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Muda de vida se tu ndo vives satisfeito

Muda de vida, estds sempre a tempo de mudar
Muda de vida, ndo deves viver contrafeito
Muda de vida se ha vida em ti a latejar
(“Muda de vida” - Antonio Variagées)

Abelha fazendo o mel vale o tempo que ndo voou.
(“Amor de indio” - Milton Nascimento)

Quanto a vos, ndo vos facais chamar de 'rabi’, pois um
SO é vosso Mestre e todos vos sois irmdos.
(Mt 23,10)
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Resumo

O sistema visual humano (HVS) conjugado com o @sxeale atencao visual tipifica

rapidamente partes notaveis em cenas visuais, wjpjetisamente definem regides de
interesse (ROI). Os mecanismos subjetivos dominamavimentos dos olhos nos dois
primeiros segundos de visualizacdo e, tendo emidemagdo a relacdo entre os
movimentos dos olhos e a atencéo visual, o regssanovimentos oculares permite obter
dados experimentais para definir modelos de aterao os movimentos oculares

registrados e processados sdo expressos como umdddpensidade da Fixacao (FDM).

No dominio 3D, € necessario considerar parametimsoaais de dimensao visual, como
sejam as diferentes profundidades dos objetos & o definicdo de ROl com base na
atencéao visual

O principal objetivo deste trabalho foi verificarmpacto de ROIs definidas com modelos
de atencéo visual, na percepcao da qualidade bt imagens 3D estaticas. Foi usada
a base de dados de imagens e dados de fixacadao3Gaze, obtida a partir de um
teste de rastreamento ocular descrito em [1], @nidta a avaliagcdo de modelos de atencéo
visual de imagens estereoscopicas 3D fixas. Esta da dados foi escolhido para ser
usada devido a informacao estar disponivel, congems originais de varios tamanhos
HD, todas em formato PNG e com conteudo naturahrr@eradas mascaras binarias para
cada FDM e a cada imagem correspondente foi adidmrruido considerando as
fronteiras das ROIls para diferenciar a intensidialeuido. Usando as posi¢des dos pixels
da mascara binaria e da imagem, o ruido foi aditlora imagem nos pixels posicionados
dentro ou fora da ROI, conforme os casos. No testefetivos 0s observadores registaram
a sua apreciacao sobre a qualidade das imageifsgsaneto assim a diferente importancia
que a localizacdo do ruido na ROI tem na avaliggéjetiva da qualidade das imagens. As
imagens foram classificadas em imagens com ruigiioaddo dentro ou fora da ROI, de
acordo com o tipo de ruid&@éussian, Speckle), valores dos parametros do ruido (nivel de
intensidade) e a vista da imagem ruidosa (esquerdireita).

Verificou-se que o ruid@aussian teve menos impacto na qualidade do qupeckle,
bem como o nivel de intensidade, que se torna n#wrtante quando o ruido é
introduzido na vista direita e quando o esta ded&drOl. Isso é justificado devido aos
visualizadores terem fixado seus olhos sobre agegliao durante mais tempo, tornando-
se maior a distor¢céo percecionada. Como o espeetamalise foi pequeno, as informacgdes
acerca do olho dominante parecem ser inconclusikagslteracdo dos parametros é
sugerida para trabalhos futuros, de tal modo que imais certeza sobre os resultados
alcancados, sem interferéncias entre analises. @Gsteotrabalho foi limitado aos dados
contidos nas imagens disponiveis (interesse vidadipo bottomup), alguns conceitos
relacionados ao contexto da visualizagdo (interessgal do tipotop-down), como a
raridade ou surpresa, podem naturalmente ser dodgm trabalhos futuros, bem como a
caracteristica de se olhar principalmente par@sdsimanos ou coisas humandides.



Palavras-Chave: Modelo de Atencéo, bottom-up, profundidade, eye tracking, FDM, ROI, still
images, VA
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Abstract

The subjective process associated with image qualitiluation is endorsed by human
psychophysical and physiological measurementsthédrhuman visual system (HVS), the
visual attention (VA) is a crucial element, whichiakly identifies the notable regions of
the images, subjectively linked to Regions of leser(ROI). These are represented by a
binary mask, indicating whether a pixel in the esponding image belongs to the ROI.
Subjective mechanisms dominate eye movements ifirdtéwo seconds of viewing and,
due to the high relation between the eye actiodstlam VA, eye-tracking tests are used to
validate 2D attention models: eye movements arerdec and processed to generate a
Fixation Density Map (FDM). In the 3D domain, arsestial factor for VA among the
additional parameters of visual dimension is thensadepth.

The main objective of this work was to study thepatt of a particular ROI on the
subjective quality perception of 3D still imagesnsidering different types and level of
noise (or distortion) in and out of the ROIl. The G&xe images and eye movement
database, obtained from an eye tracking experirdestribed in [1] and specifically
created for performance evaluation of stereosc8pi@attention models was used. Besides
the full public availability, this database hasgamal images in various HD sizes, all in
PNG format and with natural content.

Binary masks were generated for each FDM and eifitetypes and intensities of noise

was added to each corresponding image accordinigetdROls. By using the generated

binary masks and image pixels positions in the R@#, noise was added in the image
regions located inside or outside the ROI. Subjectesting with users observing the

images and scoring their quality was done to vetgy importance of these regions in the
subjective quality evaluation. The images weresifiexl according to whether the noise

was added inside or outside the ROI, the noise (@aeissian, Speckle), parameter values
(intensity level) and the noisy image view (leftraht).

The results have shown that Gaussian noise hasngsst on the quality than Speckle,
with higher intensity level and also when the nassadded to the right view and inside the
ROI. This is justified due to the fact that viewéisstheir eyes over the ROI during more
time, thus perceiving higher distortion. As the amoof different image content was
small, the information about the dominant eye app&abe inconclusive. Changing some
parameters is suggested for future works, in suslayathat there is more certainty on the
results without interferences between analyseghi&swork was limited to data contained
in the image (bottom-up visual interest), some eptg related to the visualization context
(top-down visual interest), such as rarity or sisggrmay naturally be included in future
works, as well as the characteristic of lookingmarily for human faces or humanoid
things.

Key-Words: Attention model, bottom-up, depth, eye tracking, FDM , ROl , still images, VA.
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1. Introduction

For quality optimization it is important to predigelefine the concept of quality, to
ensure modelling efficiency and user satisfactionemv such models are used to
guarantee quality of experience (QoE). Most videality metrics are chosen according
to studies in medical areas addressing the HumauaViSystem (HVS) and its
descriptions: based on human perception of theesgetnying to model the human
sensory system, but just in parts, because theatstt 3D visuo-sensory experience is
not completely acessible. Measuring quality pelioepts complex, then, due to the
need of selecting those parameters that betteesept the entire HVS, combinations of
algorithm-extracted features that summarize thecqmually most relevant stimuli
through its individualities are used, covering thieole context of video consumption
experience [2] [3] [4].

Choosing the features to be extracted needs thenceptual weighting and
interdependencies modelling and the effects betwleem being masked. Also several
factors can affect the results, such as distortioineduced in each algorithm processing
step, influencing the viewer experience and turningjfficult to obtain a completely
accurate calculus of video visual fidelity. For 8ideo, in general only the left and right
image views and the associated depth or dispaiitglgp map are processed and
approximations validate them, turning it even I&sthful to reality (though generally
reasonable). 3D quality measurement is even moefuluthan 2D to reach better
performance and user acceptance in emerging sseraicé applications (considering
human capabilities to distinguish and classify iesg§d3] [4].

Quality assessment studies have vast relevance oltimmedia systems, where
subjective evaluation protocols and processes dnective metrics for multi modal
content are crucial: the interaction of audio apéesh with video and haptic data,
influence of user background, attention, motivatitesk, and subjective as well as
objective metrics for interactive applications [6].

Objective quality quantitative measurements areals@applied on different stages in
the transmission chain, such as compression anmg§smg systems, aiming overcome
huge obstacles faced in subjective quality measeménsuch as complexity and cost.
Furthermore, to monitor hundreds of video chanrfelslong periods of time, objective
video quality metrics are the only practicable sohy with algorithms calculating



values that represent the combinations of diffefantors on the network [7] [8] [9]
[10].

Beyond the term “quality” being defined (as alsafas calculus), it is also essential to
clarify the vocabulary applied for the materialuse. The frames (or set of them) used
as reference video source are also called SourezdRee Circuit (SRC), unprocessed,
unimpaired or original images, and those to be @wegwith the SRC are commonly a
distorted version of them, being often referredPagscessed Video Sequence (PVS).
Most perceptual image quality assessment approgebessed in the literature attempt
to weight different aspects of the error signalffé@dence between PVS and SRC)
according to their visibility, as concluded by psgphysical measurements in humans
or physiological measurements in animals, whatnemtessarily is the basis, but it is
what inevitably determines the success of everhatet

Visual attention (VA) is the biological vision aityl to rapidly detect the interesting
parts of a given scene. It is usually used in pnoeessing step in computer vision
systems, by selecting features that represent emags parts of the scene (available
sensory information), reducing the computation cofthigh level tasks (such as
segmentation and object recognition). Psychophlystadies show that it plays a
fundamental role in human vision. At HVS, VA guidege movements to place the
fovea (a high central resolution part of the retioa the interesting part of the scene,
where is then processed [11].

Image processing may be done from cleaning uptey, drom defining a Region Of
Interest (ROI) to filtering and spatial manipulaticA VA portion of an image usually
subjectively associated to a ROI. Specifying a R{dws for the definition of shaped
regions within a given image, often called subinsadgefined by a placeholder that
bounds a location within an image. The ROI repriegam can be static (defined during
encoding), or dynamic (set by the user during @m@ssive transmission) and it need to
have priority on transmition. Every point of an ieais either inside or outside of a
given ROI, which may be represented as an amoupbivits and lines, or as single
pixels width (square, the simplest two dimensidR@l contour, with a selected region
with four equal sides, useful to return single eatlata about a region of the image, like
intensity, colour data, etc; or rectangle, the npagtular two dimensional ROI contour,
with more flexibility in defining the required remi), returning one-dimensional
information. However, setting the corners is nobwegh to fully define a ROI, as it

contains several other attributes [12] [13].



The regions that composes the ROI can be geographmature (such as polygons
encompassing contiguous pixels: with irregular sisapectangles or squares, circles,
annuluses, polygons, rotated rectangle, annulusoareven with freehand shapes), or
defined by a range of intensities (not necessasdntiguous pixels: the intensity
contours following the outer shape of the ROI, tstgrat the first defined point, for
example). A geographic ROI representation is defibg creating einary mask, a
binary image with the same size of the SRC (pigelsto 0 or 1, relative to it defining
the ROI or not) and that can be associated witlréiqolar image, without having an
associated image, or it may also not require aatiimpage [12] [13] [14].

ROI application is useful when certain parts of ithhe@ge are more important or should
have higher encoding quality than the backgrounkkss interesting regions. Dynamic
ROI definition is useful in inspection routines, evh the user can pan and zoom a
source image to locate features, in image procggsiatines or being defined around
the alphanumeric characters, to make it much simplel faster for an Optical
Character Recognition (OCR) routine to decode.dBief computer vision that can
benefit from this task are industrial quality catrsurveillance or autonomous mobile
systems [12] [13].

Figure 1.1: ROI application on neuroimaging: MRI, PET and the obtained mask [15].

The JPEG-2000 standard does ROI tagging: standatdigns of the original image
(independently compressed blocks, treated likangisimages), have their DC levels
passed through a Discrete Wavelet Transform (DWRQM is applied in the edge
regions: they are encoded separately by differgnglénes, and at the decoder, to avoid
artifacts along the borders, the map of disparitiess encoded in parts, using a ROI.
Drawing a ROI is also useful on medical neuroimaecesses to examine the
morphological properties of an anatomic structunel & extract information for a
specific structure from a corresponding functiodala set, through defining a specific



shape. InFigure 1.1there is a ROl drawn on a Magnetic Resonance mgagMRI)
image, the ROI is superimposed onto a Positron &EanisTomography (PET) image
(not used at all in the drawing process, as the &&ihe pixels from a homogenous
region, named caudate, difficult to discern in €T image) and its mask (pixels each
have a value of 1 or 0, consonant belonging tecéhelate or background) [11] [15].

The visual importance is a top-down visual repregemn (related to the context),
specified by an object-level map in which the otgeare rated according to a subjective
relevance (content usability, user behaviour aretleeappropriateness, context, object
recognition, artistic intent), by comparison of meaobjects (including the subjective
background). Still supplementary subjective measerds are necessary, since
quantifying visual quality via objective criteridvgs accurate and repeatable results, but
none objective system completely reproduces thgestine experience [8] [16] [17].
Approaches based on visual salience are used txtdgte ROI from a perceptual
viewpoint not related to the user opinion (bottop)-Wisual gaze patterns are, at least
for early gaze locations, driven by bottom-up, algpmased attributes (saliency-driven,
fast and independent of particular viewing taskg) saliency (standing out in terms of
one or more attributes, commonly contrast or cgl@ian aspect which correlates with
those locations. Visual saliency aims to computaleency map showing points that
usualy are local maxima or minima of the image nimfative function. In video data this
also includes the temporal characteristics. Thie lietween visual salience and visual
importance is strongest in the first two secondshefobservation interval, when top-
down mechanisms dominate eye movements (salienpg mi@ated from early gaze
samples have more reliable values, as minus ldssnibaip mechanisms are considered
to be at work in eyes movements, being strongeptediction for the early fixations or
primary ROI) [15] [18].

The recognition of the main subjects in a scene {&st majority of early gaze position
samples, the gist of the scene) might be achiemeHVS via neurons interactions,
providing psychophysical evidence that lends suppmra gist-based strategy and a
possible role for the feedback connections pretalemammalian visual systems. Due
to the strong relation between eye movements and W validation of VA
computational objective models is done through esscking experiments: eye

movements are recorded, post-processed and aesesped as successions of fixations

" MRI is a medical imaging technique used in radiology to investigate the anatomy and function of the body
health and disease.



and saccades or as a Fixation Density Map (FDM)chvidentifies the local fixed by

the viewers [15] [18].

Algorithms that search for visual degradations roftely on HVS parts. Human

perception motivates handling horizontal or vettgtauctures in an image differently
from diagonal edges, and errors at the edges aoeiped to be less disturbing than
errors in the middle of the picture. The vision rallidg approach of picture metrics
applies thus the possibility to base the compleggh of an algorithm on the human
brain simulation, aiming to process the visual datasimulating the visual pathway of
the eye-brain system [19] [10] [20].

1.1. Context and motivation

In the computational model of stereoscopic visadieacy portraied in [21], the authors
have further analysed each parameter, trying notus® generalizations and to be
accurate about factors that are customarily largelriooked in similar models. The
images and FDMs generated and employed on that werl choosen to be used in this
work due to their characteristics and the inforaratknown about them, besides their
full public availability (as 3DGaze database, deggcin 9.1). The images were of
different sizes (the same height, 1080, but diffensidths: 1278, 1191, 1282, 1279,
1228, 1274, 1286, 1194, 1247, 1192, 1920), allNtGPformat, with natural content,
synthetic stimuli and a background and some idahtibjects deliberately displayed at
different depth planes. The limitation to modelsatthcompute saliency maps
representing the level of bottom-up visual intei@ggplied on that work was also valid
here. Notwithstanding being considered bottom-upgleis some top-down concepts,
such as rarity or surprise may naturally be inctlyades well as the human characteristic
of looking primarily for human faces or humanoichtys.

This work aimed to examine the quality of imagesfrtheir respective presented ROIs
(defined through binary masks generated from th&1&D Noise was added to these

regions or outside them, so that viewers witnessenl appreciation of the variation in

>PNG (Portable Network Graphics) is a patent-free file format for image lossless compression aimed to
replace the Unisys© GIF (Graphics Interchange Format). An image in a PNG file can be 10 to 30% more
compressed than in GIF format and its image interlacing is faster in developing. It is not possible to make
one colour transparent, but to control the degree of transparency (opacity) and there is the possibility of
correcting gamma, tuning the image in colour brightness along with display requirements. PNG images can
be saved using true colour in addition to the palette and gray-scale formats provided by the GIF, but it can
not contain multiple images, not supporting animation, thus [63].



the images quality, thus being noticed the impaeanf these regions in the subjective
analysis of their images.

1.1.1. Factors that affect 3D quality perception

Video systems consist on many components, fromsitpeal acquisition (capturing real
frames or generating a virtual scene) to its digpta This includes converters, codecs,
networks, the environment hardware, the signalgssiolg and transmission path, each of
them affecting the signal quality perception. Desphe higher complexity, huge bitrate
and propensity to perceptual degradations in coisarito analogic, digital signals have
higher robustness to noise and interference, effy on the encoded signal regeneration,
privacy on the information transit, accuracy, amanpatibility with digital transmission

and media (uniformity in the format of video, audiodata services) [5] [19] [7].

A complex interaction between the HVS componentoliing the eye and the brain
generates the Human perception of a visual scehiehws influenced by spatial fidelity
(distinct distortions on parts of the scene) amdpteral fidelity (motion’ natural-ness and
smoothness). Temporal HVS mechanisms can be theesofi performance loss, like the
number of temporal channels and the models sinplam describing the HVS motion
processing. To quantify errors visibility, some nuest simulate functional properties of
early stages of the HVS based on linear or quasiltiroperators (using restricted and
simplistic stimuli), relying on a large number ofEsamptions and generalizations.
Psychophysical experiments are usually conductedhlayacterizing some phenomena as
superpositions of a few different relatively simpbatterns (such as spots, bars, or
sinusoidal gratings), much simpler and with lesterewctions than those in real world
images. Thus, inaccurate modelling of the HVS maguo as some neurons activities
which play important role in motion perception ammmonly ignored. A limited number
of experiments are applied to build models that ampredict the visual quality of
complex-structured natural images [8] [19] [4].

Images digital representation can be converted phigsical properties (for example,
brightness measured in candela per square metegrpplics and physical structures of
the eye and retina usually are not modelled, bectus image scanning done by the
eyes make it difficult to predict which part of tihwmage is centred on the fovea.

Absolute brightness is not very meaningful, asalation to colour it is not linearly



detected by the HVS (according to its sensitivigals in the green-yellow colours,
green is brighter, much more clearly seen than, bitnde the saturated blue is too dark,
almost without contributing to the perceived brigigs), so the wide used term
Luminance indicates the brightness properly adgustewhat the HVS really sees [19]
[71[10] [22].
Important image effects need to be selected acupitdi the system purpose, as the others
are difficult to quantify, not well understood ootressential to the application. It is usual
that objective metrics quantize the image dealinth veharpness and colourfulness,
attractive characteristics to the viewers (togetivth well-lit and high contrast), in
opposition to pictures with low contrasts, blurred dark. Even though there are
spatiotemporal artefacts, some quality metrics igniemporal distortions in videos like
ghosting (static pixels surrounding moving objatisve in the PVS due to temporal low-
pass filtering), jitter (variable delay), motionmpensation mismatch (background pixels
that are static in the SRC but move with the oljentthe PVS due to block motion
estimation), smearing (such as blur, caused byrdlsive motion between camera and
scene objects), mosquito noise, rods (elongateefaats like light-rods produced by
cameras, which appear in film because of an optikeeion/collusion and are typically
traces of a flying insect's wingbeats) and statpaaea fluctuations (visual appearance of

motion created from temporal frequencies in the B¥Spresent in the SRC) [7] [23].

The 3D content capture can be done by using sibglenulti camera techniqués
holographic devices, pattern projection techniqoegime-of-flight techniques and its
representation can be dense depth, surface-basedi-bpsed, volumetric, texture
mapping, pseudo-3D, light field or object-based.m8oof them are internationally

standardized, as also as the coding, compresstategaming processes [24].

An ideal camera aperture is described as a poithput lenses to focus light (i.e. no
geometric distortions or blurring of unfocused alg¢ and real cameras characteristics
have only discrete image coordinates. The integindl external camera parameters, the
3D scene structure and the relation between themiafluence the signal quality. To

achieve better ratios on coding or compressingjlaiities between video frames or

> An example of multi-camera application was developed by Immersive Media: Telemmersion System®
provides an end-to-end solution for full motion interactive 360° videos on the workflow stages from capture
till distribution, including edition; the Dodeca® 2360 camera system (used on the online mapping industry
by Google on its Street View) captures high-resolution video from every direction simultaneously, supports
various video formats and is highly portable [61].



image blocks can be used, but only considering ghels located at the same
correspondent position in the video frames (the nmaish between stereo
correspondences), what may conduce to flickerirghdperception or visual fatigue: a
vertical disparity correction thus calibrates th& bhnd right image planes of the video
sensors, rectifying the stereoscopic videos [25].
Besides the shooting conditions (such as lens flerajth and camera separation or
convergence angle), 3D effects also depend onydtera resolution. Beyond those that
occur in monoscopic television systems (resolutmoture motion, depth, sharpness),
there are also the puppet theatre effect (distodiegcts angular retinal size and
perceived distance and people looking like animgiadpets), the depth resolution
(spatial resolution in depth direction), the demtiotion (related to the movement
smooth play in depth direction) and the cardbodiece (objects seen disjoined or flat
as if the scene were divided into discrete depamgd, due to a crude quantization of
depth values). Puppet theatre effect is avoidededuced through orthostereoscopic
parallel shooting and display conditions (simulgtimmuman viewing angles,
enlargement and convergence) or auto-stereoscagptags that enable a large volume
of depth, allowing larger images to be presenteal grieater distance behind the screen.
Cardboard effect can be avoided or reduced withecarparameters adjustments such
that the thickness of objects can be perceived[[28]
In auto-stereoscopic displays (lenticular, barrétc), the major peculiar factors are frame
effect (pictures appear unnatural when objectscambr the screen frame: a larger screen is
useful then, as viewers become less consciouseofréme) and inconsistency between
accommodation (focus point fixed on the screen @otlires displayed within this range)
and convergence (image defocusing controlled thrdbg gaze point, minimum value for
depth of field). Discrepancies between focus anmivemence cause sickness after a few
minutes. In auto-stereoscopic displays, 3D effeastbe thought since the images creation
(sets of images interlaced together, resulting lonréd and double image for a common
screen), the lenses must direct the light so taeh @ye of the viewer sees only one image
(and the brain overlaps it to create depth effeterpreting the 3D scene), the equipment
is expensive and depends on the physical posifictheoaudience in few specific spots to
have the sense of depth, not seeing both views rganeCameras that track the viewer
position avoid sweet spots and the restrictionadfiing a single viewer per evaluation [27]
[28].



The distance betweeen each eye is nearly the samoegaeach layer in a glass, thus the
eye wear based equipment (stereoscopic) are gbleeifis outfit to display and view 3D
video: passive and active glasses synchronized whth monitor. Passive glasses
(anaglyph, with polarized lenses) do not use batiesr any electronics, becoming lighter,
more comfortable and cheap. The cheapest oneslyphagshutter, with liquid crystal
lenses), use a simple technique of generating\8®cbloured layers are observed through
the glasses filter lenses (each eye sees one ilagge usually cyan for the right and red
for the left). Glasses with polarized lenses usgelitiht polarization that reaches each eye,
the display has a specific configuration (overlagpgimages subject to mutually orthogonal
polarizations filters) and linearly polarized fiiseare needed to the lenses, orthogonally
and with the same orientation of the display fdteBoth systems allow multiple
simultaneous viewers. The crystal liquid or actplasses need a display with a 120
frames/sec rate: associated with the playback emgnp (commonly a computer), the are
synchronized glasses can work via wireless teclyyodmd, while the display merges the
frames, the issuer ensures that each sunglassidemsly open to receive information
during the display of one view frame. To avoid tiiekering effect since each lens
operates at half of the visualization frequencg, display reproduce frames at a fairly high
frequency, leading to the equipment high cost [29].

Samsun{ frequently use shutter technology in 3D televisiamd the 3D passive glasses
with polarized lenses of their UE40ES6300 havesaiid to have a crosstalking problem
(images for the left and right eyes overlappingg tlu the user position, what leads to the
single viewer problem. The distance from the scrigealso a problem, as the display is
most comfortable at around a metre, with 3D visibben 90 cm to 120 cm back from the

screen. A digital palindromic (or forward and bagquence) display method is applied to
medical purposes, improving visual detection of -lmmtrast luminal morphological

feature for coronary artery diseases analysis. sthbilization of a coronary segment is
reached by digitally shifting each image and thqusace so that a point of interest

remains in one position with respect to the obsdR@ [31].

Seeking to standardize subjective assessmentamant, the ITU defined parameters of
general viewing conditions in both lab and homeirmmnents, arranged into ratios of
luminance, observation angle, background chrontgtaond other room illumination and

monitor relevant characteristics (like resolutibreshold with luminance and contrast, also

strongly influenced by the environment luminandeis also recommended the importance



on results stability of the input signal qualitys isource type, still pictures picture by
picture adjustment, the downstream processing,irttpairments recording accumulated
along the chain, and that, for both SDTV and HDT\g viewing distance and the screen
sizes should be selected to satisfy the ratio eWwiig distance and picture height (the

preferred viewing distance) [17] [8].

Quality metrics classification is addressed onwith focus on distortions, expatiating
about data metrics (look at the signal fidelity anad to the data), reference information
metrics (based on the SRCamount of available irédion) and picture metrics (treat
the data as its visual information):

Data metrics algorithms are designed to describe the data fkfyabbut not the
content. They are fast and straight forward to etecby simply analysing pixels and
their spatial relation or interpreting images atisddifferences. A widely used signal, the
data metric Mean Squared Error (MSE), sums the @R an error signal (as its
visibility relates directly to the loss of perceglwuality), quantifying the error signal
strength (averaging the subtractions of pixels sgpiantensity. Images with the same
MSE may have diverse types of errors, clearly \ésdy not). [7] [10] [20].

Reference information metrics are non-intrusive (non-referenced, NR) or intrasiv
(fully, FR, or reduced referenced, RR). FR methoitisn operate on an error image and
do not react well to global shifts in brightnesenttast or colour, can include HVS
models and require entirely available and caliloradegnals (usually uncompressed
SRC) and a strict spatiotemporal alignment to maimth pixel with its counterpart in
the other image. NR approaches are applied wheBR is not on hand, focusing on
artefacts due to a given transmission scheme. Sivee is not a pristine reference 3D
stimulus as a baseline for comparison, 3D-basearitighs are NR in nature, without
the HVS aspect of learning from experience or alignt issues. Video content or
distortions assumptions turn NR measurements ubfeaand may confuse actual
content and distortions (e.g. blockiness estimating flashiest artefact of block-DCT,
Discrete Cosine Transform, based compression methach as H.26x, MPEG, Moving
Picture Experts Group, standard). Used when the BRiDly partially available, RR
methods has relevant controllable amount of imagssriptors (extracted features, like
amount of motion or spatial detail) [19] [9] [4]][[B] [16].

As only the extracted features need to be alignédRR methods, alignment requests are

naturally less rigid than for FR metrics (the miostexible), while for NR methods the



signal quality can be individualized (the SRC iadcessible in broadcasting and on
real-time traffic: low-complexity measurements aseded, without knowing the traffic
effect). Thus, methods are out-of-service or indser consonant with the usability
covering adaptive streaming solutions: withouttacy with time constraints [3] [9].

RR quality models are applied for standardizatigntbhe HDTV VQEG (both in
laboratory and in operational conditions), bearmgiind the access to the source video
bandwidth, withdrawing all NR models. About FR asseent for standard definition
television (SDTV), there are the reports in [32flan [33]. Most existing approaches
are FR, such as the subjective methods describddjnapplied for the general picture
guality of stereoscopic systems as well as shasgpares depth (not looking at the SRC
data features, but only its existence or not, &edcategorical judgement method may
be used, e.g., to identify the stereoscopic systemasits). Some algorithms are
especially useful for NR applications, explicithesigned to detect compression or
coding artefacts in a specific type of codec, blgckiness in DCT-based algorithms or
ringing in wavelet base [10] [4] [34] [35] [27].

Picture metrics can be classified into vision modelling and engnmeg approaches.
The engineering approach is based on the extraetimhanalysis of the strength of
certain features or artefacts in the video: stmattelements (such as contours) or
specific distortions (introduced by a processingpstcompression technology or
transmission link). Psychophysical effects can disoconsidered, but image analysis
rather than fundamental vision modelling is thecstual basis for their design [7].

The attributes of the evaluation methods clasdiboa some variables or extra
components could be added to the ITU recommendstlike psychoperceptual quality
evaluation (analysing the relation between physstahuli and sensory experience,
including test sequences, procedures and clagsificahe overall quality or a certain
attribute judged), user-centred quality evaluatmmgroup of factors (relating the
evaluation to the system or service potential ussr-centred design (including human
and ergonomics subjects/factors, participatorygieand design to user experience) and
multimedia quality (combining produced and percdivgualities by categorizing
multimedia technical factors into levels of absti@t network, media and content).
User-centred methods look at the evaluators oéfisential system features as potential
users, the potential context of use, evaluatiokstasnnected to the viewing purpose, or

aims to understand the quality including ergonoméasures [29].
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Together with the above mentioned viewing environimeonditions (viewing distance,
ambient lighting, pixel position in the image) asttuctural information, the quality
perception (focusing on fidelity measure, inste&garceived quality) is also affected by
the image appeal, the delivery and audio visualityudhe users’ preference, experience
(the recency effettand the fact that trained viewers are able to spdin changes more
easily), state of mind, cognitive understanding antkraction with the scene (eye
movements, instructions received, prior informatadoout the content, attention, fixation,
etc.). Idiosynchrasies of viewer attention may ldada continuous failure risk on
predicting the focused points, since the must foality can vary with the concentration
demanded on part(s) of the scene and the signifceeduced human sensitivity outside
the focused ROIs. Thus, when challenges to ROlethassessments like understanding
and modelling attention are ignored, distortiores @gqually weighted over the entire frame
[7][36] [4].

A VA and delivery quality concepts are applied © BV on the Son§ HX850 2012
TV, that selects the correction system along withtype of content (viewers are free to
explore the image and sharper objects are valuediHose protruding from the screen
and background scenes), while the earlier $ar¥823 2011 TV slightly blurs the
image background, persuading viewers to concentmatéhe foreground action. The
video purpose is also under debate, in line, fetaince, with the pleasure the images
give and the artistic choices. When the focus is @ the object chosen to be
highlighted in the foreground, eye strain and fa¢ignay occur, leading to an eventual
need of adjustments to sharpen up the various pl@7é.
Encoders and compressors can enable simultanemssrission of multiple frames in just
one stream at a reduced bit rate by sampling @teession techniques, spatial or domain
transformations and digitalizing images, reducirgmporal redundancies. Defects
produced due to compression depend on the scendsawdriations, tending to quality
fluctuations during a long program. Irreparable dges to the SRC (like the introduction
of nonlinear distortions) may occur and the impaicinetwork losses on video quality
directly affects the encoded bit stream and someiceeare based on parameters that can
be extracted from the bit stream with no one owygudrtial decoding. In audio-visual
systems, synchronization between different medaorge by delaying one of the signals in

*The recency effect is related to the major influence of recently-viewed rather than older material in
human opinion of a visual sequence: the last 10 to 15s contain the most memorable images of a sequence

8].



relation to the other (the linear combination —nsig product — is a effective model of
audio-visual quality) [16] [38].

Most works focus on FR metrics for TV/broadcastl@ppions, many remains to be done
in the areas of NR and RR quality assessment. ilsquality evaluation of low-bitrate
video and transmission error artefacts, in whiah dievelopment of reliable metrics have

many issues still to be solved [7].

Many issues regarding the impact of 3D TV sourcéidi$ are still under discussion, such
as the possibility of such technology causing peotd on children with epilepsy. It is

known that visual patterns can provoke seizurepenple susceptible to them, but
researchers found no link between this specifibrietogy and seizures. Some scientists

believe that video content, not technology is mikaly to bring on seizures [39].

1.2. Objectives

The main objective of this work was to check thepatt of a relevant ROI
representation on the perceived quality of 3D dtilages. It was used the eye
movement images database obtained from an eyartgaekperiment described in [1]
that handle subjective stimuli (created for thefgrenance evaluation of 3D VA model
in [21]), employing the generated and publicly éalale stereoscopic images of natural
content, depicted on the Annex 9.1. Binary maskewenerated for each FDM and to
each corresponding image was added noise congidénm O and 255 values as
determining the ROI borders. Outputs were classifrgo images with noise added
inside or outside the ROI, according to the noyge t(Gaussian or Speckle), the noise

parameters values (noise intensity) and to theyrioiage view (left or right).

1.3. Outline

This document is structured as follows:
In Chapter 1 there is a brief introduction to sutgecovered in this dissertation,
encompassing the context and motivation for thiskvas well as its objectives and this

Outline. Concepts and overviews of topics that sufpitnve contents are treated here.

13



Chapter 2 presents a review of more specific liteea regarding the various
methodologies of video subjective evaluation.

In Chapter 3 it is shortly covered some contentatiantion models for 3D video and
some papers over that topic are reviewed.

The metodology of the work done is depicted on @rapt. The objective
measurements and subjective validation of the @ttemodels are detailed.

The Chapters 5 and 6 comprise a succint discussienthe results and the conclusions
reached from this study.

The References are listed on the Chapter 7 andppendix (Chapter 8) comprises the
Instructions given to the participants of the sabgvaluation procedure.

Finally, the Chapter 9 contains the Annex, with tescription of the 3D Gaze eye
tracking employed in this work and the display sfeations.



2. Literature Review

2.1. Video subjective evaluation

methodologies

Subjective assessments, the most reliable methadsess the perceived video quality
since the HVS is involved, are slow (in both seamd execution times), demand
operational costs and are severely limited in ttups of the video material that can be
evaluated. Subjective measurements can be dividedaiegories, according to the
analysis point of view, the way they are implemdrded the expected results for each
specific test scenario. Then, it is predominanipleited the correlation between the
output of each algorithm and human subjective sctoevalidate practical objective
methods. These experiments involve people with abwision (according to medical
definitions), in a controlled environment, and defi by several standards. There are
different correlation parameters to validate tHeaiveness of each algorithm such as,
for example, between the objective quality evatratlgorithm and human perception
of quality about a publicly available dataset of iBiages or videos [7] [9] [5] [16].

The ITU considers that there are two classes ofestibe assessments. One of them
establishes the system performance under optimurdittans (quality assessment). In
this case, an objective metric is used to dynaryicabnitor and adjust image quality
and a subjective metric is applied to determineuality value for the sequence. The
other class considers subjective assessments \eliablish the ability of systems to
retain quality under non-optimum conditions thagte to transmission or emission
(impairment assessments). Subjective metrics aeel is optimize algorithms and
parameter settings of image processing systema, rasult of a comparison between
two sequences (a SRC and a PVS), customarily eealua a random order. ITU also
recommends that the exhaustive descriptions of tEstfigurations, materials,
observers, and methods should be provided in sllirgports, given the importance of
establishing the basis of subjective assessmerni}s [1

Test sequences of different content besides thembe evaluated must be used, and
the whole testing procedure should not exceed 3utes. According to [40], the
content and duration of the sequences submittetefting should be representative of
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the content and duration of the potential use efdysstem. The selection of evaluators
also does need to obey stipulated rules. The saroplgarticipants must be

representative of the system potential users. feé®@mmended the participation of at
least 15 non-expert evaluators, who could be pigtentsers of the system. For
stereoscopic television it is required to have raristereopsis" observers, hence all
participants must be tested about their vision.yTakso should receive instructions
about the assessment method to be used, the typedsfexrts likely to occur, the

sequences rating scales, the sequences to bengéteavhole timing [17] [27].

Using the Mean Opinion Score (MOS) subjective judget categorization, each pair
of images or short video sequences is assignedahtyqscore that is normalized,
averaged and each standard deviation is calculegedlting on numerical values from
1 to 5. To obtain a truthful result, many peoplesimparticipate in the subjective
evaluation, since single opinions may widely vapyantitative performance measures
using objective video quality metrics usualy relte@aspects of their ability to estimate
subjective scores. Such performance measures gicpuddiction accuracy (ability to
predict with little error); monotonicity (amount algreement between predictions and
relative magnitudes of subjective quality ratingg)d consistency (maintenance degree
of the prediction accuracy over the test sequeme@ge, response robustness to
impairments). These attributes can be determinediitigrent metrics based on the
relationship between the Differential (or Degrad@dDS (DMOS) and predicted
DMOS (DMOSp) for subsets within each video quatitgasurement. The DMOS rates
the impairment of the PVS in relation to the SRG;mmalizing the result to a a 5-grade
scale [32] [41].
Evaluation metrics employ those procedures, sucthesorrelation coefficient between
subjective and objective scores after variancedated and nonlinear regression analysis
metrics (providing a prediction accuracy evaluatipa Spearman rank-order correlation
coefficient between both scores (DMOSp and DMOS8yiging a prediction monotonicity

measure) and the outlier ratio (a measurementesfigtion consisten&y. [32] [41].

> This prediction is done by combining both Pearson linear correlation coefficient between DOSp and DOS
plus a test of significance of the difference and between DMOSp and DMOS [41].

®l. e, the percentage of the predictions outside the range of 2 times of the standard deviations evaluates
an objective model’s ability to provide consistently accurate predictions for every video sequence and not
fail excessively for a subset of sequences. This prediction consistency is the number of predictions outlier



Due to the absence of subjective assessment methpdsifically designed and

standardized to 3D content, 2D ones are used &s (casisonant the ITU in [17], divided

along with the test material presentation): Doudtenulus Impairment Scale (DSIS, the
EBU - European Broadcasting Union - method), Doubteanulus Continuous Quality

Scale (DSCQS), Single Stimulus Continuous Qualityal&ation (SSCQE), Single

Stimulus (SS) methods and Stimulus Comparison (8€thods. In [40], other methods are
described: the Absolute Category Rating (ACR), $multaneous Double Stimulus for
Continuous Evaluation (SDSCE, also addressed ir}) [a/id Subjective Assessment
Methodology for Video Quality (SAMVIQ).

Five-grade scale
Quality Impairment
5 Excellent| 5 Imperceptible
4 Good 4 Perceptible, but not annoying
3 Fair 3 Slightly annoying
2 Poor 2 Annoying
1 Bad 1 Very annoying

Figure 2.1: ITU-R quality and impairment scales [1T.

For SS, SC and DSIS, the commonly used rating scaleh as verbal or numerical
categories are given in Figure 2.1. The subjectduate the perceived image quality,
the impairment, or the relation between two starepE images by placing the

presented stimuli in one of these categories [26].

In Single StimulugSS) methods, home viewing conditions are replicatesl observer
does not have a SRC to compare with the preseatpeeace to give his judgement, but
watch each piece of video displayed and then s@tdording to a provided scale. A
test sequence (a single image or a sequence oéghagpresented at a time, being each
one independent from the others and a quality infibexthe entire presentation is
provided by the assessor. In the Single Stimulub Wultiple Repetitions, SSMR, the
test material is randomly presented three timeewalg stabilizing the observer’s
opinion, being the first rating discarded from het analysis. The test material might
include only test sequences or both the test seggeand their corresponding SRC,
presented as a freestanding stimulus for rating diky other test stimulus. The content

to be analysed is selected and then the test imageprepared in accordance with

points (with an error greater than some threshold as a fraction of the total of points: the smaller this
fraction, the more consistent are the predictions) after the nonlinear mapping [32] [41].
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design options or ranges of factors to be evaludféden more than one factor is
considered, each image may represent one levekigée factor or one level of every
examined factor, in which case it is possible ttedeinteractions among factors (non-
additive effects). Both situations allow establighia relation between the results and
specific factors [41] [17].

SS methods can also be classified according tevhkriation procedure. The evaluator
perception score is obtained by answers to thelpasefor example, the identification
of a certain impairment factor in the scene. Thalyais of results is based on central
tendency and dispersion of the response speed@laay characteristics. Rating of
the test material can be done either in a postptaon manner, or in a continuous
rating. By employing continuous quality evaluatitamger sequences can be presented
and evaluated. These are more representative tiktieavideo content and error
statistics [38] [41].

Four types of SS methods have been used in tedaviassessments: adjectival
categorical judgement, numerical categorical judgeimon-categorical judgement and
performance methods. Some of them are also use@ imethods.

The ACR method is useful for evaluating the endiltesf a service quality, considering
that the content presentation is similar to the mam use of the systems. It is obtained
through the direct observation of the sample (tesejuences are presented
consecutively, one at a time, and independentlg category scale), without a SRC, to
view the absolute quality values of the sample. #st sequences are observed one
after another, and judged after each presentatiooprding to a five-point discrete
scale, or more detailed (from 9 to 11 points) i€essary, under the subjective rating
system MOS [29] [9] [42].

When large distortions occur and they shall be amexqb to near lossless scenarios, a
single stimulus test saves a lot of time. Howesgearall differences between sequences
cannot be evaluated with ACR at all because thevarecannot remember other
sequences so precisely and the voting scale icaacse. Hence, this method is not
suitable for very small distortions. In the casetm@nsmission distortions or strong
coding artefacts however, this is a very good netttoassess many sequences in a
short time [10] [41].



Pict.Ai Grey Pict.Bj Grey Pict.Ck

~10's <10s ~10s <10s
voting voting voting
Al Sequence A under test condition i
Bj Sequence B under test condition j
Ck Sequence C under test condition k

Figure 2.1: Stimulus presentation in the ACR method40].

The time pattern for the stimulus presentatiorlistrated onFigure 2.1 If a constant
voting time is used (e.g., multiple viewers simnéausly), then it should be 10s or less.
The presentation time may be determined accorditiget content of the test material. If
higher discriminative power is required, a nineellescale may be used. For the ACR
method, the necessary number of replications iaiodd by repeating the same test
conditions at different points of time in the teBhe ACR scale with hidden reference
removal method (ACR-HRR) is an example of applypugt presentation assessment,
where the SRC is included in the session withoatkhowledge of the viewers. It is
made a subtraction operation between their opimbnhe SRC and of each PVS,
resulting in a difference MOS [40] [10] [41].

The SSCQE technique considers scene-dependent ieuedvdrying impairments,
quality variation related to scene content (impaints may be very short-lived), the
ineptitude of conventional ITU-R methods alone tssess these materials, and
disablility of the Double Stimulus (DS) methodslaboratory testing on replicating the
single stimulus home viewing condition. The matesaviewed once, without a SRC,
in the context of 3DTV, to assess humans’ senggaxfence, depth, and naturalness. A
single quality measurement is obtained from theti@mh between the continuous
assessment of a coded sequence and an overalé sjnglity rating of the same
segment. This method is proposed for long sterguss@quences (from 60s to 20min),
covering the selection of meaningful test matgjadtien limited to 10s) and mimicking
home viewing conditions, since artefacts are depehdn spatial and temporal content.
It is possible to increase the sampling rate ofsthigiective quality ratings (viewers can
dynamically rate a sequence using a slider mechmawith an associated quality scale:
useful for tracking rapid changes in quality arfd)st, more useful for evaluating real-
time quality monitoring systems) [16] [17] [41] [RE38] [43].

19



ITU recommends that an electronic recording handsehected to a computer should
be the recording device used to the continuous afiveuality assessment. The
sequences may have 5 min at least, each one widredit quality parameters under
evaluation. The instantaneous quality is assesseéal time according to the variable
position of a hand-held slider. The viewer impressiare transmitted by moving the
cursor proportionally to the perceived sensatiomade quality is indicated in a range
from excellent (slider at the top of the gradingleg to bad (slider at the bottom of the
scale) values, which are recorded at two samplesgmond rate and the data obtained
allow the collection of histograms. The qualityimgs have regular time intervals,
capturing, thus, the perceived time variationsualiy [17] [44] [38] [26] [43].

The procedure described in the ITU recommendatawmasadapted to the equipment in
use, as in [43], where adjustments are done in atenybased testing. The slider for the
SSCQE test was not a stand-alone hardware deuvitea lgraphical on-screen slider
steered by moving the mouse up and down (verticallse movements translated
directly into slider shifts), aiming to give vievgea good tactile feeling of the quality
scale, considering the additional advantage ofidhaliarity with handling a computer
mouse. A break time is suggested to help reducguigtas well as a random order of
the test sequences at the clip level to minimizeéeodual effects [43].

In Stimulus comparison (SC) methods, images or exsecgs of images created in the
same manner as in SS methods are displayed siraaitaly and the viewer score is an
index of the relation between them. Two equallyuatjd displays or the major
proportions of a divided screen can be used. Tisé $ession initiates with the
observers’ opinion stabilization, which is not udefata to the test results. Three types
of SC methods are used in television evaluatiotdigctival categorical judgement, non-

categorical judgement and performance methods[gBj]

Comparison scalg
-3 | Much worse
-2 | Worse

-1 | Slightly worse
0 [ The same

1| Slightly better

2 | Better
3 | Much better

Figure 2.2: Comparison table in DSCS Methods [17].




The Adjectival Categorical Judgement methods, &sown as Double Stimulus
Comparison Scale (DSCS), can be applied as SC oSgnethod. There is a
judgements distribution, depending on the infororatiequired or sought, across scale
categories for each attribute detection (e.g. tabdish the impairment threshold), in SS
cases, or, in SC cases, the relation between mendfea pair to one of a set of
categories defined in semantic terms, expressirgy dkistence and direction of
perceived differences. In operational monitoringlf lof those grades can be used, and,
in special cases, scales that assess text legibd#ding effort or image usefulness. The
ITU-R scales are given in Figure 2.2 [17] [38] [44]

The Single Stimulus Numerical Categorical ScaleNGS) describes fast and easily
automated judgement categories, not limited in e/ddy adjectives, alowing the linear
scale to be used for quite different ranges, witjuantity of points dependent on the
conditions and range of perceptual attributes.iBtpanay be enough, or half points on
a scale of 10 may be useful. The number of trialsgondition depends entirely on the
assessment purpose, but the ITU defines that stt 3eare needed for statistical control
[45].

In non-categorical judgments methods, the ratigp@fceived quality is given by a
number, a point or line in a vertical scale (a sarmdus variant of the categorical
method, or numerical, a discrete method) labell&t two boundaries at the ends of
this scale (e.g., same-different ends or the ehdscategorical scale). As in DSCS, they
can be applied in the context of both SC and S®oast Observers attribute a value to
each image or image sequence shown, in SS casds, the relation between the
elements of an assessment pair, in SC cases [38].

Using a continuous scale, the evaluator assigns ieaage or image sequence (SS) or
each connection (SC) to a point on a line drawnveenh the labels. The scale may
include additional reference labels at intermedpaimts. The distance from one end of
the scale line is taken as the index for each ¢mmd(SS) or as the value for each
condition pair (SC) [17].

In discrete scale form, the evaluator assigns eaagje or image sequence (SS) or each
connection (SC) a number that reflects its judgeality level in a specified dimension
(e.g., image sharpness or the difference in qualliye range of numbers used may be
limited, either previously defined or not. The gs&id number may describe the relation
in absolute terms (without direct reference to lineel of any other image or image

sequence as in some forms of magnitude estimation)terms of a standard pair [17].
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Both forms, continuous and discrete, result instridiution of values for each condition
(SS) or pair of conditions (SC). The method of gsial depends on the nature of the
judgement and the information required (e.g. randemtral tendency, differences
between values) [38] [17].

The performance measure of externally driven tg$iksling targeted information,
reading texts, identifying objects, etc.) may beduas an image index, because those
tasks express some aspects of the HVS. Thus, taS§ss, performance methods result
in distributions of accuracy or speed scores fahezondition (indices of the relation
between the pair frames). The analysis concentrtgies establishing relations among
conditions in the scores central tendency (andedsspn) and often uses variance
analysis or a similar technique. In some casedoieance measures can also be
derived from SC procedures. In the forced-choicéhow the pair is prepared such that
the PVS contains a particular level of an attrib(gey. impairment) while the other
frame contains either a different level or nonethed attribute. The observer decides
which element contains the greater or lesser lewvebthing of the attribute [17].

Double Stimulus (DS) methods are especially usehgn it is not possible to provide
test conditions that exhibit the full range of diyaparameters. The SRC and PVS are
presented side-by-side rather than random timer @il shown simultaneously on the
same splited monitor or on two monitors equallyuatgd. Scoring is done through
comparison. Like in SS methods, this can be domieeriby post-presentation or
continuous assessment, and sequences can eitipeedented once or multiple times.
The differences between them are evaluated andidbbty of the video is judged
through a lever sensor mechanism. Perfect fidésitgoded as 100, at a maximum
length, while at the bottom the scale is 0. The dat can generate a number of statistic
graphs, but the attention must be shifted betwedin presentations. Examples of these
methods are the DSIS, the DSCQS and the SDSCH38)|17] [41] [29].

Degradation Category Rating (DCR), or DSIS, is usdtbn there are high quality
samples and the ACR method is inappropriate toodercquality variations. In this case
the DCR is able to measure the degree of perceingzhirment rather than the
perceived quality and the stability of the residtgreater for small impairments than for
large ones. It was proposed to identify defectsansmission paths (system robustness
measure) at very low bit rate and it is used onetveduation of new systems or of the
fidelity of visual information affected by time-wang degradation, such as the effect of

sparse impairments (like transmission errors) [18] [40].



The test sequences are presented in pairs: thetiimaulus presented in each pair is the
SRC and the second is the outcome when the SRCtipasgih one of the systems
under test. During the test session, a pseudo-nandequence of pictures and
impairments (which range is chosen so that all ggaalte used by the majority of the
observers) should be presented, and the samei¢asgtepor sequences should never be
presented on two successive occasions with the samiéferent levels of impairment.
The test results are the DMOS between the PVSlam&RC. Like ACR, in DCR the
presentation time may be influenced by the contdérine test material. A number of
replications is obtained for the DCR method by etjpg the same test conditions at
different points of time along the test. A five-&dvrating scale is used for the
impairment rating and the numerical value pairethweach grade on these scales
indicates the mapping between category rating a@bMhese values are not presented
to the viewer. There are also the numerical categlorating (in which both category
and numerical values are presented) and the negaatal judgement (in which only a

numerical value is used for assessment) scale§40P][9] [17].
TL T2 T3 T2 Tl T2 T3 T4

AUUUL,

Vote ‘

Phases of presentation:
T1 T2 T3 T4
Tl= 10s Test sequence A
by T2= 3s  Mid-grey produced by a video level
/ ﬁ/ of around 200 mV
T3= 10s Test sequence B
«—J" ote T4=5-11s  Mid-grey
(a) (b)
Ar Grey Al Grey Br Grey Bj
~10s 2s ~10s <10s ~10s 2s ~10s
voting voting
Al Sequence A under test condition i
Ar, Br  Sequences A and B respectively in the reference source format
Bj Sequence B under test condition j
(©)

Figure 2.3: DSIS method structure: (a) Variant |, p) Variant Il (c) pattern for the
stimulus presentation [40] [17].
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The sequences are presented in a Double Stimdus)avn in Figure 2.3. One out of
two variants can be used, Variant | or Il. Thetfgs/es a unique presentation of SRC
and a single image to be evaluated and the vieamswitch between sequences until
being satisfied with a mental measure of the quai$sociated with each signal.
Typically this is chosen by doing that two or thteees for periods of up to 10s. In
variant Il both presentations are repeated befoeettial, one or more times for the
same time duration. The test scheme set providesavery and rest time during the
transition (grey image, between the SRC and thepieture), and a final time for the
trial. The observers should look at the picturetighout the duration of T1 and T3.
Extending the periods T1 and T3 beyond 10s doesmwmbve the ability of the viewer
to grade the sequences. The evaluation is donagddi8 and T4, according to the
artefact impact. For still pictures, a sequence @b 4s with five repetitions (voting
during the last two) may be appropriate. For movpigtures with time-varying
artefacts it is recommended a 10s sequence withrépetitions (voting during the
second). When practical considerations limit thailable sequences duration to less
than 10s, the display time can be extended to h@sjsing them as compositions
segments [38] [17] [29] [3].

The judgement of real service situations is notasgntative with sequences limited to
10s. Digital artefacts are strongly dependent ugian spatiotemporal content of the
SRC and for compression schemes it also concemerior resilience behaviour of
digital transmission schemes. In [45], when thered SRC, a preference for SSNCS to
graphic and ratio scales is verified, in termseasfsstivity and stability. SSCQE is useful
for viewing conditions closely to real situatiorgguélity measured continuously, with
the material viewed once, without a SRC). Whendifaavback of a method is linked to
the existence of context-related artefacts thera oblem to choose representative
sequences (or at least to assess their representds) and, when fidelity has to be
evaluated, reference conditions must be introduicethis case, a continuous evaluation
from the SSCQE should be developed, considering #iat human memory can
significantly influence test results (the recendfea), by making slight deviations
concerning the way of presenting the images tosthgects and concerning the rating
scale. Short segments are used when the trialne dfter the presentation and long
segments are used during its implementation [1738] [16].

DSCQS is a cyclic method such as DSIS, within gethof sequences, one is the SRC
and the other is the PVS, the same sequence, eddii a system or process under



test. In sessions which last up to half an houraralomly arranged series of picture
pairs (internally random) with random impairments/er all required combinations,
including the SRC, preventing pre judgements. At ¢éimd of the sessions, scores are
converted to a normalized range and the mean stmresch test condition and picture
are calculated. The end result indicates the weajuality of both sequences (quality
score). The presentations structure is the sama &ariant 1l of DSIS, showed in
Figure 2.3(b) [16] [17] [8].

The Subjective Assessment Methodology for Video IQuéSAMVIQ) is a multi-
stimuli continuous quality scale method with thkesions of the SRC: an explicit, a
processed and a hidden (which participants mugt).filh possible lower anchor
sequence with intentionally very bad quality inleaet allows for a calibration between
different sets with the SRC and also to comparéemint subjects, but it limits the
number of conditions in a set. The PVS of one SBC e shown in two or three sets,
thus each of them containing seven evaluated PdShenlower anchor [29] [46] [10].
Each version of a sequence is displayed and rabexlarly as in DSCQS method: the
different versions are selected randomly througbraputer graphic interface, moving a
slider on a continuous scale graded from O to Y0&ated by 5 explicit quality items
linearly arranged (excellent, good, fair, poor, oatl 10 to 15s maximum viewing
duration gets a stabilized reliable quality scdrke proprietary decoder-players, or a
screen copy of their output, should be used to taminthe appropriate display
performance. Once all the test set votes are adjutte next ones are available and can
be from a different SRC. From one scene to anothercorresponding access from an
identical button is randomized. It is always poles# comparison to other PVS of this
set or to the SRC, permiting very small distortiom&oth situations and a high degree
of resolution in the grades. Thus, using an impbBoimparison process, it is possible to
combine quality evaluation capabilities and alsodiscriminate similar levels of
quality. This is a proper method for multimedia o, since it can combine different
elements of image processing (codec type, imagedprbit-rate, temporal updating,
zooming), extensible to cover full format televisienvironment [29] [10] [47] [46].

The stability of this protocol allows conductingpeximents in a reliable way. Variation
of criticality during an audio visual content scaadimited as homogeneous contents
are chosen under the same rules implicitly usednbthods providing a global score

(e.g. SS methods): it is then functionally similara SS method with random access,
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but the explicit reference can always be viewediods stimuli can be accessed all at
once, at any time, reviewed and modified as degicedhmonly less than half of the
sequences are reviewed and stimuli with 15s at mastenough). Thus, it is a time
consuming method (the time for voting is not fixest) a limited number of tests can be
done [47] [46] [29] [10].

SAMVIQ is a methodology very similar to a widely ags test for audio samples,
MUSHRA (Multiple Stimuli with Hidden Reference amhchor’), recommended in
[48], in which a continuous scale is applied onjtidgement of the quality of each item
from a set of PVS from the same SRC. In [49], prieposed the Subjective Evaluation
of Stereo Video Quality (SESVIQ), an interactivethuel to evaluate perceptual quality
for asymmetric coding of 3D video as a stereo estitenof SAMVIQ where subjective
evaluation is presented for low and high bit ratesifying that spatial scaling is always
inferior at high bitrates, whereas subjective ressdepend on video characteristics for
low bitrate scenarios. So, SESVIQ test methodolgyes lower standard deviations
than DSCQS, especially for low bitrate scenaridy [49].

Comparison between subjective methods for quasisgssment

Several methods were developed for the subjecéisedf video sequences, especially
by ITU-R and ITU-T. They differ significantly andhsuld be carefully chosen to
accomplish the desired task, according to the distts severity, evaluation type,
estimated suitability for different distortion ct&s and relative time necessary for each
sequence judgement. Some test characteristicsatagsbe discussed: DS or SS, using
a discrete or a continuous quality rating scalesangle or continuous voting [10].

: A B
Imperceptible D Excellent
Perceptible, but
not annoying D Good
Slightly annoying D Fair
Annoying D Poor
Very annoying D Bad

Figure 2.4: Rating scales of DSCQS and DSIS [16].

" MUSHRA is a subjective quality evaluation method for lossy audio compression algorithms to assess
intermediate impairments, that serves a similar purpose of MOS, with fewer participants and all codecs
presented at the same time, on the same samples. A 0-100 scale turns possible very small differences to be
rated. There are a labeled reference and its hidden version, the test samples and one or more anchors to
normalize the scale (minor artefacts must not be rated as having very bad quality).



SSCQE method can be used to assess widely time&gaguality of long video
sequences in a way DSCQS cannot. The accuracy ©Q&Sompared to DSCQS is
questioned in [44], because since only the quality single video stream (SS with no
immediate SRC) is seen and rated, contextual sfi@ety be present. In [17] it is said
that, for the DSIS and SC methods, contextual effae also evident and the strongest
effect is found for the Variant Il. In ACR, SSCQBdaSDSCE methods, individual
scores might drift along the test, badly impacting reliability as well as the accuracy
(due to differences in each viewer time to reactjdality changes). DSCQS has the
same structure as DSIS, but not so dependent asifttations (due to the test
sequences order): a 5 points scale from bad tdlerteas it can be seen on Figure 2.4
[16].

SSCQE differs from ACR in terms of the assessmertgss and the scale used. There
IS no continuous sequential presentation of itemSAMVIQ as in DSCQS, reducing
errors due to lack of concentration, thus with Bighiesults reliability. In [3] a
comparison is done emphasizing that unlike DSCQ®SIS the evaluators are aware
of the presentation sequence and each sequerftened only once [38] [47].
Memory-based biases can exist in longer singlangabSCQS sessions of digitally-
coded video, but such effects are not considerfal@ 10s video. Consequently, the
quality histogram could be calibrated in SSCQE essc using DSCQS on
representative 10s samples extracted from thednasto data. Thus, this continuous
scale is used at DSCQS, but there is a single gaaitlee end of a short presentation,
while at SSCQE the grades are continuous alondeheonstration time [17] [38].

In Figure 2.5 some parameter differences of thehatst ACR, SSCQE, SDSCE, DSIS,
DSCQS and SAMVIQ are depicted. SSCQE with hiddeieremce removal (that
replicates DS testing results) and multiple randmahiviewer orderings (at least two)
can produce quality estimates comparable to DSQ@SD&CS. For this translation it
can be compared the last SSCQE time sample ofctreeswith the DSCQS or DSCS
value. This reassuring result shows that viewerfopa essentially the same error
pooling function (i.e., the judgment process whegeceived errors distributed in space
and time are mapped to overall estimates of peedeguality) in SSCQE, DSCQS, and
DSCS tests [44].
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Parameter

‘ ACR

‘ SSCQE

‘ SDSCE

‘ DSIS

‘ DSCQS

’ SAMVIQ

Comparison Single Stimulus Single Stimulus Double Stimulus | Double Stimulus | Double Stimulus | Multi Stimulus

Explicit No No Yes Yes No Yes

reference

Hidden No No No No Yes Yes

reference

High anchor No No No No Yes Hidden
reference

Low anchor No No No No Yes Yes

Scale 5 point discrete 5 point 5 point 5 grade 5 point 5 point

scale (higher if continuous continuous impairment continuous continuous
required) scale scale scale scale scale

Sequence 10s Long stimuli 10s 10s 10s Maximum 15s

length (>60s) up to

20min

Picture format All All All All All All

Two No No Yes No No No

simultaneous

stimuli

Presentation of | Once Once Once I: Once Twice in Several

test material 1I: Twice in succession concurrent

succession (multi-stimuli)

Voting Only test Test sequences Difference Only test Test sequence Test sequences

sequence between test sequence and reference and reference
sequence and
reference
shown
simultaneously

Possibility to No No No No No Yes

change the vote

before

proceeding

Continuous No Yes (moving Yes (moving No No No

quality sliderina sliderina

evaluation continuous continuous

way) way)

Minimum 15 15 15 15 15 15

accepted votes

Assessors per One or more One or more One or more One or more One or more One

display

Display Mainly TV Mainly TV Mainly TV Mainly TV Mainly TV PC*

Rating moment Retrospective Continuous Continuous Retrospective Retrospective Retrospective
(rating can be
adapted several
times)

*SAMVIQ can also be applied to standard television displays, rather than solely PC displays.

Figure 2.5: Comparison between methods.




Expected accuracy Abbreviation of subjective test method
e \\
Impairment S / e

of video 1high ! = : i ;
ence - ! i A5q: S-grade quality scale
seduence high ! _SDSCE o) ’/ 5i:  5-grade impairment scale
ACR(-HRR) Ref+Test  CCI” |7D: T-grade difference scale

Test 5q/5i - C: Continuous scale, single vote
/ CC: Continuous scale, continuous vote
high Type of presentation:
SSNCS Test: Only test sequence is displayed
Test Llg/11i Ref/Test: First reference, then test sequence
= Ref+Test: Both sequences displayed simultaneously
- . Test&Ref: Test and reference in random order
. est/Test: Two test sequences compared to each other
SSCQE Test/Test: T d to each oft
Test ce
high
DCR
Ref/Test Si
high
DSIS
Ref/Test @
medium
SAMVIQ
Ref/Test/Test/..C
high high very high
SDSCE DSCQS pC
Ref+Test ee Test&Ref € Test/Test 7D

time/sample

Figure 2.6: Commonly used subjective test method40].

Properly designed SSCQE testing (suggested 9 joni&g be an effective substitute for
more complicated DSCQS testing, because it provides viewer fatigue and faster
testing (or more clips rated for the same amoumie@fing time spent). In Figure 2.6 it
can be seen a graphic comparing some of those deethgairment versus their time
per sample relation [44].

Pair Comparison (PC) tests are the most time comgubut also the most accurate tests
very well suited for small impairments, but eachng only compares two conditions
each other, then for large differences (as multimedaterial) is not very helpful.
DSCQS can also be used for small impairments, beingh faster but usually less
accurate than SC. Larger impairments can be tegthdSCQS, but the comparison to
the SRCwould not help the viewer anymore. SAMVI(wt evaluating very good
video quality and very poor quality together withénsing the discrimination accuracy

when comparing two video sequences with similaodi®ns [10].
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3. Attention models for 3D video

Mostly computational models of attention followsetlgeneral concept of Visual
Attention (VA): founded on prominent cues (saliefti@sed), a parallel stage with
preattentive cues preceeds a serial multi-resoluigature integration principle stage
(with typical camera images as input) to predidiesa 2D images areas. Consistently
with psychophysical studies, the saliency map egudently used, with parameters like
constrast and colour, as representative of theenmr#grmation that stand out on human
appreciation of the reality. However, to considex 8D realm it is necessary to extend
the efforts in 2D visual modeling about what affethe human viewing behavior,
including parameters that are representative ofattditional visual dimension, among
which the most fundamental source for VA is thengcdepth. Thus, several approaches
are possible to find relationships between parammesed analysis of each one in
particular. As a confirmation of the outputs, sehijee tests identify the viewers’ visual

emphasis and quality analysis as the parametecharged.
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Figure 3.1: A 2D computational model of attention 11].

As it can be seen in Figure 3.1, on a 2D salierased computational VA model the
scene features are extracted (usually intensityoucoand intensity gradient
components), leading to a multi-feature versiorthef scene (converting each feature
map into its conspicuity map) and a integration girtompetitive purely data-driven
way: it is a Data Metric) of the conspicuity mapgeighted so that there is few strong
peaks of activity and none maps with several coatgarpeak responses).

Since saliency maps are effective at predictingnnsibjects but less effective with
objects of secondary importance and the unimpodaas, a timing data, considering a
multi-stage predictor might be more effective tisamgle-stage attempts. This is in line
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with the user opinion related to each object in #Hoene: main subjects being
determined first and this knowledge of them beihgnt used to guide subsequent
predictions [18].

The multi-resolution view 2D VA computational mod=nsiders the variety of objects
sizes to be detected, using a multi-scale condgi@perator. One of the biologically
plausible methods to compute the conspicuity mapka Centre Surround Mechanism
(considering differences of scene parts accordirgtpecific feature), which has a high
computational cost due to the application of vdeaize centre-surround filter on fixed
images.

The most noticeable differences between 3D moadyson the 2D model basis, the
applied meaning of depth and how it is computed. (@qual to disparity, as epipolar
geometry assurBsor to the distance between the camera and time sigect, as in [11]
and [50]) and the validating process (subjectivastgperformed to correlate with the
algorithm output, and how the sequences qualityuesalare determined). Every
computational model of 3D VA contains a stage iniclwh2D visual features are
extracted and used to compute 2D saliency mapssi§tent with the way depth
information is used, a model can be classified aptbweighting, Depth-saliency or,

the most unusual, Stereo vision.

Texture

Texture Depth map
l Feses i ______ !

2D saliency
2D saliency Depth saliency

computation ) -
computation computation

| |

| |

| |

| |

. | |

2D saliency maW 20 saliency : Depth !
|

map(s) | saliency map:

Depthmap—>  Weighting ‘ v —===g======

l Pooling ‘
Predicted l
saliency map(s) Predicted saliency map

Figure 3.2: Respective schemes of the depth-weigigiand depth-saliency VA models
[21].

SStereo depth estimation recovers depth from images, and epipolar geometry (the geometry of stereo
vision) deals with limits of geometric relations among 3D points and their projections on the 2D space (one
epipolar ray in each image, as a two cameras scheme is mostly used, due to HVS affinities), relating cameras
(slightly shifted each other) and estimating disparity. Cameras are assumed as pinholes, as those relations
depends on their parameters (when they are known, coordinates can be normalized and one image turned
into global reference) but not on the 3D structure. Thus, depth is the inverse of disparity when epipolar
lines are scanlines, cameras has the image planes parallel to each other and to the baseline, their centres
are at same height and focal lengths are the same. Constraints are the uniqueness (for any point in a image,
at most one matching point in another image), ordering (analogous points in the same order) and
smoothness (disparity values changing, for the most part, slowly) [62].



On depth-weighting models, 2D saliency is weight®ad depth information, both
corresponding to the same (pixel, target, depthel®Ol) location. This is relatively
easy to adopt existing 2D models as there is niéph saliency map creation, as it
occurs in depth-saliency models (through the etitm®f depth features from the depth
maps), and this is the main difference between tresmt can be seen on Figure 3.2.
The computationaly less complex depth-weighting et®anight fail to detect salient
areas caused only by depth features. Differentigre® vision models consider
mechanisms for stereoscopic perception in the H88me of these methods are
depicted below, and the model described in [1linesthematically explained as an
example [21].

Stereoscopic VA model for 3D vide$50]

The bottom-up stereoscopic VA depth-weighting mqatebosed in [50] considers the
fact that, due to user interactive functionalit@®l stereoscopic perception provided by
3D video systems (focusing on intensity, orientateind colour), humans are more
interested in regions that pop-out or with smalpttievalue. It is based on multiple
perceptual stimuli including depth information, lwm&nce, colour, orientation and
motion contrast with a depth based dynamic fusigagrating them, maintaining high
robustness and efficiently simulating stereoscapicfor HVS, modeling it by three
attributes with low-level features, including depittnage saliency and motion saliency
[50].

A computational model of depth-based attentionf51]

This depth-weighting computational model for ati@mintegrates disparity, image flow

and motion cues, so that the attention stays orcliteest moving object (a moving

viewer may mask out different moving objects inl reeenes). The preattentive cues
employed on early modules are independent from edlhr. The stereo disparity

module applies a phase-based algorithm considelisgarity as the spatial shift of the

phase (convolution argument of a complex filtedmthhie images) difference. Disparity

selection is composed of histogramming and digpariediction and its back projection

produces a target mask (slicing up the input imegeesponding part and the scene
consonant relative-depth), thus relative depthoisnél from the dense disparity map.
The image flow module stabilizes the attentionaffqggenance by applying the stereo

algorithm not to a stereo image pair but to congeeguimage frames, obtaining
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horizontal image flow data, which is used in onenelsion along the horizontal
direction (to share identical input with the deptibdule). Depth and image flow cues
are combined to deal with complex scenes with iplgltiarget candidates. The motion
detection module computes (with a moving targeatiatly small compared to the
background) an affine fit between consecutive insaged, alongside that, exploits the
brightness constancy restriction (database linomatimposed): considering the
background small variations in depth and its distamelative to the motion, the
background cancels in the residual image and mowinigcts appear. Thus, using
multiple cues, relative depth as a target selectrderion and simple computations, this
model provides expected results for a control sehéon target selection based on

nearness and motion [51].

Computing VA from scene depth[11]

This multi-resolution view, bottom-up, task-indedent, saliency-based computational
model of VA integrates depth as a component forepumage vision. Comparing
synthetic and real range images show a selecteth-defated features ranking: the
distance from camera to the scene objects (heldedc&lepth); the scene objects
geometry (provided by an intrinsic surface featurere called Mean curvature); and
depth changes in the scene, like angles and cofdetscted by the Depth gradient
vector). The 2D model is extended to the scenehdepmponent: depth-related
conspicuity maps are created and a multi-scale poousy operator selects an
integration module that combines and adds it tootigenal features maji 1].

The conspicuity maps are created by calculatinglifierence between fine and coarse
scales from a group created using Gaussian pyrawigish gradually lowpass filter
and subsample the feature map, extracting localites for each feature type. The
centre is a pixel at scatee {c,,c,, ..., cx} and the surround is the corresponding pixel
at scales =c+39. 06 € {cq,¢cy, ..,cn_1}. Thus, for each pyramiBl (consequently, for
each feature), there atéx (N — 1) mapsF(c,s) = |P(c) — P(s)| forming a unique
conspicuity map, weighted considering the maximuwtivly of the related mapM,

and the average of local maxinma,

Eq 31C] = Z;\I=X1(N_1) W] X F]'(C, S), W = (M — Iﬁ)z

whereN andn are the feature numbers for depth and for coloar & and c are the

relative weight and conspicuity m§pl].



Thus, the depth target mask (the depth conspiconyp) is computed based on
histogramming and peaks observed on the histogranth® disparity map are
considered as conspicuous locations. Their weigbiead (seeing the maximum activity
of the related mapyl, and the average of local maxinma, considering both depth and
colour) leads to the saliency mel]. As the depth enhanced model detects notieeabl
locations, it is significant (and equal to colowatures, in the saliency map) the
contribution of depth features to the VA, besidkee tlepth or 3D vision intrinsic

components of biological vision, at an early stagéhe HVS[11].

Computational model of stereoscopic 3D visual sahey [21]

This is a computational model of VA for stereoscd@b still images which, as various
similar models, through extensions of the effordm& 2D visual modeling, adds as a
visual dimension input the prediction of salieneas of 2D images and depth
information affecting the human viewing behavio@d]. A depth-saliency model is

chosen to be applied, after proposal and exammatiahis way of integrating depth

information in the modeling of 3D VA and depth-wieiging one [21].

The eye movement data obtained from an eye-trackxpmgeriment using synthetic

stimuli is used on measuring depth saliency [21]e Theasure of depth saliency is
derived from the eye movement data obtained fropulalicy available eye-tracking

database with stereoscopic images of natural congsng synthetic stimuli [21].

Across different types of scene, there is a vammaton the depth saliency map
performance and on its added value to a 2D modethié work, depth saliency map is
defined as a distribution of probability of the dbon points as a function of depth
features. It is assumed that the depth map comgputaeeds to be the first step of
modeling 3D VA and that the disparity map (whichualyy represents depth

information in stereoscopic 3D display systems,wshg the parallax of each pixel

between the image views) alone do not exactly spoed to the depth (the same
disparity value also may meet with differents pareg depth values). A transformation
from a disparity map (measured in unit of pixelsdsplay systems) is therefore added
to a depth map (perceived depth in unit of lengthhsidering also the viewing distance
between observer and screen plane, the interodiséance (set to 6.3 cm) and the
width and horizontal resolution of the screen (aetording to the eye-tracking

experiment setup). For depth-weighting models,résailting depth map is adopted as
depth data for the weighting or the saliency maggstiitbased merging.
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It is said that this theme approach is advantagdmesause each scene can have a
precise depth map (controling background objecggihdeThe influences of 2D features
can be limited on viewing behavior (as all objests uniformly located, with constant
shape, size and distance from the center of theescrso that the stimuli minimizes
bottom-up VA features) and for binoculatepth cues when coming from depth cues
other than disparity (it is not easy to quantitelyvmeasure for monocular ones, e.g.,
perspective, occlusion, blur). The only depth feaxploited is the contrast, a saliency
cue that directs the attention about 3D still insagdore features (surface curvature,
depth gradient, orientation contrast, etc) wouladl¢o the need of a more complex
pooling strategy and a potential normalization $tegach feature dimension.

For the 2D saliency prediction, the authors pertmnthe bottom-up visual attention
models in [52], [53] and [54] (with quite differentechanisms), all of them also applied
in the final performance evaluation. One view wid®sen (the left one) because,
besides the reduction of computational complesttg, images are subjectively similar
(their 2D features differences have insignificarilLience on VA).

Getting a precise depth map for natural contenti®ages is not cheap and eye
movements are affected by natural stimuli abundi@aures, increasing the difficulty
on evaluating people’s viewing behavior about deptbrmation. Hence Bayes’ theory
shapes the correlation among depth features artth dappency level, computing depth
saliency map from an eye-tracking experiment rassitig synthetic stimuli.

A depth-weighting and a depth-saliency models arapared: a depth saliency map is
important in 3D VA modeling, without a strong camslbn about those models
(although the depth-based attention format hasbgirformance for the purposes)
besides the idea of a model combining both: depfitrmation as an additional visual
dimension (from which features are extracted tatersaliency maps) and depth used as
weighting data (relating the attention distributeomd the distance between observer and
each scene object). There is still no consensub@®BAD and depth information sources
of saliency interaction and their effects on thiesay distribution, thus it was adopted
a linear pooling strategy equally weighting thewntributions. As there was no
standardized methodologies for the conduction d-tegcking experiments for 3D
images, for the performance evaluation of sterqusc8D VA still images models, the

® Binocular vision cues (from two eyes), such as stereopsis and parallax, depend on eyes accurate alignment
of the eyes and appropriate unification of the two images by the brain. Some people has only monocular
(one-eye depth perception) skills, doing fine in situations where it is not required depth perception.



publicly available 3DGaze eye movement databaseolbtsned from an e-tracking
experiment using synthetic stim with a background and some identical obje
deliberately displayed at different depth pl. The databaselso contains, besides t
free-task viewing eyéracking data, 18 stereoscopic 3D images with aattonent and
the associated disparity and depth maps and . Three objects parameters vi

among scenes: number, size, and distance fronttherscente[1].
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Figure 3.3: Respectively Boxing image (a) left view, (b) right view, (c)Disparity map, (d)
Depth map, and (e) FDM.
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As an example, in Figure 3.3: there are, respdgfivenages and its relative partial
results obtained in [21]: on (a) and (b) the Boximgge left and right views; on (c) and
(d) the Disparity and Depth Images resultant ofdakeulus about Boxing image; and
on (e) the FDM obtained throught the eye trackippliad to the same Boxing image.
Since there are no specific measures to comparesithdarity between FDMs and
saliency maps created by 3D models, similarity messused to judge saliency maps
for 2D content where applied to each view, reveplingreat influence of the depth
contrast on the 3D VA distribution. A single 3D gapoint is produced by a not-
straightforward triangulation of the two 2D gazern® from both eyes that relies on the
system calibration. While 3D cases require a volumealibration, for 2D stimuli the
calibration points can be shown on the screens(itlear when the viewer looks
accurately at a point, as 2D coordinates are knawmcth the 2D gaze can be exactly
tracked on the screen plane). Also the presentéinosm of each stimulus is a key in an
eye-tracking experiment, being set to 15 s (longcomparison to 2D eye-tracking
cases). The impact of that time on the resultirqugd truth FDM were based on the
FDMs obtained with different viewing durations (fmol to all the 15s), having the
model presented a better performance than 2D modéle Depth Saliency map itself.
The models performance does not decrease with getgoresentation time, while it
might be affected for a less than 10 seconds cfgmtation to create the ground truth
FDMs.

Saliency, attention and visual search: an informatin theoretic approach[53]

This proposal for saliency computation is builtiesty on computational constraints but
results in a structure similar to that appearinthmvisual cortex. Various visual search
behaviors are emergent properties of the modellar@fore basic principles of coding

and information transmission.

The AIM model is based on a premise that localigalilency computation serves to
maximize information sampled from one’s environmenhhe source code used is
pubicly available and its default parameters aedua [21], with the rescaling factor

was set to 0.25 (input image was rescaled to atejuaf its original size before being

processed) to speed up the computation.



Saliency detection: a spectral residual approacfb4]

The first step towards object recognition is objgetection, extracting an object from
its background through specific categories of disje¢his simple method for visual
saliency detection, independent of features, cakegoor other forms of prior
knowledge of the objects, analises the log-spectofimn input image, extracts the
spectral residual in spectral domain, and, in arfeenner, constructs the corresponding
saliency map in spatial domain. This model wasetksin both natural pictures and
artificial images such as psychological patternse Fourier spectrum is calculated
based on luminance only and the image spectraluakis analised. The source code
used is pubicly available and the default paramsedes applied when this model is used
in [21].

A model of saliency-based VAor rapid scene analysig52]

This VA system is anchored in the early primataug&issystem behavior and neuronal
architecture, where neurons are represented asitapze. Parallel low-level visual
multiscale image features extraction leads to thespicuity maps of colour, intensity
and orientation contrasts, which are combined mtsingle bottom-up topographical
saliency map, modeled as a dynamical neural netwidik features types applied are
essential to the system efficiency and, as its nampsdiverse, as also as the dynamic
ranges and extraction mechanisms, protruding abpthin maps can be masked by
noise or less prominent objects existent in a fangenber of maps.

The saliency map feeds synaptic interactions, a@mguthat all the locations are
removed, except the most active, thus portrayimgdbnspicuity at every visual field
location, in a decreasing scalar quantity of salefthe value on the map refers to the
saliency intensity on the spot, where it is theubof attention), using feedback to
search the next most prominent locations. The reafiespatial distribution guides the

locations selection.

Saliency Toolbox 2.355]

This collection of MatlaB functions and scripts calculates the 2D salienap mof an
image and is also useful to determine the exten& @roto-object and for serially
scanning a image with a focus of attention. It nexguany computer and operating
system that runs Matl&release 13 or later with the image processingotmol This is

not a feature richness system and does not haast @focessing speed, but it can be

39



used tois useful for computing the saliency mapttending to salient proto-objects in
an image in a transparent and platform independeyt The MatlaB source code,
saliencytoolbox, is publicly available and the satly maps were obtained on [21] by

performing the 'batch- Saliency’ command with ddfgarameters.



4. Experimental evaluation

4.1. Objective Measurements

This chapter describéle bjective measuremend®ne in this work to reach the rest
to be discussedmagesROls were determined from each oneEBM from [1], creating
binary masks.Noise wis then added (Gaussian or a Speckée)the images are
correspondent to its binary mas 3D sequences generated wareombination of
noisyand a brightness vie (considering that their arrangememdy have influenced on
the work purpose, acoding to the viewer dominant €). Analysis and test sequen
were classified according tche parameters to be analys#ue noise being inside
outside the ROlthe type of nois, its intensity and the 3D viewhere i is contained.
Only somesequencewere selected fobeing used on the still images subjec
evaluation.
In this work, it wa considered thievery pixel of the RGEBolour model computes ar
bit luminance cpy tone value between 0 and (from the lesgo the most satured
degree) via the formula:

Eqg. 4.1: Luminance =0.3*R+0.59*G + 0.11 *

In imageswith all saturated cours (value 255), thauminance value is proportional
the weighted RGEBomponeni sum (notice thad.3 + 0.59 + 0.11 = 1). Therefore, the
distribution of light and dark tones range in cared images wamapped bgray tone

range in iminance value.

(@)
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(b) (c) (d)

Figure 4.1: (a) 3DGaze database Boxing image leftle brightness; (b), (c) and (d)
respectively, its B, G and R components.

The 3DGaze database was used in this experimeathl. SThese images were arrays of

luminances degrees of each chrominance, as it eaeén on Figure 4.1. The original

images were distinguished through new names gwveach one of them.

Image Name Views Resolution Image Name Views Resolution
01 Art LR 1278X1080 k 10.R
1L 10 Rocks 0L 1192x1080
02 Bab 2R 1191x1080 i 11 R
y 2 L 11 Boxing 11 L 1920x1080
03 Books 3R 1282x1080 2 I 12_R 2
m 1 Ha L 1920x1080
04 Dolls — 1279x1080 b 13 R
4L 13 La BL 1920x1080
5 R 14 R
05 | Laundry 1228x1080 14 Report 1920x1080
5L 14 L
6_R 15 R
06 Merchan 1274x1080 15 Phone — 1920x1080
6 L 15 L
‘ 7 R 16 R
07 Objects 71 1286x1080 16 Football 6L 1920x1080
08 Plastic 8.R 1194x1080 17 T 17.R 1920x1080
8 L ree 17 L X
‘ 9 R 18 R
09 Things 9 L 1247x1080 18 | Umbrella 8L 1920x1080

Figure 4.2: Images names and respective originalzgs.

At Figure 4.2 it can be seen the names given th éaage, its views and original
resolutions. To convert the images (originally tve PNG format) into still images
(YUV format), a Matlaf§ script was generate to add a gray pixels coluntheriginal
PNG images Baby, Dolls and Things, such as thewlagion width and height values
became both odfl Those images needed in that process to be chdrayadarrays of

uint8 values into arrays of double values.

% width and height values not divisible by 2 are not supported in YUV format.



Figure 4.3: Fixation Density Map (FDM) of the Boxing image.

Figure 4.3is an example cthe FDMs created on [1]sing all gaze points recorded
the eyetracker from both e), considering the eye mements’ position and durati.
The leftgaze points map was created by directly using #xe gositior coordinates,
while the right onavas createby adding a displacemenh each rigt-eye gaze point
coordinatesA disparity mapindicates each gazed poidisplacementand the gaze
points maps were summed athe noise was addedhé eye trackeand the visual

accuraciedoth decrease accordinc [21].

(b) (€)
Figure 4.4: The masks ofeft Boxing image: Mask128, Mask170 anilask100, respectively.
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In order to add noise specifically to the most dixegions, ainary mask, with the
same size of the SRC relates to that original imalgen a constant value is subtracted
from each FDM pixel, being the noise added considethe 0 and 255 values as
determining the ROI borders (generating the geddcap nature ROIs). Three ceiling
pixels values (100, 128 and 170) were chosen tesbd as the constant values.

The mask chosen to be used in this work was thekM¥s because of its greater
coverage area, as it can be seen on the compalismnin the Figure 4.4 between the
three constant values chosen (128, 170 and 1Q8gctdgely), such that the analysis of
the added noise was made easier.

(a) (b)

Figure 4.5: The left and right Boxing images, eachne overlapped by its correspondent
Mask100.

In Figure 4.5 it can be seen an overlapping ofotfiginal Boxing image views and each
correspondent FDM Mask100. Each 3D sequence gedenats chosen to be a
combination of a noisy and a SRC brightness viemsitlering that their adopted order
may influence on the purpose of the work, accordintpe viewer dominant eye.



NOISE VARIABLE1 VARIABLE2 Level
0.01 0.002 1
GAUSSIAN 0.002 2
0 0.003 3
001 | - 1
SPECKLE 0.02 | e 2
006 | - 3

Figure 4.6: Noiseparameters: Variable 1 are the Gaussian mean and the Speck
multiplicative values; Variable 2 ir the Gaussian variance valut

The noises appliedere the Gaussian and the Speckle due to a fattitythe Matla®
provided: its functionmnoise adds noise of a given type am intensity imac. Some
parameters we also possibly select there (every number \s normalized,
corresponding to operations with images with intgsranging from 0 to 1), being tl
mean and variancie Gaussian parameterhe default values we zero mean noise
with a 0.01 variace, applied when no parame were metioned). The Specklnoise
added anultiplicative nois to the image |, consideringe equation J = [+n*l, where
was anuniformly distributed random noise with mean 0 aadiance ' (the default for
v was 0.04). Thanoise type’ parameters wer specified as if the image were of cl
doublein the range [0, :: if the input image was uint8 or uintlé,was converted by
the imnoise function to doublethe noise was added accordinglgd then the noisy
image was convertetback to the same clasas the input.Figure 4.6 shows the
parameters (variables) randomly selected for noise The Level were related to the
noise intensity [56].
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(b)
Figure 4.7: Examples of NonRO and ROI noisy images

The noise was addddside or outsidethe images ROI (RObr NorROI), through a
Matlab® algorithm. An examp is exposed on Figure 4.Where thee are a Boxing
image, left view NonROIGaussian Mask100 nois&ith mean and variance valu
respectively of 0.01 and 0.002 i a Boxing image, right view RCBpecklt Mask100
noise, with a raltiplicative value of 0.06.
The open source ANY2YU" is asmall console tool for image conversion into Y!
colour spaceand it was applied to convert the images, originadl PNG format, intc
YUV images Ead still image wathenreduced to a 960x1080 size (with the half wi
and the same height of the lar¢ SRCstill images), to be concatenated, performing
total of 384 3Dsequences (24 teand 360 analysis sequences) tedaThe ffmpeg
multimedia framework waused on that rescaling proce$te ChromaLun algorithm
was created to add tl8RC chrominanceo the images to be evalua. It followed the
command line [57]:
ChromaLuma —isColour 1 -y 1080 —x 960 —| imageToBeEvaluatediv —c SRC.yuv
—out newimage.yuv
where ChromalLuma wsathe command line to call the executable algorithm -
isColourparameter determin if the input file to be read hashly luminance values ¢
if it had also chrominances (or 1, respectively); y and parameters defid the files

" This Project was rewritten from the ground and has reincarnated with a new name, YUVIT, in 2012. But
the version used in this work is the original one, released in 2006 on Sourceforge, named ANY2YUV, created
by Alexander Shashkevych, with the source code licensed under LGPLv3.



dimensions; | and c called the input still imagese used respectively as luminance
and chrominance image sources; and newimage.yutheasame of the final sequence
created.
Then, the LeFrames algorithm was applied to eacin pf still images to be
concatenated, through the command line:

LeFrames —isColour 0 —n 10 —g 10 —y 1080 —x 960.€lftView.yuv —r RightView.yuv

—out outputname.yuv

Where LeFrames was the command line to call thewtable algorithm file; isColour
parameter determined if the input file to be read bnly luminance values or if it had
also chrominances (0 and 1 values, respectivel@ndg set how many times the 3D
still images and the grey sequences would be gkimespectively; y and x parameters
defined the files dimensions; | and r called theuinstill images to be used respectively
as left and right images in the 3D concatenatioat @utputname.yuv was the name of

the final sequence created.
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Figure 4.8: Still images generated.
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Figure 4.8 shows the analysis and test (the Phemgesices, from 1T to 24T) sequences
generated, classified according respectively te: @pplied noise type (Gaussian or
Speckle); the noisy image view (left or right, LR); being a ROI or a NonROI image
(ROI: yes or no, Y or N); and the noise parametatses (intensity level). Due to the
time limit and the purposes of this work, only soofichese sequences were selected for
being used on the still images subjective evaluatibe sequences 11, 23, 29, 35, 63,
66, 73, 75, 297, 309, 197, 203, 242, 245, 343 a&1d Bhe images were, finally, joined
together to be used in the subjective tests andhetime extension of the sum of each

input file amalgamated.

4.2. Subjective validation of attention models

This chapter describes the subjective measurendaris in this work to reach the
purpose of examining the still images quality adaay primarily to the defined ROI.

To conduct appropriate subjective assessments,fitst necessary to select from the
different options available those that best sug plurposes and circumstances of the

51



assessment problem. Thus, ITU recommends sometmmsdof tests conducted at a
laboratory environment or home situation, conceynsize, contrast, resolution and
brightness of the screen, ambient lightning andeofaion angle, but limited to
methods description (choosing a suitable methaul @épends on the purposes). Hence,
more complete evaluation procedures of specifidiegmons needed to be reported,
such as considering the input signal quality aredgburce type, important features to
obtain stable results. ITU recommends that a sesi@s not take more than roughly
half an hour, including explanations (at the begfigrof each session, about the type of
assessment, the grading scale, the sequence amdj)tiand preliminaries. The test
sequences can begin with a few pictures indicativéhe impairments range, which,
together with their type to be assessed, shoultdustrated on pictures other than those
used in the analysis sequences (however of compasahsitivity). The judgements of
these pictures would not be taken into accourtterfinal results [38] [17].

Eye dominance is a main subject concerning 3D vidseymetric schemes and the
overall quality is subjectively evaluated in [58 frepresentative types of asymmetry:
Slightly blurred, Highly blurred, Slightly compres$ Highly compressed, Synthetized,
Interpolated from low resolution, and Interpolatedm very low resolution. It is
verifyied that the dominant eye is determinant aaliy appreciation only on Slightly
assymetric video compression, changing the qui@S by 16% at most. In [59],
claims about the visual or oculomotor significamt@ dominance eye are exposed: the
eye dominance being related to handedness of hketisglominance; the existence of
a single dominant eye for each person; the fadtftraa given test there is a dominant
eye; and the sighting dominant eye serving as gloeentric visual reference point. It is
concluded that none of the common explicit or iripiclaims has been supported by
empirical evidence, and the conclusions reachatdnl8" century first half still seem
applicable. Therefore it is suggested that the tsigkdominant eye is used for
monocular tasks and has no unique functional rolgasion [58] [59].

To make a performance evaluation of quality meteasier to be done it is important
that the test materials databases are publiclyabtaj also being considered that video
require larger storage and bandwidth than stillgesa This work has employed, thus,
the 3DGaze database, the general viewing condiflensubjective assessment of the
quality of television pictures given on [17] andetrACR method for subjective
evaluation. The system used was the autostereastophib& 55ZL2 LED smart TV,

which specifications are depicted in the Annex 9.



The type of changes between both human eyes mi@y cepending on which level «
stereoacuity is to be detected. The term steredpsistereoscopic depth) is commo
referred specifically to the unique impression epth associated with binocular visic
Hence, in this work stereopsis test was then merhed to verify each viewt
perception of depth and th-dimensional structure, using slightly different YUNées
(converted from original PNG images, of the sam&ake database, thwas not used
in the analysis or test ste shown to each eye, sudiat a 3D image vs perceived in

case stereovision wathere. The a test was done tdetermine whichone was the

dominant eye for eaaimorma vision participant.

Figure 4.9: Still imagesfor tests used on the example shown to the evaluatc (4T and 13T).

Each participantaceived instructions on the evaluation methdke types of defects
likely to occur, theratinc scales, the sequences and the sequassmssme duration.
This content wasvritten in Portuguese, printed and shown to thesrdescribed in the
Appendix 8.1. AtFigure4.9 there are examples of still images thate used for tests.
For the analysis itselft was a must to choose only some of the groupsages due t

the time it would bexeeced to be spent on each subjective test.

1A Art 100NonROIO1_L_Gaussian_MO0_V002.yuv brightness_01_R.yuv 11
2A Baby brightness_02_L.yuv 100NonROI02_R_Gaussian_M0_V002.yuv 29
3A Books brightness_03_L.yuv 100ROI03_R_Speckle_MO06.yuv 63
4A Dolls brightness_04_L.yuv 100ROI104_R_Gaussian_MO01_V002.yuv 73
5A Boxing brightness_11_L.yuv 100NonROI11_R_Gaussian_MO0_V002.yuv 197
6A Lab brightness_13_L.yuv 100ROI13_R_Gaussian_MO0_V002.yuv 242
7A Football 100ROI16_L_Gaussian_MO0_V003.yuv brightness_16_R.yuv 297
8A Umbrella 100ROI18_L_Gaussian_MO01_V002.yuv brightness_18 R.yuv 343
9A Art 100NonROI01_L_Speckle_MO02.yuv brightness_01_R.yuv 23
10A Baby 100NonROI02_L_Gaussian_MO0_V002.yuv brightness_02_R.yuv 35
11A Books brightness_03_L.yuv 100NonROI03_R_Speckle_M06.yuv 66
12A Dolls brightness_04_L.yuv 100ROI04_R_Gaussian_MO0_V003.yuv 75
13A Boxing 100NonROI11_L_Gaussian_MO0_V002.yuv brightness_11_R.yuv 203
14A Lab brightness_13_L.yuv 100NonROI13_R_Gaussian_MO0_V002.yuv 245
15A Football 100ROI116_L_Speckle_M06.yuv brightness_16_R.yuv 309
16A Umbrella 100ROI118_L_Gaussian_MO0_V003.yuv brightness_18 R.yuv 345

Figure 4.10:Ordered list of subjective analysissequencespplied.
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The sequences applied in this work originally hdiféerent resolutions, according to
the Figure 4.2, but all the 3D videos generatecehaa1920x1080 resolution and all of
them were generated in a video format colour spdd¥ with a 4:2:0 subsampling.
From the total of 384 sequences (24 test sequeacds360 analysis sequences)
generated, 4 of them were randomly selected tqpked to the tests step (4T, 9T, 13T
and 24T) and 16 to be applied to the analysis sitege chosen based on the parameters
combinations. As it can be seen on the Figure 4tDanalysis sequences were chosen
to evaluate the impact of each sequence charduatenis the viewer perception. For a
posterior comparison, just one parameter diffetsvéen each two sequences: the type
of noise (if it is Gaussian or Speckle), the naigw (right or left — to verify the impact
of the dominant eye), the noisy region (ROI or NGiRto verify the location
influence) or the noise intensity level. As a réstliere were 4 classes of sequences:
Noise, Level, ROl and View. Each class with two sTces presented: a quantity
chosen due to the subjective tests duration, velapecially to the factors that affect
HVS quality when viewing 3D. It can be seen tha tivo sequences to be compared
between each other were not exposed one right taenther: the sequences 1A to 8A
are to be compared respectively with the sequedwde 16A.

Each sequence was composed by a selected stileinepgated 10 times (to reach a 10
seconds exposition time), followed by a 10 secamdy still image (given as a time to
the evaluator judge according to the discrete Hitposcale), being the two existing
views of each sequence concatenated to rearrapgentges as 3D. These sequences
were exposed to the viewers in a 1 frame per secated(i.e., reaching the exposition
time of 20 seconds), preceeded by a full screey fgaane with an image of a number
correspondent to the sequence to be analysed (fpanization purposes of the
analysis), so that the entire analysis video anmexura total of 06 minutes and 08
seconds.

The time of presentation was choosen based onfatitehat, for still pictures on DS
methods, it is said on [17] that a 3 to 4 secoredpience and five repetitions (voting
during the last two) may be appropriate; that thedefs performance do not decrease
with a longer presentation time (while less thars@Bonds of presentation to create the
ground truth FDMs might affect it); and that theses low complexity allow a shorter
observation duration, being the viewing time ofunak content images in eye-tracking
experiments generally set to 5 seconds or morn,jasoncluded on [21]. It is also said

that human memory effects can distort quality ggiif noticeable impairments occur in



approximately the last 10 to 15 seconds of the execpi (the judgement of real service
situations is not representative if video sequenoeger evaluation are limited to 10
seconds). Nevertheless, on this work there weresidebs, but still images sequences,
which also were not from real service situationst bollected from a previously
existent database. So, the 10 seconds limit welieved not to be applied in this
situation [21] [17].

This work was applied to 3D cases, in which themgstrbe considered a period of
adaptation besides the factors that influence humearteption. The environment
configuration was in accordance with the TosRiB&ZL2 LED smart TV specifications
and the display configuration was done based oh {66 viewer distance from the TV
was the recommended nearly 2,2m; the side-by-sidlfoBmat was selected to be
displayed, according to the images views dispdbal;3D viewing position test feature
was used to adjust the viewers positions accordirgyframe face tracking by the built-
in camera under the TV screen. However, it wasradilikely environment, not a lab-
likely: for example, the lightning was not alway® tsame between viewers.

The ffplay media player, based on the ffmpeg mudtia framework libraries, was
applied to the execution of the video displayinigstfthe tests sequence, then, after
clarifying any doubts, the analysis sequence.

55



This page was intentionally left blank



5. Results - discussion

The impact of adding noise to ROI defined by FDM3D images was studied to
evaluate whether the ROI is subjectively identifeesia remarkable part of the scene,
influencing the quality perception. That is, if the&me image with noise in the ROl were
subjectively uncomfortable (perception of lower kifyato the viewer. The parameters
analysed were the noise inside or outside the B@Itype of noise, its intensity and the
3D view where it is contained (respectively ROl i$¢p Level and View). The objective
measurements in this work used geographic in n&@e (not a range of intensities,
but through the use of a binary mask) and the R£&l\was not used as a parameter (the
same binary mask was applied during all the arglysis also as the tendency of
humans fixation on humanoid images (specially omé#u faces), and there was not a
distinction between input images according to themtent.

Autostereoscopic viewing has the benefit that necisp eye-wear is needed and the
possibility of many viewers concomitantly. Howevsmce there is some parallax, the
need of high-resolution devices (larger screen make user less aware of the frame,
minimizing the frame effect) and, to be as a l&g énvironment must be very well-
controlled. However, the expected discomfort duethe sweet spot need was not
noticed on this work. The inconsistency betweenmanodation and convergence,
which may cause sickness after a few minutes (&iyguke) in this work only happened
with some women at the end of the analysis.

35 subjects, ranging in age from 20 to 41 yearstiggaated in the eye tracking
experiment. All subjects were naive in regard te &xperiments and they had either

normal or corrected-to-normal visual acuity.
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Number Mean Round| Std | Confid Mode LE |LERound| Std LE |LEConfid] RE |RERound| Std | RE |RE Confid

Name mean | Dev | interval Mean| mean Dev |[Mode| interval [Mean| mean Dev | Mod | interval
1A 3.54 4 0.95] 0.83 4 3.69 4 1.03 4 0.90 3.45 3 091| 4 0.80
2A 3.57 4 0.85 0.75 4 3.54 4 0.88 4 0.77 3.59 4 0.85 4 0.75
3A 4.00 4 0.80 0.71 4 3.85 4 0.99 3 0.87 4.09 4 0.68 4 0.60
4A 3.91 4 0.89] 0.78 3 3.92 4 0.86 3 0.76 3.91 4 0.92| 3 0.81
5A 2.66 3 0.84] 0.73 2 2.69 3 0.95 2 0.83 2.64 3 0.79| 2 0.69
6A 3.11 3 0.90 0.79 3 3.15 3 0.99 3 0.87 3.09 3 0.87 3 0.76
7A 3.31 3 0.99 0.87 3 3.77 4 0.93 4 0.81 3.05 3 0.95 3 0.83
8A 3.40 3 1.03] 0.91 4 4.00 4 0.71 4 0.62 3.05 3 1.05| 4 0.92
9A 2.94 3 1.16] 1.02 4 3.00 3 1.22 3 1.07 2.91 3 1.15| 4 1.01
10A 2.49 2 0.98] 0.86 2 2.85 3 0.80 3 0.70 2.27 2 1.03| 2 0.90
11A 3.91 4 0.82 0.72 4 4.08 4 0.76 4 0.67 3.82 4 0.85 4 0.75
12A 4.03 4 0.79 0.69 4 4.23 4 0.83 4 0.73 3.91 4 0.75 4 0.66
13A 2.09 2 0.82] 0.72 2 2.31 2 0.95 3 0.83 1.95 2 0.72| 2 0.63
14A 3.17 3 0.82] 0.72 3 3.46 3 0.88 3 0.77 3.00 3 0.76| 3 0.66
15A 2.06 2 1.06 0.93 1 2.54 3 1.13 2 0.99 1.77 2 0.92 1 0.81
16A 2.97 3 0.98 0.86 3 3.46 3 1.05 3 0.92 2.68 3 0.84 2 0.74

Figure 5.1: Analysis sequences subjective results.

In Figure 5.1 there are the subjective tests resiltean, Round mean, Standard
deviation and Confidence interval for every viewjedgements, besides for specifically
each eye-dominant viewer (LE, left eye and RE,trgye), as also as the global Modes
for each sequence evaluated. The outcomes aresadahgcording to the framework: a
comparison between corresponding images pairs YArand 9A, Baby 2A and 10A,
Books 3A and 11A, Dolls 4A and 12A, Boxing 5A ar@iAl Lab 6A and 14A, Football
7A and 15A, Umbrella 8A and 16A) determines theap@eters variation to be

evaluated (Noise, Views, ROI, Level).

Noise
5
4
g ; mArt 11 (1A)
3 I U 1 B B Art 23 (9A)

Football 297 (7A)

R ===

1 3 5 7 9 11131517 19 21 23 2527 29 31 33 35

Viewer

Figure 5.2: Noise parameter results.

In Figure 5.2 there is a graphic with the subjecttests results about the Noise

parameter. It can be noticed that the Gaussiare maid less impact on quality, as it was



observed a superior MOS. The fact that the Art eaqes were of a NonROI type while
the Football sequences were ROI did not have infleein the results, as the

comparison was done between each Art sequenceloiFeatball sequence.

Views

4
§ 3 m Baby 29 (2A)
G H Baby 35 (10A)
 Boxing 197 (5A)

H Boxing 203 (13A)

1 3 5 7 9 11131517 19 21 23 25 27 29 31 33 35

Viewer

Figure 5.3: Views parameter results.

In Figure 5.3 there is a graphic with the subjextiests results for the Views parameter.
It can be seen that the quality was mostly cho@seworse when the noise was on the
right view than when the noise was on the left vidveeems to be probably due to the
viewers eye dominance. Although, between the Boseguences the quality variation

was so small that it is inconclusive.

ROI

H Books 63 (3A)

Grade
w

H Books 66 (11A)
m Lab 242 (6A)
W Lab 245 (14A)

131517 192123252729313335

Viewer

Figure 5.4: ROI parameter results.

In Figure 5.4 there is a graphic with the subjextiests results for the ROI parameter. It
could be noticed a inferior MOS when the noise wagde the ROI, what is justified
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due to the viewers had fixed their eyes over tlegton during more time, becaming

higher the distortion.

It was observed that viewers with the right eye ohamce had the tendency of judging
the sequences with the noise inside the ROI asgdetter quality, in opposition of the

opinion of most people with the left eye dominarBet, as the analysis spectrum was

small, the dominant eye information seem to be noksive.

Level

4

% 3 m Dolls 73 (4A)

Ic] B Dolls 75 (12A)
Umbrella 343 (8A)

B Umbrella 345 (16A)

1357 911131517192123252729313335

Viewer

Figure 5.5: Level parameter results.

In Figure 5.5 there is a graphic with the subjextiests results about Level parameter. It
was verified that the quality was judge as worsemtine Gaussian noise applied had a
higher intensity Level and viewers with the lefeeyominance gave in every situation

higher scores than viewers with the right eft egmohance.



6. Conclusion

The Gaussian noise had less impact on quality ®yeckle. Also the quality was
mostly choosen as worse when the Gaussian noidiedpad a higher intensity Level,
when the noise was on the right view and when thisenwas inside the ROI, what is
justified due to the viewers had fixed their eye®rothat region during more time,
becaming higher the distortion.

It was observed that viewers with the right eye ohamce had the tendency of judging
the sequences with the noise inside the ROI asgdetter quality, in opposition of the
opinion of most people with the left eye dominaret, as the analysis spectrum was
small, the dominant eye information seem to be noksive.

It is suggested for future works to apply otheendity levels to the same Gaussian and
Speckle noises or applying other noises, such #saBd Pepper or Poisson, both
available on Matlab. Changing the parameters is algygested for future works, in
such a way that there is more certainty on resdbseved with one do not interfere in
the analysis done with another (such as the eyarndmee interferrying in the viewer
not even noticing if there is any noise, makingripossible to know the opinion about
the others parameters). The combination of theiegtn of more noise levels and less
parameters to be evaluated (without changing theynoew side, for example) could
also be applied in future works, leading to moréimed results. Instead of using a
binary mask, the objective measurements of futumrksv could use a range of
intensities, such as adding noise on the regioaraed by the FDM. The ROI size
could also be used as a parameter (different binaagks being applied during the
analysis) in future works. Also different subjeetimethods could be used, such as a
top-down performance SS or SC method.

A distinction between input images according tdrtkentent could be a parameter for
future works, as also as the study of the diffeeebetween only-luminance and with-
chrominance situations, between still images oeesl a Lab or a Home environment,
an autostereoscopic display or a non-aurostereasdgplay.

The TV used was the first model commercialized wortiyal with a Native 4K
resolution of 3840x2160 pixels and this charadierisould not me exploited. A
database (still images and FDMs) generated to ditistion is suggested for future

works. 3D stereoscopic interlaced images coulddassl un evaluation, in opposition of
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the applied side-by-side positioned images. Moreavetudy about if the viewer angle
position influence on the image perception is satggefor future works, as also as the
expansion of the analysis to other areas, suchskisgaif animals would also look
firstly for animals faces, considering the humaarelsteristic of looking primarily for
human faces or humanoid things. As top down meshanare strongly dependent also
on the semantic information and this work was ledito bottom-up visual interest
(applying the usual limitation to models that cortgpaaliency maps representing the
level of bottom-up visual interest), some top-dovamcepts, such as rarity or surprise
may naturally be included on future works.

Furthermore, more complete evaluation procedurespefcific applications can be
reported in future works, such as considering tiput signal quality and the source

type, important features to obtain stable results.
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8. Appendix

8.1. Instructions to the participants

Firstly a stereopsis test is done, as also ast #oteletermine which eye is the dominant
one for each normal vision participant. Then edelwver receives instructions about the
assessment method to be used, the types of déketysto occur, the sequences rating
scales, the sequences to be used and the timingrssgtassessment. This content is

written in Portuguese, printed and shown to therfiokow.

TESTES DE AVALIACAO SUBJETIVA DE IMAGEM 3D

Obrigada pela disponibilidade para efetuar tesibgtvos.
Nestes testes vocé ira ver diversas imagens 3Dducarca de 10s cada.
No final da visualizacdo de cada imagem, deverdidalarelativamente a um unico

aspectoA percepcdo da gualidade da imagem tendo em comag#® a presenca de

distorcoes visiveis

A qualidade da imagem deverd ser avaliada atrilbutntha classificacdo dentro da
seguinte escala:

5 — Muito Boa

4 —-Boa

3 — Razodvel

2-Ma

1 — Muito M3

Deve observar atentamente cada imagem de modo ,anquénal do periodo de
observacéo, a sua opinido corresponda a um dédses de comparacgao.

Apos a visualizacéo, devera decidir sobre a ciaag#io a atribuir (entre 1 e 5), em um
tempo de 10 segundos.

A sessdo de avaliag&o é constituida pelas segtiasies
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. N Esclarecimento de N L
Adaptagdo Demonstragao David Teste (observagao e avaliagao)
uvidas

No periodo de Adaptacdo sera feito um teste paatifitar o olho dominante. A
seguir, serdo apresentadas imagens como aquelasmioeavaliadas. Este periodo tem
por objetivo familiarizar o seu sistema de percep@8® com a tecnologia e 0s
conteudos que lhe serdo apresentados.

Segue-se um passo de Demonstracdo, em que send@izeidos exemplos de
sequéncias cujo impacto perceptual se pretendeaavéempo: 1). Apdés cada
visualizacdo devera ser efetuada a respectivaifatago (tempo: C). A classificacao
sera atribuida usando a tabela que consta emdqase.

Na etapa de Esclarecimento de Duvidas vocé pod#atar todas as questdes que
considerar pertinentes.

O periodo de Teste consiste em visualizar divessgaéncias () seguidas de avaliagdo

e classificacédo (C). Este periodo terd uma duraggoma de 30 min.

Obrigada pela sua colaboragdo!

TABELA PARA CLASSIFICACAO DE CADA IMAGEM VISUALIZADA

Escala de percepcéo da qualidade da imagem:
5 — Muito Boa
4 —Boa
3 — Razoavel
2-Ma
1 — Muito M3



01

02

03

04

05

06

07

08

09

10

11

12

13

14

15

16
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9. Annex

9.1. 3D Gaze: an eye tracking on 3D images

Database

The 3DGaze image database contains 18 stereosomgges and the associated FDM,
disparity map, depth map, and the raw eye traciatg. Among the 18 stereoscopic 3D
image contents with no impairment provided, 10 faoen the Middlebury College

database and 8 from the University of Nantes. Tiseomly one version of each image
content. The database is provided free of chargs, akeated to measure how different
features (2D or 3D ones) affect the VA distributiand can be used to evaluate the

performance of 3D VA computational models [1].

SRC Name Source name | Preview Description Resolution
01 Art Middlebury ; A painting artist desk 1278x1080
College '
2005 Art

02 Baby Middlebury
College
2006 Baby 1

A baby on a block and in front] 1191x1080
of a map of the world.

03 Books Middlebury
College
2005 Books

Some books on a desk. 1282x1080

04 Dolls Middlebury Some dolls on a desk. 1279x1080
College

2005 Dolls

05 Laundry Middlebury
College
2005

Laundry

Some cleaning stuff on a desq 1228x1080
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06

Merchan

Middlebury
College
2006 Midd:

Some Middlebury
merchandising.

1274x1080

07

Objects

Middlebury
College
2005
Moebius

Some coloured anshapec
different objects.

1286x1080

08

Plastic

Middlebury
College
2006 Plasti

Some plastic objects.

1194x1080

09

Things

Middlebury
College
2005
Reindeer

Some objects at different pla

1247x1080

10

Rocks

Middlebury
College
2006 Rocks

Some Rocks.

1192x1080

11

Boxing

IRCCyN
NAMA3DS1
Boxers

(frame 275

Two boxers training.

1920x1080

12

Hall

IRCCyN
NAMA3DS1
Hall (frame

336)

An indoor hall between tw
buildings.

1920x1080

13

Lab

IRCCyN
NAMA3DS1
Lab (frame

279)

Two girls are working in
chemical laboratory.

1920x1080

14

Report

IRCCyN
NAMA3DS1
PersonRepol

(frame 175

Two men reporting.

1920x1080

15

Phone

IRCCyN
NAMA3DS1
PhonecCall

(frame 245

A man speaking on phol

1920x1080

16

Football

IRCCyN
NAMA3DS1
Soccer

(frame 321

Two men playing footbal

1920x1080




17

Tree IRCCyN Tree branches slow movit 1920x1080
NAMA3DS1

TreeBranche
(frame 300

18

Umbrella IRCCyN 1920x1080
NAMA3DS1
Umbrella

(frame 111

A man using an umbrel

T

Figure 9.1: ore description [1].

The still images employed on the database creatienlepicted ¢ Figure9.1. For each
one, there are the originSRC name, theew name given to be used in this work,
reference of the source from which it was extracteg@review, a brief description ¢

what is the scene about anc resolution.

9.2. Display specifications

The Toshib& 55ZL2is a55" (140 cm) LED Smart TV, with alasse-free 3D panel;
quad tll HD (4x Full HD) resolutio, Intellligent 3D+, 3D Resolutior; 800 AMR
(Active Motion & Resolutior; WiFi® built-in; Toshib& Places online port; personal
TV with 4 user profile and personalized user sgt; Audysse§ EQ sound technolog
with integrated soundk; and colour specificationsblack aluminium with chrom
applications, chrome sta [60].

It has a tracking system whereby a camera buitt ihe TV scans the room for fac
and adjust its viewing sweetspots (util the numbienine possibilities) accordingl

using the Toshilf¥4s Cevo Engine processit

PICTURE

Diagonal Screen Size (cm): 1
Diagonal Screen Size (inch):
Visible Area (H x V): 1209.6 x 680
Screen Format: 16:9

Panel Resolution: 3840 x 21
Brightness (cd/m?): 450

Dynamic Contrast Ratio:000,000:1
Response Time (G to G) (ms
Viewing Angle (°): 178

LED TV

LED Edge

Pro LED 32

Panel Technology: QFHD (Quad F
High Definition)

CEVO ENGINE

3D TV: HD 3D-TV

Glasses-free 3D

2D - 3D Conversion

2D - 3D Conversion incl. Depth Cont
AMR (Active Motion &

Resolution)/Frame Refresh Rate:
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Resolution+

Network Resolution+

3D Resolution+

Intelligent 3D+

24p Mode

Real Digital Picture

Digital Noise Reduction
MPEG Noise Reduction
3D Digital Comb Filter
Active Backlight Control
Ambient Light Sensor

3D Colour Management
Colour Temperature selectable
Manual Picture Size select

Exact Scan Mode

PICTURE MODE
AutoView

Dynamic

Game

Movie: Hollywood 1 & 2
PC

Standard

Store

EXPERT SETTINGS

Hollywood Day/Night/Pro

3D Colour Management

Greyscale Settings

Gamma Settings

RGB Filter

Integrated Universal Test Pattern
601/709 Colour Decoding Selection
Copy to All Inputs

HDMI™ Information

Auto Calibration

AUDIO

NICAM Stereo

Audyssey® EQ

Virtual Surround Sound

Dolby® Technology: Dolby® Digital
Plus

Dolby® Volume

Sound Navi

Number of Subwoofers (built-in): 1
Sound Output (RMS) in W: 2 x 10

TUNING

TV Standards: PAL I/BG/DK; SECAM
BG/DK/L, NTSC BG 4.43

Number of Channels: ATV (100) R
DTV (9999)

Analogue

DVB-T

DVB-T2

DVB-C/DVB-C (HD)

DVB-S/DVB-S2 (HD)

H.264

DVB Common Interface+ (Cl+)

NTSC Video-Playback

Auto Set-up

INTERACTIVE FEATURES

Digital Text

Text Page Memory: 500

Electronic Programme Guide 8 Day

Now and Next Information



Favourite Channel Memory

USB FEATURES

Picture (USB): JPEG

Audio (USB): MP3, MP4

Video (USB): AVCHD, AVCHD Lite,
H.264, MPEG2PS, mpg,
mpeg, MPEG2, MP4, mp4, m4v

mts, ma2ts,

SMART TV

PVR Record (to external USB storage
device)

WIiFi® (Built-in)

WIFi® Protected Setup (WPS)

DLNA

DLNA DMP

DLNA DMR

Toshiba Media Controller compatible
Compatible with Windows® 7

BBC iPlayer (UK only)

Toshiba Places

Camera integrated: Yes (for 3D Control)

Toshiba AppsConnect

PERSONAL TV

4 User Modes

Personal Picture Setting
Personal Volume Setting
Personal Favourite List

Personal Recording Management

OTHER FEATURES
Freeze Screen

Timer

Panel Lock
Auto Format
4:3 stretch
No Signal Off

HOTEL FEATURES
Clone Mode

CONNECTIONS

HDMI™ (back): 4

MHL

2160p, 1080p, 1080i, 720p, 720i, 576p,
576i, 480p, 480i

24Hz (24p)

HDMI™ Audio Return Channel
HDMI™ Audio Content Enhancement
HDMI™-CEC

INSTAPORT™

LAN

Component Video

3.5mm Component Adapter
Composite Video

3.5mm Composite Adapter
SCART

3.5mm Scart Adapter
Analogue audio (Cinch)

Audio (mini jack)

PC Input

uUsSB

Number of USB: 2

Digital Audio Out

Headphone

Subwoofer
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STORE MODE
Digital POP Demo

Resolution+ demo

POWER SUPPLY

Line Voltage (Volt/ Hz): 220-240/50-60
Power Consumption EN62087 - Home
Mode (W): 236

Power Consumption EN60065 -
Maximum power (W): 297

Power Consumption - Stand-by (W):
0.2/0.0 with AC adapter

Yearly Energy Consumption (average

KWh): 345

ECO

EU Eco Label

Energie Label: D/power switch exist
Lead (Below ROHS

Directive limit including exemptions)

Presence of

Mercury Content (mg/kg): < 0,1

DIMENSIONS

Width (mm): 1253

Height without Pedestal Stand (mm):
755

Height with Ped.Stand (mm): 832

Depth without Ped.Stand (mm) - Top

section: 40

Depth without Ped.Stand (mm) - Bottom
section: 58

Depth with Ped.Stand (mm): 357
Weight without Pedestal Stand (kg):
27.8

Weight with Ped.Stand (kg): 30.5
Packed width (mm): 1632

Packed depth (mm): 254

Packed height (mm): 839

Packed weight (kg): 30.5

CABINET

Swivel stand

Wall Mountable (VESA): 400 x 400
(M8)

ACCESSORIES
CARTON BOX)
Remote Control (Type): CT90394
Remote Control Battery: RO3(AAA) x2
TV Stand Integrated

(INCLUDED IN

Instruction Manual: Quick Guide D, E,
F, I, SP, NL, PL, P, GR, FIN, DK, NO,
S,RU, TR, HU, CZ

3.5mm Component Adapter

3.5mm Composite Adapter

3.5mm Scart Adapter



