Metric Type
2021| FGIQA | 2D/360 | 2023| PW-3601QA| 360
2021 BL 360 | 2022| MFILGN | 360
2018| S-SSIM 360 | 2019| MC360IQA | 360
2018| NCP-PSNR 360 | 2020 VMAF 2D
2018| CP-PSNR| 360 | 2019| Voronoi 2D
2016| WS-PSNR| 360 | 2019| NBIQA 2D
2016| CPP-PSNR 360 | 2018 BMPRI 2D
2015| S-PSNR 360 | 2017| FRIQUEE | 2D
2011 FSIM 2D 2016 PSS 2D
2010| IW-MSE 2D 2015 PIQE 2D
2010| IW-PSNR 2D 2015| ILNIQE 2D
2010| IW-SSIM 2D 2014 SSEQ 2D

2006 VIF 2D 2013 IQVG 2D
2005 IFC 2D 2012 NIQE 2D
2005 CBM 2D 2012| BRISQUE | 2D
2004 SSIM 2D 2012| BLIINDS 2D
2004 PSNR 2D 2011| DIVINE 2D
2003| MS-SSIM 2D 2010 BIQI 2D
2002 uQl 2D 2010 DCT 2D
2000 NQM 2D 2002| JPEGSNR| 2D

Table 2.2: List of full reference and no reference quality metrics and the corresponding image
type.

both local spatial and spectral entropy features in distorted images. It is capable of as-
sessing the quality of a distorted image in multiple categories of distortion. Similarly, a
pseudo-structural similarity metric (PSS) is introduced in [27].

Another subsequent research in [31] introduces a completely blind natural image qual-
ity evaluator (NIQE) that does not learn from distortions. Instead, it takes advantage
of the deviations from the statistical regularities in natural images. ‘e quality assess-
ment of single and multiple distorted images is performed using a six-step blind metric
(SISBLIM) [[15]. ‘is model estimates image quality based on individual distortions and

also the joint e,ects of di,erent distortions.

2. 360 Image ...ality Metrics: It can be seen that the above-mentioned quality metrics
have been designed for assessing 2D images. However, the peculiarities GicB&int
require the assessment metric to be more fexible in understanding how and on what fac-
tors image quality depends. Especially during the capture, encoding, and transmission

phase, several distortions can a,ect the 3@®ntent, thus modifying the visual quality.
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Assessing the e,ect of such 386peci€c distortions on quality is a challenging problem.
Interestingly, quality assessment metrics for 3&@edia are mostly developed for videos
such as full reference metrics (e.g., SSSIM, NCP-PSNR, WS-PSNR) and the no-reference
metric, M360IQA. S-PSNR [58] evaluates the quality between the di,erent projections.
Sample a set of points from the spherical surface and compute their PSNR to estimate
the generalized quality of the images. However, S-PSNR uses the equirectangular pro-
jection, which accounts for distortions along the peripheral regions of the image. In this
direction, Zakharchenko et al[60] use the Craster parabolic projection (CPP) format
and subsequently use a gamma-corrected pixel value to calculate PSNR. ‘e weighted-
to-spherically uniform quality metric (WS-PSNR) [59], [45]does not perform sampling
of points in the spherical domain for the calculation of PSNR. Instead, the error in pixel
values is computed, and di,erent weights are assigned to the error pixels depending on
the observed spherical areXu et al. [53] exploit the region of interest in videos to
de€ne two objective quality metrics, non-content-based perceptual PSNR (NCP-PSNR)
and content-based perceptual PSNR (CP-PSNR). NCP-PSNR uses the viewing direction
frequency close to the equator of each viewport. However, the viewing direction is usu-
ally driven by the content. In this regard, the CP-PSNR that uses content information
has shown bec<er performance than the NCP-PSNR.

Recently, a full reference structural similarity in the spherical domain (S-SSIM) was pro-
posed in [6], which is related to the traditional SSIM measure for 2D images.

Sun et al.presented two variants of a non-reference quality metric (MC360IQA) [44].

In both variants, a ResNet34 architecture is used for extracting the features, and subse-
guently, hyper-ResNet34 merges the extracted features. ‘e €rst variant uses the quality
score of individual viewports, whereas the other variant uses the mean of quality scores
for each viewport.

‘e PW-360I1QA (Perceptually Weighted Multichannel CNN for 360 degree image qual-

ity assessment), introduced in [39], utilizes a multichannel CNN with a weight-sharing
strategy to evaluate 360 degree image quality. By extracting visually signi€cant view-
ports based on visual scan path predictions and integrating human visual system proper-
ties, PW-360IQA achieves robust performance on CVIQ and OIQA datasets while main-
taining reduced computational complexity. ‘is approach represents a novel fusion of
machine learning and perceptual understanding, e,ectively capturing the importance
of di,erent image regions in the evaluation of 360-degree image quality.

Onthe contrary, MFILGN (Multifrequency Information and Local Global Naturalness for
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No-Reference Omnidirectional Image eality Assessment), proposed in [68], combines
multifrequency information and local global naturalness measurements using wavelet
decomposition and natural scene statistics. By leveraging insights from human visual
perception and VR viewing processes, MFILGN o,ers an e,ective quality assessment
method for 360-degree images. Its superior performance in no-reference quality assess-
ment, demonstrated in publicly available OIQA databases, highlights its signi€cance in
considering both global and local image characteristics.

Furthermore, the compressed IQA metric presented in [66] addresses the need for a
€ne-grained evaluation of compressed images. Although the main full reference (FR)
metrics excel at predicting quality at coarse-grained levels, the proposed FR-IQA met-
ric focuses on structural and textural di,erences to o,er improved QoE and guidance
for compression algorithms. Validation in the €ne-grained compression IQA (FGIQA)
database showcases its superiority over standard FR-IQA metrics, with competitive per-
formance in coarse-grained compression IQA databases.

Lastly, the reference image-based objective blur level (BL) metric proposed in [1] accu-
rately assesses image quality degraded by motion blur. Unlike traditional metrics such
as SSIM and PSNR, the BL metric utilizes point spread function/blur kernel analysis to
provide more reliable quality assessments. Experimental results demonstrate its supe-
rior performance in describing perceived image quality, particularly in challenging low-
light and low-texture conditions, thus o,ering promise for e,ective image-deblurring
processes. In the following section, a detailed description of the proposed database is

presented.
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Chapter 3

Dataset Description

A. Source Reference Circuits (SRC)

‘e proposed dataset comprises 10 equirectangular Source Reference Circuits (SRCs), chosen
from the pool of 85 images available in Salient360! dataset presented in the ICME Grand Chal-
lenge [36], [17]. ‘e selection process mainly focused on two key features: Spatial Information
(SI) and Colorfulness (C), which are commonly used criteria for SRC selection [5].

Spatial information serves as an indicator of edge energy and helps to estimate the complexity
of an image [44], [57]. A higher Sl value corresponds to a more intricate scene. On the other
hand, colorfulness is measured by the intensity and diversity of colors present within an image
[5], [18].

‘e 10 SRCs chosen for inclusion in this thesis are depicted in Figure3.1.

ImageName | Spatial Information | Colorfulness
Image 16.jpg 7.36 0.79
Image 18.jpg 7.45 0.19
Image 19.jpg 7.23 0.49
Image 2.jpg 7.79 0.78
Image 20.jpg 7.72 0.32
Image 24.jpg 7.60 0.51
Image 28.jpg 7.50 0.20
Image 4.jpg 7.34 0.36
Image 42.jpg 7.55 0.23
Image 47.jpg 7.65 0.39

Table 3.1: Spatial Information and Colorfulness for Each Reference Image.

B. Hypothetical Reference Circuits (HRC)
Creating a dataset for Image «ality Assessment (IQA) requires the de€nition of Hypothetical
Reference Circuits (HRC) derived from the available Source Reference Circuits (SRC) [22].

‘roughout the 360-degree media distribution pipeline, various distortions may occur during
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