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Abstract

Over the last few years, 3D video has been gaining interest with a fast pace. It can be
regarded as a type of visual media that expand the capabilities of a 2D video by providing
depth sensation of the observed scene. 3D video applications require Multi-View content
(MVV) with a very large number of views, captured by several synchronized cameras from
different viewpoints. As this huge amount of data is making its way to consumers, its trans-
mission over existing bandwidth-limited infrastructure is a great challenge. Consequently,
efficient compression is essential to store or transmit MVV streams. Based on these consid-
erations, Multi-view Video Coding (MVC), an extension of the H.264/MPEG-4 AVC stan-
dard, has been developed to address the encoding of MVV content. MVC takes advantage
of the redundancies exiting between views to achieve high coding performance. However,
one major problem with MVV systems is linked to illumination and color variations between
views. These color mismatches may impair both coding performance and rendering quality.
To fix this issue, we propose a preprocessing method based on an improvement of the his-
togram matching for correcting these color discrepancies between views. Furthermore, this
thesis tackles the problem of stereoscopic video (i.e., 2 views only) coding by relying on an
asymmetric coding method that exploits the binocular suppression theory. For this point,
based on recent findings on binocular perception, a fully automated model that dynami-
cally determines the best level of asymmetry is proposed, thus offering optimal 3D visual
experience. Finally, in 3D imaging systems, it is desirable to assess degradations and to
predict the perceived quality of 3D content in line with the human visual system (HVS).
Therefore, reliable quality evaluation metrics are really needed, in order to guarantee the
final 3D viewing experience. To this end, this thesis presents three novel quality assess-
ment metrics for stereoscopic images. Thanks to the integration of the perceptual binocular
characteristics, these metrics handle effectively the asymmetric distortions of stereoscopic
images.

In light of these developments, relying on the perceptual characteristics of the HVS,
several methods have been presented in this thesis, thus covering the end-to-end 3D video
system, from preprocessing to quality assessment, through coding, with the aim to provide
an optimal quality of experience.

Keywords : 3D Video, Multi-view Video, Stereoscopic video, Multi-view Video Cod-
ing, H.264/MPEG-4 AVC, Asymmetric Coding, Color Correction, View Rendering, Depth,
Binocular Just Noticeable Difference, Quality of Experience.



Résumé

L’avénement de la 3D stéréoscopique a suscité un grand intérét a la fois chez les profession-
nels et le grand public. Nul doute que cet intérét est lié a I'effet immersif et I'impression de
profondeur que procure la 3D. Au-dela des données stéréoscopiques, les vidéos multi-vues
(MVV : Multi-View Video) permettent d’étendre les capacités de la 3D avec un vision-
nage sans lunette et un accés a différents points de vue de la scéne. Ces séquences MVV
sont constituées de plusieurs vidéos captées avec un ensemble de caméras. Cependant, cela
se fait au prix d’une taille de données considérable endiguant leur transmission sur des
infrastructures avec une bande passante limitée. Par conséquent, l'usage d’une solution
de compression efficace devient crucial pour stocker ou transmettre les flux MVV. C’est
pourquoi la norme H.264/MPEG-4 AVC a été étendue avec le profil Multi-view Video Cod-
ing (MVC). Ce dernier exploite la forte corrélation existant entre les vues en plus de la
corrélation temporelle. Cependant, les systémes d’acquisitions multi-vues peuvent générer
une non-uniformité¢ de luminance et/ou de chrominance entre les vues. Cette variation
de couleur peut affecter négativement les performances de codage et la qualité du rendu
visuel. Pour pallier & ce probléme, nous proposons une méthode efficace de prétraitement
basée sur une ameélioration significative de la méthode histogram matching. En outre, cette
thése s’atéle au probléme de la compression des vidéos stéréoscopiques en proposant une
méthode de codage asymétrique exploitant la théorie de suppression binoculaire. En nous
basant sur les récents résultats sur la perception binoculaire, nous proposons un modéle
entiérement automatisé qui détermine dynamiquement le meilleur niveau d’asymétrie en-
tre les vues, offrant ainsi une expérience visuelle 3D optimale. Enfin, dans les systémes
d’imagerie 3D, I’évaluation de la qualité percue est une étape primordiale pour la valida-
tion des solutions développées. Méme si ’évaluation subjective reste ’approche la plus
fiable, il est indispensable de disposer de métriques de qualité se rapprochant du jugement
humain. C’est ainsi que nous avons proposé trois nouvelles métriques de qualité dédiées aux
images stéréoscopiques. Grace a 'intégration des caractéristiques de la perception binoc-
ulaire, ces métriques évaluent efficacement les distorsions asymétriques dans les images
stéréoscopiques.

A la lumiére de ces développements et en s’appuyant sur les caractéristiques per-
ceptuelles du SVH, plusieurs méthodes ont été présentées dans cette thése, couvrant de
bout en bout la chaine d’exploitation des vidéos 3D, allant du prétraitement a I’évaluation
de la qualité, en passant par le codage, et tout cela dans le but de fournir une qualité
d’expérience optimale.

Mots clés : Vidéo 3D, Vidéo Multi-Vues, Vidéo Stéréoscopique, Codage de Vidéos
Multi-Vues, H.264/MPEG-4 AVC, Codage Asymétrique, Correction de Couleur, Rendu de
Vue, Profondeur, JND-Binoculaire, Qualité de I'Expérience.
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(zeneral Introduction

In the last few years, visual media have changed significantly and evolved consider-
ably. The two main significant and remarkable changes are linked to the increase
in resolution and the extension in spatial dimension. Figure 1 shows the historical
development of visual media.

For instance, we can see the gradual evolution of video from black /white to color,
and then an increase in frame rate and spatial resolution. However, 2D monoscopic
video only offers a plane perception, which is quite different to what the human
experiences in a natural environment.

As a consequence, with the aim of increasing quality of experience (QoE), re-
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2 Introduction

search and development in 3D video are attracting sustained interest. In recent
years, great efforts have been made to bring a more realistic 3D visual experience
to consumers. 3D image/video is introduced in our daily life through various multi-
media applications including cinema, TV, Blu-ray Disc, PCs, smart phones, broad-
casting, etc. As an evidence for this consumer interest is the significant increase
in the production of 3D contents. For example, the world’s leading manufacturers
of consumer electronics expect that, in 2017, 3D-enabled TV will account for 58%
of all TVs sold across the globe, rising from 18% in 2013 [1]. This great consumer
acceptance is partly due to the recent advances in capturing, coding, and display
technology, but also thanks to the 3D feeling of immersion.

Two major 3D video applications may be cited, the 3D television (3DTV) and
free viewpoint video (FVV). 3DTV delivers to viewers a feeling of immersion, by
bringing an additional dimension (depth) for the perception of the scene, while FVV
allows the user to change his viewpoint and viewing direction within a scene in an
interactive manner. However, to enable such applications, the acquisition of multiple
video sequences (N views) is required. When only two views (N = 2) are used, we
talk about stereoscopic video. The set of N video sequences is acquired from the
same scene with slightly different viewpoints, usually referred to as Multi-View Video
(MVV). In sight of the huge amount of data created by MVV, depending linearly on
the number of views, storage or transmission becomes not plausible in media delivery
systems, such as broadcasting, multimedia streaming services, and other commercial
applications. Therefore, efficient compression methods are of paramount importance
for streaming MVVs while preserving the QoE.

In this direction, the topic of Multi-view Video Coding (MVC) has been and still
an active research area. Consequently, the 2D video coding standard H.264/MPEG-
4 AVC has been extended to support MVC. The adopted MVC schemes have been
designed under the assumption that each camera view, in the MVV system, cap-
tures the same scene from slightly different perspectives, and are therefore highly
correlated. MVC combines temporal and inter-view predictions, where frames are
not only predicted from their temporal neighbors but also from corresponding ones
in adjacent views. Compression efficiency is significantly increased compared to the
simulcast approach encoding each view independently.

Scope of the thesis

One major problem with multi-camera systems is the color balance between indi-
vidual cameras. Since MVV is captured from different viewpoints with multiple
cameras, significant illumination and color inconsistencies can be observed between
views. These color mismatches reduce the correlation existing between views, and
therefore can significantly decrease the compression efficiency. Furthermore, these
inconsistencies can negatively affect rendering of new virtual views that will appear
unnatural. This aspect may be annoying when viewers switch between the different
views, thus affecting their QoE.



Introduction 3

Compression of MVV remains a great challenge towards the design of advanced
3D video systems. Most of the previous developed approaches have mainly focused
on bit-rate gain while neglecting the perceptual aspect. In parallel, we have noticed
a huge increase in the use of perceptual approaches to improve the performance
of image processing techniques. Among these promising techniques, we can quote
those used for coding stereoscopic 3D content, known as asymmetric coding, i.e.,
one of the views is provided with lower quality than the other. Thanks to the
binocular suppression theory, the fused perceptual 3D image is dominated by the
higher quality view. However, despite abundant works devoted to this concept,
there are still unresolved issues, such as the problem of determining the best level
of asymmetry between the views.

Indeed, the performance of 3D imaging systems must be determined and pre-
dicted in order to guaranty the optimal 3D visual experience for the end user. As
human observer is the ultimate receiver, subjective tests remain the best way to
assess the perceived 3D image quality. However, such experiments are time con-
suming, not feasible for real-time applications, expensive, and depend strongly on
the observer context (personal experience, emotional state, etc.). Therefore, objec-
tive measurements are required to assess and predict automatically the perceived
quality of 3D content in line with the HVS.

To this end, this thesis is focused on the aforementioned issues and has led to
the following scientific contributions:

e An effective color correction method of MVV is proposed, with the aim to
enhance coding performance and view rendering quality.

e Based on recent findings in binocular perception, a fully automated model
is proposed. The latter dynamically determines the best level of asymmetry
offering optimal 3D visual experience.

e Three quality assessment metrics are proposed for stereoscopic images. Thanks
to the incorporation of perceptual binocular characteristics, these metrics han-
dle effectively the asymmetric distortions of stereoscopic images.

Thesis outline

This thesis is divided in six chapters. Two of them are dedicated for the review of
existing literature related to the work presented in this thesis. In this review, the
fundamental concepts are described providing a basis for the methodological and
experimental developments in the rest of the thesis. Three chapters corresponding
to each of the contributions and a final one draws conclusions and future work:

Chapter 1

This chapter outlines the theory relevant for understanding the 3D perception.
Therefore, we give an introduction to the HVS, and its main features related to
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depth perception. Next, some important HVS models are described, which are
exploited in the different proposed methods.

Chapter 2

This chapter, first, reviews the major 3D video applications. Next, a state-of-the-art
of 3D data representations enabling 3D video services is presented. Following that,
the principe of video coding algorithms is introduced, and finally coding algorithms
for MVV are described.

Chapter 3

In this chapter, the issue of color inconsistency in MVV is addressed. This chapter
presents a preprocessing color correction method to enhance coding performance
and rendering quality, and thus increasing the quality of experience.

Chapter 4

This chapter is devoted to the issue of asymmetric coding for stereoscopic 3D. In this
chapter, the focus is put on identifying the just noticeable threshold of asymmetry
between views of the stereo pair, for which the stereoscopic 3D effect is not affected.

Chapter 5

This chapter is dedicated to 3D image quality assessment. It presents three image
quality assessment metrics for stereoscopic images designed to handle effectively the
asymmetric distortions, by incorporating HVS characteristics.

Chapter 6

The last chapter provides a summary of the contributions of this thesis and gives
future directions.
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1.1 Introduction

It is obvious that multimedia systems have improved the human’s quality of life.
For many years, researchers in industry and academia have been working on pro-
viding realistic feelings of immersion to viewers. Accordingly, multimedia systems
have evolved exponentially during the past century to provide richer content to the
users. Recently, there has been a lot of interest on the part of technology suppliers,
broadcasters, and content providers to bring 3D video to the consumer. To this end,
a new set of 3D video applications have been introduced to the user through various
consumer devices. The impact of these technologies are almost comparable to the
introduction of color television in the 60s.

3D video is commonly known as a type of visual media that provides the illusion
of depth perception. In order to provide this sensation of depth, the 3D video
technologies are based on exploiting the properties of the human visual system
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(HVS). Therefore, it is essential to understand the vision’s mechanisms behind depth
perception, in order to provide a satisfactory quality of experience (QoE).

HVS is based on complex mechanism requiring the coordinated work of many
components including the eyes, neuronal pathway to the brain and the brain. This
complicated structure gives the ability to process the visual informations. HVS
perceives visual stimuli from natural environments via the two horizontally located
frontal eyes, and form a three-dimensional percept using the two corresponding
responses generated in the primary visual cortex of the brain. Inspired by this,
the different 3D video delivery systems try to simulate this biological mechanism
such that they reproduce a 3D viewing experience as close as possible to what
humans naturally view in real life. The main followed direction adopted in 3D
video technologies is to fool the brain by providing two disparate views of the same
scene to each eye in order to generate a positive or negative disparity that will be
interpreted as depth.

The rest of the chapter is organized as follows. Section 1.2 addresses the human
visual system and the basic concepts of depth perception. Following that, Section 1.3
describes some perceptual computational models that are relevant to the proposed
methods introduced in the following chapters. Finally, 1.4 summarizes and concludes
the chapter.

1.2 Basic concepts of depth perception

Human vision is a very complex process that is still not fully understood. In this
section, we explore some key concepts playing a role in 3D viewing.

First, a review of human vision is given. Afterwards, depth perception process
and depth cues allowing the human to perceive its three-dimensional environment
are discussed.

1.2.1 Anatomy and organisation

Vision is the most important senses, since 80-90% of all neurons in the human brain
are involved in visual perception [9]. Therefore, human vision is a very complex neu-
ral process that enables the perception of our surrounding environment. The HVS
can be subdivided into two major components: the eyes, which capture light and
convert it into signals that can be exploited by the nervous system, and the visual
pathways in the brain, along which these signals are transmitted and processed.
The eye is the first organ identified as responsible for vision. In the first stage,
a visual image in the form of light passes through the conjunctiva, a transparent
area covering the front of the eye, and then passes through the following optical
components: the cornea, the aqueous humour, the pupil, the lens, and lastly, the
vitreous humour, as illustrated in Figure 1.1. After crossing the optics of the eye,
the light is projected onto the retina, the neural tissue at the back of the eye. The
result is referred to as a retinal image. When light hits the retina, two types of
photoreceptor cells (rods and cones) get excited depending on light intensity and
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Figure 1.1: Vertical section of the human eye (left), and an overview scheme of the
HVS (right) [13].

frequency. The cones are responsible for vision in photopic conditions and high
resolution color vision, while the rods are responsible for vision in scotopic conditions
and peripheral vision. The cones are highly concentrated at the center of the eye,
in a small area called fovea, and are categorized into three types, according to their
sensitivity to the different wavelengths: the L-cones, M-cones, and S-cones (L for
large, M for medium, and S for short). Due to this three subgroups, humans are
able to distinguish three colors (commonly names red, green and blue).

The information encoded in the retina is transmitted through the optic nerve to
the LGN (lateral geniculate nucleus), before being relayed to the visual cortex, at
the back of the brain. The latter is responsible for visual perception. The LGN is
also the place where the information from the left and right eyes is merged. While
images travel through optic tracks, the image is processed in simple ways by neurons
so extra information to the visual cortex is provided. This low level processing is
then used to provide higher level information such as disparity (depth) estimation
or pattern recognition. For more details on human anatomy, please refer to [2,16].

1.2.2 Depth cues

Depth perception is the ability to see the environment in three-dimensions and be
able to evaluate distance of the surface of objects from the observer. The HVS
uses several different cues to comprehend the depth in sensed images. Some cues
require both eyes to be open (binocular), others are available also when looking with
only one open eye (monocular). The depth cues can be classified mainly into two
categories, namely, oculomotor cues and visual cues, as illustrated in Figure 1.2. In
the real world, the HVS automatically uses all the available depth cues to perceive
the depth [66]. These depth cues are discussed in the following.
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Figure 1.2: Categories of depth cues.
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1.2.2.1 Binocular depth cues

Binocular or stereoscopic depth cues are based on the fact that human eyes are
horizontally separated by an inter-ocular distance equal to 6.3 cm on average [15].
Due to this lateral displacement, we get two slightly different images of the same
scene from each eye, i.e., two different retinal images. The difference in image
location of observed 3D points in the scene is called binocular disparity. These
disparities provide the HVS with information about the relative distance of objects
(depth). Thus, this perception of depth obtained from the relative displacement
(binocular disparity) between the two retinal images is a binocular depth cue and
is referred to as stereopsis. Furthermore, binocular stereopsis is most often the only
additional depth cue that current stereoscopic 3D displays provide.

Figure 1.3 illustrates how the geometry of the binocular vision projects slightly
different images on the retinas of the two eyes. If both eyes fixate on the point P,
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Figure 1.3: Basic geometry of horizontal binocular disparities [66].
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then the image cast by that point will fall on the center of the fovea of each eye.
Assume that the point () casts the image « degrees away from one eye’s fovea and
B degrees away from the other eye’s fovea. The binocular disparity 7 in this case is
given as (8 — «), measured in degrees of visual angle [67]. Binocular disparity acts
as the stimulation that enables depth perception with binocular stereopsis. It has
both a magnitude and a direction. Let the angular disparity stimulated by point @)
be denoted by 7q,

nQ = (8 —a) (1.1)

Geometrically, it can be proven that the disparity is directly proportional to the
depth (d) of the point @ with relatively to P, and inversely proportional to the
square of the viewing distance v

e-d

— (1.2)

’I’]%

where e is inter-ocular distance. Similarly, the angular disparity caused by the point
R(ng) is given as in eqaution (1.3):

nr=(=f)—a=—-(B+a) (1.3)

According to equation (1.1) and equation (1.3), ng > 0 and nr < 0. The brain
interprets this sign difference as the relative positioning of points @ and R relative
to point P. When, Binocular disparity is greater than zero, the brain interprets
that the point is behind the fixation point and vice versa. Thus, binocular disparity
provides stimulation to the brain to perceive the depth of objects, relative to a
fixation point.

Furthermore, the amount of displacement of the points relative to the fixation
point (in outward or inward direction) indicates how much farther or closer these
points are, in depth, compared to the fixation point. Basically, when looking at
the 3D world, the eyes rotate until their optical axes converge (intersect at a single
point). If the point of convergence is projected at the same location on the respective
retinas, this does not produce any retinal disparity. The same holds for all points on
the horopter which is defined by the fixation point and the nodal points of both eyes.
All other points, however, will produce retinal disparities whose magnitude becomes
larger, the further away the 3D points are from the horopter. Disparities that are
caused by points in front of the horopter are said to be crossed (closer point), while
disparities that result from points behind the horopter are called uncrossed (farther
point), as illustrated in Figure 1.4. As long as the crossed- or uncrossed-disparities
do not exceed a certain magnitude, the two separate viewpoints can be merged by
the human brain into a single 3D percept. The small region around the horopter
within which disparities are fused is known in the literature as Panum’s fusional
zone. Points outside this area are not fused and double images will be seen, a
phenomenon that is called diplopia [68].
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Figure 1.4: Illustration of binocular disparity perception. F is a fixation point on
the horopter, D is the point with crossed disparity and C' is the point of uncrossed
disparity.

1.2.2.2 Pictorial depth cues

The pictorial depth cues are the set of cues responsible for depth inferred from static
2D picture captured from one viewpoint. For instance, when closing one eye, one
can still perceive the depth of his surroundings. This ability is possible thanks to
the learning process and previous experience. To infer depth using only one image,
there are several monocular pictorial depth cues that can be used; some of them are
presented below:

Light shading and shadows give knowledge on the shape of the object thanks
to the analysis of the reflection of objects and the casted shadows [7,8] (Figure
1.5(f)).

Occlusion (overlapping, interposition) occurs when a part of the observed object
is masked by another. In this case, the HVS considers the occluding object closer
than the occluded one (Figure 1.5(b)) [3-5].

Familiar size refers to the use of our knowledge about objects of familiar size to
assist our perception of the size and depth location of other objects. If for example
a person and the Eiffel tower were to appear in your field of view and they were of
a similar size, you would perceive the person as being much closer than the Eiffel
tower (Figure 1.5(e)) [6].

Aerial perspective occurs when objects are viewed from very long distances.
This phenomenon relates to the way light scatters in the air, causing objects on the
horizon to appear in faded colors or washed in lower light luminance and contrast,
while objects that are near appear to have vibrant or intense colors with strong
contrast (Figure 1.5(a)) [11,12].

Texture gradient refers to the fact that the texture pattern, its density or
orientation change with distance. The closer we are to an object, more details we
can see of its surface texture. Therefore, objects with smooth textures are usually
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Figure 1.5: Depth information from Pictorial cues.

interpreted as being farther away (Figure 1.5(g)).

Linear perspective occurs with the observation of parallel lines. Such lines
appear to recede and converge in the image into a vanishing point. The distance
between parallel lines becomes increasingly small with the increasing distance to the
observer (Figure 1.5(c)).

Blur/Sharp The amount of blur in the image is lawfully related to its distance
from fixation, and can provide a cue to depth. As the distance from fixation in-
creases, areas closer than fixation blur more rapidly than those farther away (Figure

1.5(d)).

1.2.2.3 Dynamic depth cues

The dynamic cues refer to depth information from motion. Displacement of object
on the retinas over time provides dynamic visual information to the HVS named
optic flow. When the observer moves, the relative movement of objects in the scene
with respect to the point of view may give hints about their relative or absolute
distance. A typical example of this situation is the view from a moving vehicle
window such as a car or a train. If one would look through a lateral window,
far objects will appear to be much more fixed than objects near the vehicle. An
illustration can be seen in Figure 1.6, where the trees near the moving car appear
to move faster than far away trees, the cloud and the sun (which almost does not
move). This difference in the relative movement of near and far objects is referred
to as motion parallar, and the latter provides the relative information about the
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Figure 1.6: Example of motion depth cues; motion vectors are represented by red
arrow; close objects move faster than far away ones.
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Figure 1.7: Accommodation and vergence processes at near and far distance.

distance to an object.

1.2.2.4 Ocular depth cues

When our eyes move to fixate on objects at different distances, feedback to the
brain from eye muscles can provide the brain with information about their location.
These oculomotor cues are of two types: accommodation and convergence. Both of
these phenomena are related to the state of the eye (Figure 1.7), and provide depth
information only for objects that are less than 1 meter or so away.
Accommodation is the tension of the muscle that changes the focal length
of the lens of eye. Thus, it brings into focus objects at different distances. The
muscular activity necessary for this accommodation acts as a signal for the brain to
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generate perception of depth and distance. This depth cue is quite weak, and it is
effective only at short viewing distances (less than 2 metres) and with other cues.

Vergence is defined as the movement of the two eyes in opposite direction to
enable the fixation to a point or region of interest. When objects are very near, the
eyes converge to fixate on them; as the object moves further away, the eyes diverge
to maintain fixation. The brain uses the information it receives about the degree of
rotation as a cue to interpret the distance of the perceived objects. This depth cue
is effective only for short distances (less than 10 metres).

1.2.2.5 Combination of depth sources

As mentioned previously, a huge number of depth information sources can be per-
ceived and used by the HVS. If a real scene is observed with the two eyes, stereopsis
is available. If, instead, a 2D image/video is observed, only static/dynamic cues
are available. Depth perception is the result of the use of many cues with various
degrees, as demonstrated by Cutting et al. [11] and illustrated in Figure 1.8. Many
studies investigate how these cues are combined [17,18], but there is a general agree-
ment in the community that the most reliable cues are the ones obtained when both
eyes operate (stereopsis), followed by dynamic cues and static cues.

1.3 Some perceptual computational models

In the last decade, we have witnessed a huge increase in the use of perceptual
approaches to improve the performance of multimedia processing techniques [79].
Based on the characteristics of the HVS, different models have been developed in
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(a) Heat map (b) Highlight map
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Figure 1.9: Computational modelling of the visual attention.

many challenging areas of image processing such as image coding, enhancement
and watermarking, image quality assessment and so on. In the following we try to
describe some of them.

1.3.1 Saliency models

A very important HVS characteristic to be considered is the visual attention mech-
anism. When we observe our visual environment, we do not perceive all its compo-
nents with equal interest. Some objects draw our attention more than others, either
by their saliency or by our a priori intention. This attention is facilitated by a retina
that contains a high-resolution central fovea and a low-resolution periphery. The
visual attention guides this anatomical structure to important parts of the scene to
gather more detailed information [19]. This ability allows us to remove redundant
visual information and allocate limited perceptual and cognitive resources for the
most relevant parts of our visual field.

Thus, the aim of the computational attention models is to predict the areas
within an image/video attracting human attention. The result of such algorithms is
often an attention map or a saliency map providing higher intensities for the most
important areas (Figure 1.9).

Before introducing the two main saliency computational models, it is important
to define some key terms used in this research field. While the terms attention,
saliency, and gaze are often used interchangeably, each has a more subtle definition
that allows their delineation [19].
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Attention is a general concept covering all factors that influence selection mech-
anisms.

Saliency intuitively characterizes some parts of a scene, which could be objects
or regions, that appear to an observer to stand out relative to their neighboring
parts.

Gaze is a coordinated motion of the eyes and head, has often been used as
a proxy for attention in natural behavior. For instance, a human or a robot has
to interact with surrounding objects and control the gaze to perform a task while
moving in the environment. In this sense, gaze control engages vision, action, and
attention simultaneously to perform sensorimotor coordination necessary for the
required behavior.

Following the psychological experiments, some emerging research focused on
computational models of visual attention. Saliency estimation methods can broadly
be classified, according to which mechanism the cortex is driven, as bottom-up or
top-down models.

1.3.1.1 Bottom-up saliency model

This mechanism describes our focus of attention on salient changes in the environ-
ment in an unconscious fashion; it is fast and most likely feed-forward. Bottom-up
cues are mainly based on characteristics of a visual scene (stimulus-driven), due to
its low level features transmitted to the HVS. A prototypical example of bottom-up
attention is looking at a scene with only one horizontal bar among several vertical
bars where attention is immediately drawn to the horizontal bar.

One of the earliest and the most referenced model is the framework proposed by
Koch et al. [20], and Itti et al. [21]. Figure 1.10 illustrates the general architecture
of this model. Visual input is first decomposed into three independent channels
that represent the most important early visual features such as intensity, color,
and orientation. For each channel, a set of feature maps is then computed by a
center-surround operation which is implemented as the difference between fine and
coarse scales of a Gaussian pyramid. Finally, the overall saliency map is given
by normalizing and linearly combining all these feature maps. Apart from Itti et
al.’s model which is biologically inspired, other pure mathematics-based approaches
have been also proposed in the literature. In [23]|, Gao et al. proposed a simple
definition for saliency using the idea that a pixel is salient if it is distinguished
from its surround. The saliency of a point is measured as the Kullback-Leibler
divergence between the histogram at the point and its surrounding region computed
on the Gaussian (or Gabor) filtered image. In [24], Zhang et al. define the visual
saliency as the conditional probability of finding a target at every location given
the visual features observed. A Bayesian probabilistic framework is then applied to
solve this problem and provide the final saliency map.

While many models fall into this category, they can only explain a small fraction
of eye movements since the majority of fixations are driven by task.
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1.3.1.2 Top-down saliency model

This is a high level feature of the visual cortex. Top-down cues (task-driven) are
determined by cognitive phenomena like knowledge, expectations, reward, and cur-
rent goals. One of the most famous examples of top-down attention guidance is
from Yarbus in 27|, who showed that eye movements depend on the current task
with the following experiment: Subjects were asked to watch the same scene under
different conditions (questions) such as “estimate the material circumstances of the

bRANAA

family,” “what are the ages of the people?”, or simply to freely examine the scene.
Eye movements differed considerably for each of these cases.

Some top-down factors in free-viewing are already known although active in-
vestigation still continues to discover more semantic factors. For instance, Ein-
hauser et al. proposed that objects are better predictors of fixations than bottom-up
saliency [28|. Elazary et al. showed that interesting objects are more salient [29].
Cerf et al. showed that the meaning objects such as faces and text attract human
attention [30].

According to the results of these methods, the basic idea is that a weighted
combination of features, where weights are learned from a large repository of eye
movements over natural images, can enhance saliency detection compared with un-
adjusted combination of feature maps.

Current computational models of visual attention mainly focus on bottom-up
much more than top-down mechanism. However, visual attention is assumed to
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be guided by a combination of at least these two factors. Some studies about the
top-down visual attention as well as models incorporating these two mechanisms
can be found in [25,26]|. To explore in more detail the saliency models, the reader
is referred to [19].

1.3.2 Just Noticeable Difference

Typically, the various image processing tasks process the visual signal with the aim
to improve its visual quality, reduce its representation or to protect its content.
It is well known that the HVS cannot detect all changes in an image due to its
underlying physiological and psychological mechanisms. Therefore, since the HVS
is the ultimate receiver of the visual signal, it is advantageous to integrate the HVS
visibility thresholds into image processing algorithms. This allows to avoid altering
the sensitive regions and to be more aligned with human perception [31].

Just-noticeable difference (JND) refers to the visibility threshold below which
any change cannot be detected by a standard observer [32]. In other words, JND can
be defined as the minimum amount by which a stimulus intensity must be changed
relative to a background intensity in order to produce a noticeable variation in
sensory experience [260]. The determination of the JND is complex and is related
to the HVS characteristics. Therefore, before describing some main JND models,
it is important to introduce the HVS features on which the JND is based, namely,
contrast sensitivity, luminance adaptation, and contrast masking.

Contrast masking

Masking is a general concept referring to the reduction of visibility of a target signal
(the masked) due to the presence of another (masker). The contrast masking effect
is the minimum contrast value (threshold contrast) necessary for an observer to
detect a change in intensity. It is measured by superposing target stimulus onto the
masker stimuli, and varying the masker contrast until to detect a stimulus masked.
Generally higher masking contrast and larger similarity between the masker and
the target in their spatial frequencies, orientations, and phases will lead to higher
masking effect [33,34].

Luminance adaptation

Also called luminance masking refers to the variation of the HVS sensitivity to a
wide range of background luminance. Outside of this range, our intensity discrim-
ination ability deteriorates. This implies that background mean luminance masks
the luminance variation, i.e., higher the background mean luminance, the stronger
the masking effect is.
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Contrast Sensitivity Functions

Contrast is a key concept in vision science because the information in the visual
system is represented in terms of contrast and not in terms of the absolute level
of light. Thus, relative changes in luminance are important rather than absolute
ones [260].

The contrast sensitivity function (CSF) models the sensitivity of the HVS as a
function of the spatial frequency content in visual stimuli. CSF is the inverse of the
contrast threshold and it derived from psychophysical experiments. A typical CSF
is shown in Figure 1.11(a). In general, the CSF has a band-pass nature. The peak
sensitivity is around four cycles per degree of visual angle and drops significantly
with increasing frequencies [207|. This effect is demonstrated in Figure 1.11(b),
which is widely known as the Campbell-Robson CSF chart [35]. In this figure, the
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minimum and maximum amplitude along a horizontal line through the image remain
constant. However, one will have the impression that the intensity is smaller on the
left and right. This perceptual intensity represents the notion of contrast sensitivity.

1.3.2.1 JND models

In the literature, several JND models have been proposed. Typically, they can be
determined in the spatial domain or the transform domain, such as Discrete Cosine
Transform (DCT) and Discrete Wavelet Transform (DWT), or the combination of
the two schemes [36].

JND models in the spatial domain [37,257], named as the pizel-based JND,
mainly focus on the background luminance adaptation and the spatial contrast
masking. For instance, the model proposed by Chou et al. takes into account the lu-
minance adaptation and the so-called texture masking [37|. The latter is determined
according to local spatial activities of the region (e.g., characterized by computing
gradients around the pixel). Finally, JND is decided as the dominant effect between
texture masking and luminance masking. This model has been improved by Yang
et al. in [38].

However, pixel-based JND models do not consider the human vision sensitivities
such as CSF. Therefore, it cannot describe the HVS properties accurately. To over-
come this problem, some authors proposed to design JND models in the frequency
domain.

JND models generated in the transform domain, namely the subband-based JND,
usually incorporate all the major affecting factors, such as CSF, luminance adap-
tation and contrast masking. One of the earliest and the most known DCT based
models is the one developed by Watson et al. [39]. Since most of image and video
compression standards are based on the DCT domain, this model has been adopted
for many works. In this model, the JND threshold for each DCT subband is com-
puted by incorporating the most important mechanisms of the HVS described pre-
viously. More recently, Wei et al. [40] incorporate new formulas of luminance adap-
tation, contrast masking and Gamma correction to estimate the JND threshold in
the DCT domain. Zhang et al. [36] propose to estimate the JND profile by summing
the effects in DCT and spatial domain together.

Concerning the JND models in the wavelet domain, Liu et al. proposed a JND
model for the discrete wavelet transform [41]. The luminance adaptation and con-
trast masking functions used in this model are the same as in the Watson’s model
(with the same parameters). For CSF modeling, they make use of the wavelet
detection thresholds measured in the experiments of Watson et al. [42].

1.3.3 Binocular Just Noticeable Difference

In order to build a Binocular-JND (BJND) model, Zhao et al. conducted psy-
chophysical experiments [83]. Based on these experiments, they proposed a BJND
model to measure the joint visibility of a pair of distortions in two views. The
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BJND model determines the minimum distortions in one view that evoke binocu-
larly visible differences, given the background information and the distortions in the
corresponding area of the other view.

In their proposed model, they considered two HVS characteristics namely lumi-
nance and contrast masking effects, and they modeled them to the case of binocular
vision as described in the following.

Given the left and right views, as well as the disparity map (see Section 2.5) of
the left image. The BJND of the left view (BJND;) is defined as:

BJND; (i, j) = BIJND,(bg; (i — di, j), ehr(i — dy, j), n-(i — dy, 5))
= AC(bgT(z - dl7j)7 ehr(i - dla]))

B ny(i —dp, j) N\
" (1 (Ac(bgr(i—dz,j)yehr(i_le))) ) .

where ¢ and j are the pixel coordinates, d; is the horizontal disparity value at pixel

(7,7). The parameter X controls the influence of the noise in the right image, and it
was suggested in [114] that A = 1.25. It should be noted that BJND; is dependent
on the background luminance bg,, the edge height eh,, and the noise amplitude n,
of the corresponding pixel in the right image (found by stereo matching). Where no
noise in the right image, i.e., n,(i — d,7) = 0, the BJND; is reduced to A¢, which
is defined as

Ac(bg, eh) = Ajimit(bg) + K (bg) - eh (1.5)

Thanks to psychophysical experiments, authors defined Ay,i(bg) and K(bg),
respectively by

o [0.0027 - (bg® — 96 - bg) +8, if 0 < bg < 48
Asimit (bg) = {0.0001 - (bg? — 32 - bg) + 1.7, if 48 < bg < 255 (16)
K(bg) = —107%. (0.7 - bg® + 32 - bg) + 0.07 (1.7)

where bg is the mean of the luminance values of a block of 5 x 5 centered on the
corresponding pixel position, and the edge height eh is computed by the 5 x 5 Sobel
operators as follows:

eh(i, §) = \/ B30, 5) + E2 (i, 5), (1.8)
1 5 5
Ey(i,g) = 57 >, ) 1(i=3+hj—3+0) G(hv), (1.9)
h=1v=1
with k= H,V.

where (i, j) represents the luminance value of pixel (,7), and the detailed repre-
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sentation of the Sobel operator Gi(h,v) is as follows

-1 -2 0 2 1 1 2 3 2 1
-2 -3 0 3 2 2 3 5 3 2
Gp=| -3 -5 0 5 3|, Gy= 0 0 0 0 O (1.10)
-2 =3 0 3 2 -2 -3 -5 -3 -2
-1 -2 0 2 1 -1 -2 -3 -2 -1

To the best of our knowledge, this is the first model to measure the perceptible
distortion threshold of stereoscopic images for binocular vision, and it has been used
in the proposed approaches described in Chapters 4 and 5.

1.4 Conclusion

In this chapter, first, the physiology of the human vision has been overviewed along
with the most important high level mechanisms of the human visual system. Fur-
thermore, the different depth cues have been introduced and the sensitivity of hu-
mans for these various sources of depth information has been discussed. Even though
numerous depth cues exist, the main exploited sources of depth for 3D technology
are the binocular cues. Accordingly, the most existing 3D display systems aim to
project two slightly different images into each eye.

Given that 3D video is a technology that exploits the properties of HVS, under-
standing of binocular vision is essential for reliably developing and testing any 3D
video system. To do so, the chapter described some human factors of 3D viewing,
which is a very important topic.

Finally, the last sections are dedicated to the presentation of some perceptual
computational models. These models have been developed based on the characteris-
tics of the HVS, with the aim to optimize and enhance the different image processing
tasks. Specifically, visual attention models with their two main approaches, bottom-
up and top-down, were presented. Next, we have reported the definition of the JND
models, followed by an extension to the case of binocular vision, known as BJND.
The latter has been adopted in the different approaches described in the following
chapters.
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2.1 Introduction

The consumers’ thirst for more immersive multimedia technologies, together with
the industry interest to provide a leap forward in QoE as close as possible to the
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reality, this has led to the fast popularization of 3D technologies, creation of 3D
video products, and deployments of new 3D services. Two major 3D video applica-
tions may be cited, the 3-Dimensional TeleVision (3DTV) [77] and Free Viewpoint
Video (FVV) [82]. 3DTV delivers to viewers a feeling of immersion, by bringing an
additional dimension of depth for the perception of the scene, while FVV allows the
user to change his viewpoint and viewing direction within a scene in an interactive
manner.

In order to deploy the 3D technology on real consumer electronic platforms,
several challenges need to be addressed, from acquisition, representation, coding,
transmission, and to display. Furthermore, it turns out that every single step of
the processing chain is linked to the others. In this respect, it is obvious that
standardized media formats for representation, coding and transmission are needed,
because interoperability and compatibility are crucial for the success of 3D video
applications.

Three types of formats need to be considered separately for each step of the 3D
video processing chain: 1) production format for the acquisition step, 2) transport
format exploited for coding and transmission, and 3) adopted format for display
[53]. Consequently, data representation is a central issue in 3D video system and
has a significant impact on the overall performance. For instance, different factors
must be taken into account when selecting the 3D video format, including available
bandwidth, minimum acceptable visual quality, display type as well as backward
compatibility with existing equipment and infrastructure [77]. In addition, several
attributes are highly desirable, in particular decoupling of content creation from
display technology has to be achieved.

Furthermore, to enable 3D video applications a very large number of views is
required. As this huge amount of data is making its way to consumers, their trans-
mission over existing bandwidth-limited infrastructures poses a great challenge for
the realization of these applications. Consequently, efficient compression and trans-
mission is essential for the deployment of 3D video.

The rest of the chapter is organized as follows. Multi-view video systems and
their different applications are presented in Section 2.2. Section 2.3 describes dif-
ferent representation formats of 3D video and discusses their respective strengths
and shortcomings. Section 2.4 reviews state-of-the-art techniques to compress 3D
video. Next, the disparity estimation problem is introduced in Section 2.5. Finally,
Section 2.6 summarizes and concludes the chapter.

2.2 3D video application scenarios

The denomination 3D wideo is associated with the new applications providing the
ability to the viewer to perceive an illusion of depth, or the illusion to navigate in
a 3D space, in order to improve its immersion experience. 3D video applications
can be grouped under three categories, free-viewpoint video/television (FVV/FTV),
three-dimensional television (3DTV), and immersive teleconferencing. Each of them
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Figure 2.1: An examples of typical multi-view capture setup.

will be described below.

These applications share the same concept of capturing multiple view points
of the same scene by a set of synchronized cameras. Two examples of practical
multi-view capture setups are illustrated in Figure 2.1, one from Mitsubishi Electric
Research Labs in US [44] and another from Nagoya University in Japan [45].

Figure 2.2 shows the end-to-end architecture of different multi-view video (MVV)
application scenarios. In this figure, a MVV is first captured and then encoded by a
multi-view video coding (MVC) encoder. A server transmits the coded bitstream(s)
to different clients with different capabilities, possibly through media gateways. At
the final stage, coded video is decoded and rendered with different means according
to the application scenario and capabilities of the receiver [97].

2.2.1 Three-dimensional television (3DTV)

After the black-and-white and high-quality color television, 3DTV is believed to
be the next major revolution in the history of television providing to the viewer a
feeling of immersion. 3DTV refers to the extension of traditional 2DTV with the
depth perception capability. In this application, more than one view is decoded and
displayed simultaneously, where each viewer sees two views, one for the right eye,
and other for the left eye. 3DTV can be simply achieved by using stereoscopic video.
Stereoscopic displays show two simultaneous views which requires the use of special
glasses (polarized or active shutter glasses). However, it is desirable to experience 3D
viewing directly through a 3D display without the need to wear special glasses. This
can be realized by autostereoscopic displays. The latter are able to display higher
number of views at the same time increasing the observer freedom by supporting
head parallax.

2.2.2 Free viewpoint video (FVV)

In FVV, the users have the ability to select their viewing directions and viewpoints in
an interactive way, which provides realistic impressions, i.e., the viewer can navigate
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Figure 2.2: Multi-view video system for different application scenarios [97].

freely in the scene within a certain range, and view the 3D scene from different
viewing angles. FVV finds potential usage in the following applications [47]:

As a mode of entertainment — sports events, multi-user games, movies, drama,
and news coverages

Development of education videos — archives of cultural activities, instructions
of sports playing, illustrating medical surgery

For sightseeing websites and videos — zoos and aquariums, botanical gardens,
museums, historical and archaeological sites

For surveillance applications — trafic monitoring, monitoring of parking bays,
place that require security such as banks

As a tool for the creation of new types of media art and digital content

2.2.3 Immersive teleconference

A number of companies have already produced high-end video-conferencing facilities,
which attempt to provide greater sense of the remote participants being in the same
room. Therefore, the introduction of 3D to such communication systems would seem

like a natural step forward in terms of immersion. In this family of applications, the
users are at different geographical locations and see each other in either free view
point or 3DTV mode. This brings a feeling of immersiveness and more naturalness
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Figure 2.3: Stereoscopic 3D video representation: example of left and right views.

to their teleconference. Notable examples of these applications are teleconference,
remote training and telesurgery.

2.3 3D video data representation

This section introduces different 3D video data representations currently in use, or
currently being considered by the research community, including stereoscopic 3D
(S-3D) video, multi-view video (MVV), video-plus-depth (V+D), multi-view video-
plus-depth (MVD), and layered depth video (LDV) [78]. The common requirement
is that all of them must provide means for stereoscopic viewing, since this is the
underlying principle behind depth perception from visual information [54]. These
various representations have different advantages and drawbacks with regard to
complexity, efficiency and functionality.

2.3.1 Stereoscopic 3D (S-3D) Video

This format is considered as the most widespread data format and the most simple
type of acquisition technique for 3D video technology [101,102]. S-3D consists of
capturing two images from two slightly different positions and provides each of them
to each viewer’s eye. The distance separating cameras is called stereo baseline. As
a result, a pair of 2D videos is acquired, one for the left eye, and the other for the
right eye, as illustrated in Figure 2.3.

To facilitate the introduction of stereoscopic services through the existing in-
frastructure and equipment, a simple way to represent stereoscopic video data is to
multiplex them into a single frame or sequence of frames. The different multiplexing
approaches are shown in Figure 2.4, which include time and spatial multiplexing.
For instance, with spatial multiplexing, left and right views are filtered and deci-
mated horizontally or vertically to fit within the size of the original image, at the
cost of loosing the spatial resolution, and stored either side-by-side or over/under.
Temporal multiplexing is also possible, and is achieved by interleaving left and right
views as alternating frames or fields.

Nevertheless, this way of capturing and projecting has shown its limitations. A
principal drawback lies in the necessity of wearing special 3D glasses. This often
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Figure 2.4: Stereoscopic multiplexing pictures [55].

produces discomfort to the user and reduces the opportunity of 3D deployment
at home. In addition to that, since the stereo baseline is fixed at the capture
stage, depth cannot be adjusted according to the viewing conditions and display
characteristics (types, sizes, etc.). Also, head motion parallax is not supported with
such data format (different perspective, occlusions and dis-occlusion when moving
the viewpoint).

Figure 2.5: Example of a multi-view video representation (e.g., 5 views).

2.3.2 Multi-View Video (MVYV)

MVYV is considered as an extension of the S-3D representation to a higher number
of views, where the latter are captured by several synchronized cameras from dif-
ferent viewpoints. An illustration of the MVV representation is given in Figure 2.5.
Since multiple views are available, a wide range of autostereoscopic displays can
be supported with this representation. Therefore, this allows head motion parallax
viewing. However, the amount of data to be processed and transmitted increases
significantly (depends linearly on the number of views) compared to the conventional
stereo data or monoscopic 2D video.
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(a) Texture data (b) Depth data

Figure 2.6: Example of a video-plus-depth representation.

2.3.3 Video-plus-Depth (V+D)

Another important class of 3D representation format is the video-plus-depth (V+D).
This format consists, for one given viewpoint, of a 2D color video (namely tex-
ture data) and its associated depth map (namely depth data), as shown in Figure
2.6. This depth-based format allows the generation of virtual views at the decoder
through depth-based image rendering (DBIR) techniques [47,155] (see Figure 2.7).
Moreover, depth information provides the opportunity to adjust the stereo baseline
and therefore depth perception, in addition to the adaptation to the screening en-
vironment and user preference, thus reducing visual discomfort if necessary. The
depth information may be obtained from a stereo pair by estimating disparity in-
formation (see Section 2.5) or obtained directly through special range cameras [56].

The depth map can be regarded as a grayscale video (luminance-only), where
each pixel is assigned a depth value representing the distance between the cor-

Figure 2.7: Rendering of stereo video from V+D.
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Figure 2.8: Example of MVD format with 5 views and corresponding depth maps.

responding 3D point in the scene and the camera. Typically, the depth data is
quantized with 8 bits, i.e., the closest point is associated with the value 255 and
the farthest point is associated with the value 0. The depth data range is restricted
to a range in between two extremes Zycqr and Zy,,, corresponding to the minimum
and maximum depth-distance.

The concept of V+D is attractive due to the backward compatibility and
extended functionalities. Add to that, depth information leads to a display-
independent solution supporting both stereo and multi-view displays. However,
the shortcomings of this approach lies the increase in complexity for both transmit-
ter and receiver sides. In addition, it is only capable of rendering a limited depth
range making difficult to handle occlusions and disocclusions.

2.3.4 Multi-view Video-plus-Depth (MVD)

In order to overcome the aforementioned drawbacks, more advanced 3D video sys-
tems providing more flexible 3D visualization are required. These types of displays
require a 3D video format that allows rendering a very large number of views (28-
52), and display tens of views simultaneously, but ensure through lens technology
that the viewers only perceive a stereo pair from a given viewpoint without the need
to wear any special glasses.

The previously described 3D video formats are not sufficient to support such
requirements and are not feasible to provide this large number of views. For instance,
V+D supports only a very limited continuum around the available original view
since view synthesis artifact increase dramatically with the distance of the virtual
viewpoint. In order to address this issue, the Multi-view Video plus Depth (MVD)
format has been proposed [48,49]. MVD consists of multiple color videos captured
from different viewing angles, with a depth value associated with each texture pixel,
as illustrated in Figure 2.8.

By adopting the MVD format, the advanced 3D video systems, such as multi-
view auto-stereoscopic display and FTV applications, can be effectively supported
with only transmitting a limited subset of views plus their associated depth maps
to the receiver. For instance in Figure 2.9, the 3D display projects 9 views (view
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Figure 2.9: Virtual views by depth-image-based rendering (DIBR) for efficient sup-
port of multi-view auto-stereoscopic displays.

1 to view 9) at the same time. However, only 3 views (view 1, view 5 and view
9) plus their associated depth maps are transmitted. After decoding these data
(texture and depth), the remaining views are generated as virtual views by DIBR
techniques, in between existing camera positions.

2.3.5 Layered Depth Video (LDV)

Layered Depth Video (LDV) is a derivative and an alternative to MVD representa-
tion. LDV is the temporally extension of the so-called layered depth image (LDI).
LDI includes one texture image with associated depth map as the main layer, to-
gether with an enhancement layer including a residual texture image and a residual
depth map (see Figure 2.10). The residual layers include data from other view-
ing directions, not covered by the main view. LDV supports rendering of virtual
views and therefore multi-view autostereoscopic displays similarly to the concept
illustrated in Figure 2.9 |78|.

LDV can be generated from MVD by warping the main layer image onto other
contributing input images (e.g., an additional left and right views). Thus avoid-
ing MVD limitation of storing redundant identical textures obtained from different
views, the common textures are all fused and expressed in one common view.

2.4 3D video coding

As mentioned previously, in order to maximize the 3D viewing experience multiple
views are needed. This set of views can be provided by using different 3D video
representations introduced above. Since representation formats consist of at least
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Figure 2.10: Example of LDI.

two video sequences and possibly additional depth data, this makes the task of
compression essential for 3D video delivery, especially over a channel with a lim-
ited bandwidth. High efficiency corresponds to a high video quality with a fixed
bandwidth, or a lower bandwidth with the same visual quality.

In this section, we introduce the existing advanced 3D video coding standards,
which respond to the problem of efficiently encoding the huge amount of data gen-
erated by MVV. We will first present the fundamental principles of a video coding,
since most of the standards for encoding 3D video data took inspiration from it.
Then, the multi-view video coding (MVC) standard will be further discussed.

2.4.1 Principle

A video encoder and decoder taken together are known as a video codec. Most
of the conventional video codecs [50] reduce the amount of data to be stored or
transmitted by exploiting as much redundancies as possible. Typically, two types
of redundancies or correlations are present in conventional 2D video, specifically,
the spatial and temporal correlation (see Figure 2.11). The spatial correlation is
the similarity within regions in the same frame, between pixels that are close to
each other, i.e., the values of neighboring pixels are often very similar especially
in homogeneous areas. While, the temporal correlation represents the similarities
between successive frames in time order.

A video encoder consists of three main functional units: a prediction model, a
transform or spatial model and an entropy encoder [57]. This sequence of steps is
illustrated in Figure 2.12. The major video coding standards (MPEG-1, MPEG-2,
MPEG-4 Visual, H.261, H.263 and H.264) since 1990’s have been based on this same
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(b) Temporal correlation

Figure 2.11: An example of spatial and temporal correlation in a 2D video sequence.

generic design, including a temporal prediction, sometimes referred to as DPCM
(Differential Pulse Code Modulation), a transform stage, where the ever-popular
discrete cosinus transform (DCT) is used, and finally an entropy coder. The model
is often described as a hybrid DPCM /DCT codec or block-based hybrid video coding
approach. Figure 2.13 shows the basic DPCM/DCT hybrid encoder.

residual coefficients

video
source

prediction
mode

'

entropy
encoder

prediction parameters
Figure 2.12: Video encoder block diagram.

The prediction model attempts to reduce redundancy by exploiting the simi-
larities between neighboring image pixels and/or neighboring video frames (spatial
and /or temporal correlations). Typically, this is achieved by a combination of tem-
poral and spatial predictions. The prediction model aims at sending a reference
image sample and a distance to the reference instead of sending two similar sam-
ples.

The temporal prediction (inter prediction) is carried out by forming a predicted
frame, and subtracting it from the current frame. The output of this process is the
residual frame. The accuracy of the prediction can be improved by estimating the
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Figure 2.13: DPCM/DCT video encoder.

motion between adjacent frames, and then generating a motion vector field, which
minimizes the residual, as illustrated in Figure 2.14. This prediction type is called
motion compensation prediction (MCP).

In the spatial prediction (intra prediction), the current block is predicted from
previously coded blocks in the same frame. Assuming that the blocks of image are
coded in raster-scan order, the upper/left blocks are available for intra prediction
(see Figure 2.15). These blocks have already been coded and placed in the output bit
stream. Once the prediction has been generated, it is subtracted from the current
block to form a residual in a similar way to temporal prediction.

Thus, the output of the prediction model is a residual frame, and a set of model
parameters indicating the spatial prediction type or describing how the motion was
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Figure 2.14: Inter prediction (temporal prediction).
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Figure 2.15: Intra prediction (spatial prediction).

compensated. The residual frame forms the input to the spatial model. The latter
applies a transform to the residual samples and quantizes the results. The transform
converts the samples into another domain in which they are represented by transform
coefficients. The coefficients are quantized in the lossy mode to remove insignificant
values, leaving a small number of significant coefficients that provide a more compact
representation of the residual frame. The output of the spatial model is a set of
quantized transform coefficients. Finally, after a quantization step, the parameters
of the prediction model and coefficients are compressed by the entropy encoder. The
entropy encoder produces a compressed bit stream that may be transmitted and/or
stored.

2.4.2 H.264/MPEG-4 AVC Video Codec

The H.264/MPEG-4 AVC video coding standard is developed by the Joint Video
Team (JVT) of the Moving Picture Experts Group (MPEG) of the International
Standardization for Organization (ISO)/International Electrotechnical Commission
(IEC) and Video Coding Experts Group (VCEG) of the International Telecommu-
nication Union (ITU-T). H.264/MPEG-4 AVC is published by MPEG as MPEG-4
part 10 Advanced Video Coding (AVC) and by ITU-T as ITU-T Recommendation
H.264.

In the following, a brief description of H.264/MPEG-4 AVC is limited to
the key features that are relevant for understanding the concepts of extending
H.264/MPEG-4 AVC towards multi-view video coding (MVC). For more detailed
information about H.264/MPEG-4 AVC, the reader is referred to the standard de-
scription [73| and the various dedicated overview papers [51,52].

As illustrated in Figures 2.16 and 2.17, the video sequence is first divided into
groups of pictures (GOP). A picture consists of slices, and a slice consists of a
contiguous sequence of macroblocks (MB). Next, a MB consists of a 16 x 16 block of
pixels. A MB thus consists of four 8 x 8 blocks (sub-MB). Depending on the degree
of freedom for generating the prediction signal, each GOP may include three types
of pictures, as shown in Figure 2.16:

e Intra pictures or I-pictures, are coded using only information present in the
picture itself, and provide potential random access points and error robustness
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Figure 2.17: Macroblocks and slices organization.

inside the video sequence. They do not use motion prediction, and use only
spatial transform coding.

e Predicted pictures or P-pictures, are coded with respect to some previous I-
picture or P-picture. This technique is known as forward prediction. Similarly
to I-pictures, P-pictures can also serve as prediction reference for B-pictures
and future P-pictures. Moreover, P-pictures use motion compensation to pro-
vide more compression efficiency than I-pictures.

e Bi-directional or B-pictures, uses both past and future pictures as a ref-
erence. This technique is called bi-directional prediction. B-pictures provide
the best compression since they use the past and future pictures as reference.
However, the computational time and delay efficiency is the largest.

The H.264/MPEG-4 AVC follows the so-called block-based hybrid video cod-
ing approach described in the previous section. A basic H.264/MPEG-4 AVC
video encoder is illustrated as in Figure 2.18. After splitting the input se-
quence in units of MB. A prediction MB is generated and subtracted from
the current MB to form a residual. The latter is transformed, quantized and
encoded. In parallel, the quantized data are re-scaled, inverse transformed
and added to the prediction MB to reconstruct a coded version of the frame,
which is stored for later predictions [51].

The H.264/MPEG-4 AVC includes new features that enable it to achieve a signif-
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Figure 2.18: H.264/MPEG-4 AVC video encoder scheme.

icant improvement in compression efficiency relative to any prior video coding stan-
dard [51,52]. This is mainly due to the consideration of variable block sizes for the
temporal prediction, multiple reference frames, various intra prediction modes, inte-
ger transform (integer DCT), context-based adaptive entropy coding, and adaptive
deblocking filter. Moreover, also due to better exploitation of the spatio-temporal
correlation that may exist between adjacent MBs, with the SKIP mode in predictive
P-slices and the DIRECT mode in bi-predictive B-slices.

GOP

Figure 2.19: Hierarchical reference picture structure for temporal prediction.

In addition, the main difference relative to previous standards is the greatly in-
creased flexibility and adaptability of the H.264/MPEG-4 AVC design. In contrast
to older video coding standards, the coding and display order of pictures is com-
pletely decoupled. Furthermore, any picture can be marked as reference picture and
used for motion-compensated prediction of following pictures independently of the
coding types of the corresponding slices. These features of H.264/MPEG-4 AVC
allow the selection of arbitrary coding/prediction structures, which are not possible
with older video coding standards. As a result, more efficient temporal prediction
structures can be supported by this standard. For instance, hierarchical prediction
structure (see [58] for a detailed description) with three stages of a dyadic hierar-
chy is depicted in Figure 2.19. This type of prediction structure demonstrated an



2.4. 3D video coding 37

em @l I-E—E—-E—-E—-0—-0—-0 0O
em: . I—-E—0—-0—E—-E—-0—-0 0O

Figure 2.20: Simulcast coding approach.

improved compression performance [58|.

2.4.3 Stereo/Multi-view Video Coding

The obvious solution to compress stereo or multi-view video is to encode each view
independently of the other, using any video coding standard such as H.264/MPEG-4
AVC or High Efficiency Video Coding (HEVC) [75]. This solution is usually referred
to as simulcast coding approach. In this case, the redundancies between views are
not exploited, as shown in Figure 2.20.

This approach keeps computation and processing delay to a minimum since
dependencies between views are not exploited. In addition, backward compatibility
with 2D systems is maintained by decoding only one view. However, the main
drawback of a simulcast solution is that coding efficiency is not maximized since
redundancy between views, i.e., inter-view redundancy, is not considered.

Consequently, in order to improve coding efficiency of MVV, both temporal
and inter-view redundancies should be exploited. Because MVV shows the same
scene from slightly different perspectives and therefore contains a large amount of
inter-view statistical dependencies. These can be exploited by combining temporal
prediction with inter-view prediction.

Motion based prediction
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Figure 2.21: Disparity-based and motion-based prediction in a stereo pair.

As mentioned in Section 2.4.1, hybrid video coding schemes perform temporal
motion-compensated prediction (MCP). This mechanism can be straightforwardly
extended to inter-view prediction from neighboring views [74]. More specifically,
as illustrated in Figure 2.21 for two views, temporal predictions inside each view
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Figure 2.22: A basic inter-view prediction structure for stereoscopic video.

are combined with disparity-compensated predictions (DCP) between frames at the
same temporal instant, but in different views. This approach is referred to as multi-
view video coding (MVC) [74]. A typical prediction structure considering both
temporal and inter-view predictions is shown in Figure 2.22.

As it can be seen, temporal prediction only is used on the base layer, while
temporal prediction and inter-view prediction are simultaneously performed on the
enhancement layer. As a consequence, backward compatibility with legacy 2D de-
coders is achieved, since the base layer represents a conventional 2D video sequence.
Moreover, compression efficiency is significantly increased compared to the simulcast
approach, however, at the expense of high encoding complexity.

The concept of inter-view prediction, or disparity compensated prediction, was
first developed in the 1980s [59] and subsequently supported in amendments of the
MPEG-2 standard [60-63]. Most recently, the H.264/MPEG-4 AVC standard has
been amended to support MVC [73].

The MVC extension of the H.264/MPEG-4 AVC standard was first introduced
in 2008 to support S-3D and MVV representations |73,96], described respectively in
Sections 2.3.1 and 2.3.2. Basically, as shown in Figure 2.23, the multi-view encoder
receives N temporally synchronized video streams and generates one bit-stream.
The multi-view decoder receives the bit-stream, decodes and outputs the N video
signals.

H.264/MVC Transmission H.264/MVC

encoder Sto rage decoder

Figure 2.23: Overall structure of a MVC system with stereoscopic video (N = 2).

The MVC extension allows to encode multiple view videos while keeping as much
as possible the same structure of H.264/MPEG-4 AVC. Inter-view prediction is a
key feature of the MVC design. It is enabled through flexible reference picture man-
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Figure 2.24: Typical MVC prediction structure.

agement that had already been designed into H.264/MPEG-4 AVC, where decoded
pictures from other views are essentially made available in the reference picture
lists. According to the MVC specification, only pictures corresponding to the same
capture (or display) time can be added to the reference lists. Using the terminology
of the standard, inter-view reference pictures must belong to the same access unit
as the current picture. Block-level coding decisions are adaptive, so a block in a
particular view may be predicted by a temporal reference, while another block in
the same view can be predicted by an inter-view reference. With this design, decod-
ing modules are not necessarily aware of whether a reference picture is a temporal
reference or an inter-view reference picture. This distinction is managed at a higher
level of the decoding process.

Hence, supporting MVC only involves small changes to high-level syntax, e.g.,
an indication of the prediction dependency. A major consequence of not requir-
ing changes to lower levels of the syntax (at the macroblock level and below it)
is that MVC is compatible with existing hardware for decoding single-view video
with H.264/MPEG-4 AVC. In other words, supporting MVC as part of an existing
H.264/MPEG-4 AVC decoder should not require substantial design changes.

In MVC, different prediction structures can be envisaged. For example, a typical
MVC prediction structure, utilizing both inter-view prediction and temporal predic-
tion, is shown in Figure 2.24, wherein 7 views are coded and the GOP size is 8. The
first view sequence provided by camera 1 corresponds to the base view, and other
views are non-base views. In each view, a hierarchical B temporal prediction struc-
ture is used, thus the pictures in one view are with different temporal levels. This
prediction structure is called fully hierarchical encoding, since bidirectional predic-
tions are allowed along both time and view dimensions. The inter-view prediction
is applied to every second view. This configuration aims at better exploiting all the
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Figure 2.25: Sample coding results for Ballroom, Racel, and Rena sequences.

existing dependencies in time and view.

Thus, coding efficiency is improved at the cost of increased coding complex-
ity. Furthermore synchronization and random access features are still provided by
coding the key pictures of the base view in intra mode (I-pictures). Further back-
ward compatibility is provided by this prediction structure, as the base view can be
extracted and the resulting bit stream is conforming to the H.264/MPEG-4 AVC
standard.

There are many possible variations on the prediction structure considering both
temporal and inter-view dependencies. The structure not only affects coding perfor-
mance, but has notable impact on delay, memory requirements and random access.

2.4.4 Coding performance

Several studies have been carried out in order to compute the compression perfor-
mance improvement of MVC with respect to simulcast coding [64, 65, 74].

A synthetic common way to report compression performance is to use the Bjgn-
tegaard measurement [197], which estimates the rate reduction of a given codec with
respect to the reference one for the same quality over a given rate interval. This rate
reduction is usually referred to as Bjgntegaard delta rate. Likewise, it is possible to
define a Bjgntegaard delta peak signal-to-noise ratio (PSNR) as the average PSNR
increase for a same rate in a given PSNR interval.

It has been shown that coding MVV with inter-view prediction can give signifi-
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cantly better results compared to independent coding [74]. A comprehensive set of
results for MVC over a broad range of test material was also presented in [64]. This
study used the common test conditions and test sequences specified in [149], which
were used throughout the MVC development. For MVV with up to 8 views, an aver-
age of 20% reduction in bit-rate relative to the total simulcast bit-rate was reported
with equal quality for each view. Also, in some specific cases, bit-rate savings of
up to 50% can be obtained [74|. Figure 2.25 shows sample rate-distortion curves
comparing the performance of simulcast coding with the performance of MVC that
employs hierarchical predictions in both temporal and view dimensions, according
to common test conditions [149].

Subjective quality assessment results are presented in |77] for HD stereo con-
tent. It is shown that, on the whole, the subjective quality obtained by MVC is
equally good to that obtained using H.264/MPEG-4 AVC simulcast, as long as the
dependent-view bit rate is larger or equal to 25% of the base-view bit rate.

2.5 Disparity estimation

As mentioned in the previous section, in order to improve coding efficiency, in ad-
dition to classical temporal prediction, an efficient inter-view prediction should be
performed. The inter-view correlation between adjacent views is removed via the
so-called disparity estimation and compensation. Two main approaches, block- and
pixel-based, have been used to estimate the disparity vectors.

The disparity consists of the spatial displacement between two images generated
by recording two slightly different view angles of the same scene (see Figure 2.26).
The computation of such displacement across all the pixels leads to the so-called
disparity map. The disparity estimation problem, also known as the stereo match-
ing problem, has been extensively studied in computer vision, and surveys of the
different techniques proposed in the literature can be found in [85, 86].

Given stereo pair composed from the left I; and right I, images. One image is
considered as a reference image while the other is the target or current one. In order
to estimate the disparity values for all the pixels in the reference image, a stereo
matching process is performed by searching for each point p; in the reference image
its homologous point p, in the other image (as illustrated in Figure 2.26).

Thus, the stereo matching problem can be mathematically formulated as the
search for a function d that associates a disparity vector to each pixel p;(z;,y;) in
the reference image:

d:R? = R?
(w1, 1) v d(x, 1) = (T — 20,910 — Y1) (2.1)

When the two images I; and I, are rectified, the displacement between the
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Figure 2.26: Disparity principle.

corresponding points is purely horizontal. In this case, equation (2.1) becomes
d:R* - R
(i, ) = d(z, 9) =y — yr (2.2)

Figure 2.27 shows an example of the cones stereo image pair and the correspond-
ing disparity map.

Figure 2.27: Cones stereo pair: (a) left image, (b) right image, and (c) disparity
map.
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Figure 2.28: An example of features correspondence.

Traditionally, two approaches, block- and pixel-based, can be used to estimate
the disparity field. In the former class, it is assumed that the disparity is block-
wise constant. However, this assumption does not always hold, especially around
object discontinuities. Furthermore, using the block-matching technique yields in-
accurate results in textureless regions. Pixel-based approaches attempt to overcome
this drawback by assigning a disparity value to each pixel, thus producing a dense
disparity map [84].

In turn, pixel-based algorithms are classified into two categories: local and global
methods. In local methods, the disparity at each pixel only depends on the intensity
values within a local window. However, global methods find the disparity map by
minimizing a global energy function over the whole image.

Local methods are based on comparing the similarity between two sets of pixels.
According to the type of the matching sets, these methods can be mainly classified
into two categories: feature- and area-based approaches. For feature correspondence
methods, before matching, a set of features is detected and their invariant descriptors
are extracted from both views. Then, a correspondence step between the extracted
features is established. Over the past years, a number of local invariant features have
been proposed in the literature, such as Scale Invariant Feature Transform (SIFT)
[87], Speeded Up Robust Features (SURF) [88], Maximally Stable Extremal Regions
(MSER) [89], Harris-Laplace [90], Principal Component Analysis (PCA)-SIFT [91]
and SIFT-Flow [92], etc. These feature detection methods have been evaluated and
compared [93,94]. They have the advantage of being less sensitive to noise and
photometric distortions, rotation, scaling, and so on. Moreover, compared to pixel
intensities-based description, these methods do not provide a dense correspondence
map but extracts accurate and sparse correspondences. Figure 2.28 illustrates an
example of features correspondence between two images.

In contrast to feature-based methods, area-based ones generate a dense disparity
map, but they are more sensitive to locally ambiguous regions like the occlusion and
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the untextured ones. This class of methods, where pixels or regions are matched
to find the corresponding pixels, is also known as correlation-based methods. The
basic idea of this method consists firstly of defining a window around the pixel
to be matched, and then comparing it with the window surrounding each possible
candidate corresponding pixel located in the other image.

A major difficulty of the area-based methods are that they fail at object edges
and boundaries. Furthermore, using small windows in untextured regions do
not capture enough intensity variations to make reliable the correspondence task,
whereas the use of large windows tends to blur the boundaries of disparity map.

2.6 Conclusion

3D contents have to be created and store. This brings the issue of 3D scene represen-
tations. We have reviewed various types of 3D video representation techniques that
are envisioned to enable advanced 3D video applications requiring multiple view-
points of a scene. The choice for the appropriate 3D scene representation widely
depends on the expected case of use.

Finally, since advanced 3D video applications require multiple viewpoints simul-
taneously, efficient compression methods are of paramount importance for streaming
this amount of data, while preserving the QoE. In response, H.264/MPEG-4 AVC
has been amended to support multi-view video coding. To achieve coding gain, the
latter is extended by exploiting, in addition to the temporal and spatial prediction,
the inter-view prediction. This is achieved by taking advantage of the redundancies
between the views.

To achieve this inter-view prediction, the disparity information is needed. At the
end of this chapter, we introduced the basic concept of stereo matching or disparity
estimation used in the following chapters.
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3.1 Introduction

Advanced 3D video applications such as multi-view autostereoscopic displays and
FVV, requires a very large number of views. This set of views is obtained by
capturing the same scene with multiple synchronized cameras from different view-
points. However, these multi-view acquisition systems have an inherent problem of
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Figure 3.1: An example of color inconsistencies between views.

color /illumination difference between the different views. There are several poten-
tial sources that contribute to these color discrepancies between views. For example,
camera orientation, focal length, and manufacturing may be inconsistent, even be-
tween cameras of the same model with the same settings. Also, non-uniform camera
parameters or editing errors could create color/luminance mismatches. Another im-
portant factor is linked to calibration differences between cameras. Moreover, even
if all cameras are perfectly calibrated, it is often difficult to capture an object under
perfectly constant lighting conditions. The reflectance properties over the object
surface such as: scene geometry, angles between cameras and objects, and light
incidence, should also be considered. All these factors negatively impact color con-
sistency, leading to a possible difference of appearance of the same object on the
various views, as illustrated by Figure 3.1.

These color inconsistencies negatively affect the multi-view video (MVV) pro-
cessing framework. For instance, they reduce the correlation existing between
views, and provoke a significant decrease in compression efficiency. Consequently, it
causes performance reduction in multi-view video coding (MVC) that exploits the
inter-view statistical dependencies. Furthermore, when rendering new virtual views
and switching between the different views, observer may perceive color variations
across them. This will appear unnatural and will affect his quality of experience
(QoE) [100]. Add to that, if these color differences exceed a given threshold, the
fusion difficulty and binocular rivalry can occur inducing visual fatigue and discom-
fort [101-104].

In addition, when the fused regions are bounded by contours of opposite contrast,
this can be perceived with variable brightness, as binocular luster effect described
in the psychology literature [158]. An illustration demonstrating this effect is shown
in Figure 3.2. In this example, the smaller square is lighter than the background in
both of the views and no rivalry occurs. However, the larger squares have different
contrast polarities in each view, which causes it to appear as if it is shining [158].
These mismatches are immediately noticeable by the viewer, making the luster ar-
tifact extremely salient. Therefore, an important problem is how to compensate
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Figure 3.2: An illustration of binocular luster.

color differences between different views of MVV to enhance the performance of 3D
systems [105].

To cope with such important problems, various approaches were proposed to
compensate for the illumination and color changes between views. To achieve this,
some of them proposed to fine-tune shooting conditions, such as camera arrange-
ments and parameters, and other methods proposed to customize the codecs in
order to compensate the color mismatches. In a completely different way, other
approaches performed color correction by preprocessing the captured views to make
them color consistent and harmonized.

The rest of the chapter is organized as follows. Section 3.2 describes the state-
of-the-art covering the most important strategies for color compensation applied to
stereo and/or multi-view images/videos. We decomposed the exiting methods in
three categories depending on their objectives and behaviors. The first category
addresses the methods applied on the capturing stage aiming at significantly reduc-
ing color discrepancies between the calibration of the used cameras. The second
category describes methods embedded in the core coding and proposing strategies
to apply illumination/color compensation. Finally, the third category can be seen
as a preprocessing applied to captured scene before being fed to coding or render-
ing steps. Following this review, the detailed steps of the proposed approach are
described in Section 3.3. Section 3.4 presents some simulation results with the pro-
posed technique for different test sequences, including visual comparisons, coding
performance, and rendering quality. Finally, Section 3.5 summarizes the chapter
with some thoughts for future work.

3.2 Color compensation methods for multi-view im-
ages/videos

As mentioned previously, several methods have been proposed in the literature to
resolve the problem of color inconsistency in MVV. This section is dedicated to their
description with a classification into three categories: 1) calibration of multi-camera
setup, 2) color compensation in the core coding process, and 3) correction applied
as a preprocessing stage before compression.
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Figure 3.3: An example of Macbeth color checker.

3.2.1 Calibration of multi-camera setup

Over the last few decades, the use of multi-camera systems has grown exponentially.
Different applications resort to such acquisition systems, for example 3DTV, FVV,
and surveillance, to cite a few examples. However, inherent problems with this
type of acquisition, are geometric errors and inconsistent color responses. Many
methods have been developed to geometrically calibrate camera arrays [106-109],
but much less attention is paid to color calibration of cameras, relying only on
manual adjustment.

To calibrate color responses of cameras, Nanda et al. [110] proposed a method
using scene statistics. In this method any camera can be chosen as the reference.
The latter is color calibrated by adjusting its brightness and white balance. The
brightness adjustment is performed by acquiring an absolutely black scene at zero
exposure, and then by making the mean intensity of the acquired image reach a
desired black value. In turn, the white balance is calibrated by adjusting two pa-
rameters, specifically red and blue gain values, to make the amount of green, blue
and red equal in the scene. Once the reference camera has been color calibrated, to
ensure color uniformity between cameras, the settings of the neighboring cameras
are adjusted to make the colors of the overlapping regions across cameras similar.
This method produces varying results depending on the part of the scene acquired
by the camera.

Another color calibration way is to use a Macbeth color checker (see Figure
3.3). For example, in [111,112], under static lighting conditions an acquisition of a
Macbeth color checker is made with the whole set of cameras. Then, color patches of
the Macbeth color checker are automatically detected in the captured images of all
cameras. Next, the gain and offset settings of each camera response are iteratively
adjusted on each channel to fit a line through the RGB values recorded from the six
gray patches of the Macbeth color checker. Following this step, some errors in the
gain and offset settings, non-linearity in the sensors, and color distortions remain.
To address that, the authors proposed a three-stage post-processing. The first one
is to correct the residual errors in gain and offset by computing them once again
in a floating-point domain, allowing more precision and accuracy. The next stage
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addresses the non-linearity in the sensor. A look-up table that re-maps the response
curve of each channel in each camera to the target color is calculated. Finally, the
third stage is to correct global color errors by computing a 3 x 3 RGB to RGB
color transform that minimizes the error between each recorded color values from
the patches and the average values of the patches recorded by the set of cameras.
Inspired by this work, Ilie et al. [113] proposed a color calibration method for a multi-
camera system. This method is implemented in two stages. Similar to [112], once all
the cameras have taken an image of the Macbeth color checker, one of these acquired
images is considered as the reference image. The first stage consists of adjusting each
camera’s parameter settings by minimizing the color difference between the reference
image and images of the Macbeth color checker acquired by all cameras. This
minimization is iteratively performed using a modified Powell’s method. Starting
from the obtained initial cameras’ parameters, the same optimization process for all
cameras is repeated, but by comparing with a new reference image calculated as the
average of all cameras images computed in the previous step. In the second step of
the method, a post-processing refinement is performed. The refinement is applied
to enhance the cameras’ parameters obtained from the first stage. However, this
method requires a constant lighting condition, which cannot be guaranteed in a real
practical system. Also, they are focused only on planar acquisition systems.

Li et al. [114] formulated the multi-camera color calibration problem as an
overdetermined linear system, in which each camera collaborates with other cam-
eras on color calibration. The authors begin by establishing global correspondences
between all views. Based on these global correspondences, the camera sensor re-
sponse can be approximated by a linear model with a multiplicative gain and an
additive offset. The next step is to find proper gain and offset values so that the
color values of the global correspondences will be the same in all camera images,
and consequently a consistent color response of the cameras will be obtained. Add
to that, in order to ensure proper dynamic range, the authors incorporated a dy-
namic range shaping process into the described linear system. Slavkovikj in [115]
first detects and captures a white target to generate calibration data. This is done
by capturing a white sphere of diffuse reflectance placed in the scene and by using
the cameras’ response model described in [116]. Thanks to this step, the gain pa-
rameters of the color channels are instantiated for each of the cameras. Then, the
author acquired images of a scene containing colored objects. To take into account
the non-uniformity of the cameras’ sensors, the acquired images are corrected as a
matrix containing per-pixel scaling factors. Following that, the cameras’ images are
white balanced, and the gain and exposure are adjusted according to one reference
camera. After applying this initial correction, correspondence points are calculated
between adjacent camera pair images. The latter are used to form corresponding
color pairs and to derive color correction matrices by performing nonlinear mul-
tiple regression. Finally, the correction is performed by using the obtained color
correction matrices.

Zhong et al. [117] proposed a method to control each camera in a multi-camera
system with the aim to enhance video quality. They proposed to address both inter-
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Figure 3.4: Modified search loop for the current block [118].

camera color inconsistency and object location difference problems. To achieve this
objective, each camera is individually and automatically controlled by adjusting its
pan angle and focal length. They formulated the problem as a nonlinear optimization
problem, and then find the optimal camera control of pan angle and focal length.
The authors first estimate initial values for the camera control, and then perform an
iterative optimization by the bivariate Newton-Raphson method to get the optimal
ones. Unlike the previous described methods, this one has been evaluated for coding
purposes. To test the performance of their method, the authors have taken three
sequences with and without their camera control method. The obtained MVV
sequences have been compressed using MVC. The achieved coding gains range from
0.5 to 1.9 dB.

Despite the improved color consistency among camera views, this class of meth-
ods does not come with performance guarantees, because of the impossibility to
control the reflectance properties over the objects surface, which is dependent on
the capturing angle of each camera, lighting conditions, and so on. As a result,
color camera responses are not well balanced. Consequently, several color correc-
tion approaches based on image processing techniques were proposed to compensate
for illumination and color changes between views. This is the subject of the next
sections.

3.2.2 Embedded illumination/color compensation

When illumination/color changes occur between adjacent views, disparity estima-
tion exploited by disparity-compensated prediction (DCP) in the MVC cannot be
accurately performed. Therefore, the residual energy will be higher and, conse-
quently, the coding efficiency will decrease. One way to address this problem is to
tackle it during the coding process, and specifically, as part of the inter-view predic-
tion process on a block level. To achieve that, several approaches used a modified
block matching measure.

For instance, block-based illumination compensation (IC) technique has been
introduced in [118,119|. Based on an idea outlined by Kamikura et al. in [120], the
authors proposed a modified matching metric that incorporates an IC model (see
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Figure 3.4). They modeled illumination mismatches as an additive offset term and
a multiplicative scale factor. Before matching, the candidate reference block and
the current block to be matched are decomposed into a mean and a mean-removed
signal. Next, the IC parameters, namely the scale and the offset, are applied to
the reference block. Thus, for each candidate block, optimal IC parameters are
computed. This process is repeated until finding the best matching block in the
reference frame.

In order to transmit IC parameters to the decoder, the authors predicted IC
values from neighboring blocks, and encoded them using the context adaptive binary
arithmetic coder (CABAC) [98|. Finally, decision on whether or not to use the
IC model for each block is based on rate-distortion (R-D) criteria. According to
simulation results presented in [118], a coding improvement up to 0.8 dB is obtained
with this approach.

In the same vein, an adaptive local illumination change compensation method
has been presented in [121,122]. Figure 3.5 shows the encoding and decoding struc-
ture of this method. The compensation is performed at the macroblock (MB) level.
The authors assume that the discrepancy caused by the illumination change is equal
to the discrepancy of the DC component between the current and the reference
blocks. Accordingly, the difference of DC values of the current coded MB and the ref-
erence one is subtracted during the motion and disparity estimation/compensation.
This difference, referred to as the illumination change value (DVIC), which is in fact
an offset factor is used to cancel out the illumination change between MBs. As the
method described above, DIVC needs to be encoded and signaled to the decoder
for each MB in the bitstream. Each DIVC value is predicted from the neighbors of
the current MB, and entropy-encoded using CABAC. Also, for each MB, the R-D
control is used to decide whether or not the IC process is needed. It is reported by
the authors that gains of up to 0.6 dB can be achieved. This approach has been
adopted by the JVT standardization committee in the joint multi-view video model
(JMVM) software [99], but not in the standard itself [96].

In [123], the authors proposed to extend the H.264/MPEG-4 AVC weighted
prediction [124] for illumination compensation in MVC. They proposed to calculate
the offset and weight parameters of the weighed prediction for each MB. Firstly, the
slice weight value is determined. Thereafter, the best MB partition mode and motion
vectors are set based on the RD-optimization using the normalized sum of absolute
differences (NSAD). In the next step, they built the predicted MB with the motion
compensation. Then, weight and offset parameters are calculated by minimizing a
distance between the current MB and the predicted one. Consequently, the slice
header contains slice weight values and each MB header contains weight and offset
to be mandatorily sent to the decoder.

Sohn et al. [125] proposed an inter-view balanced disparity estimation (IBDE)
method. As a first step, the authors calculate the global balancing parameters for a
whole frame with mean and standard deviation. Using these initial parameters and
their probabilities, they derive the local balancing parameters (scale and offset) for
each MB. This is achieved by using the 2D Lloyd-max algorithm. The reported cod-
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Figure 3.5: Block diagram of the MB-based adaptive illumination change compen-
sation method [121]: (a) Encoder, (b) Decoder.

ing gain is about 0.1~0.3 dB. Li et al. [126] proposed an illumination compensation
algorithm based on what they call a template, i.e., the reconstructed neighboring
region (left and above) of the current block. Their idea lies in the fact that the il-
lumination of the current block has a strong correlation with its adjacent template.
Similarly, the reference block and its corresponding template also have this corre-
lation. Therefore, they derived the illumination change between the current block
and the reference one from the change between their templates. The key advantage
of this approach is that the local illumination change is calculated by the template
and compensated without transmitting additional bits.

Another method proposed by Yamamoto et al. [127] applies color compensation
in the decoded picture buffer (DPB). They performed color correction of each frame
being used for prediction, i.e., decoded pictures in DPB. Firstly, each frame is con-
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verted from YUV to the RGB color space. After that, they calculate look-up tables
of each color channel from RGB. The latter are created first by finding correspon-
dence points between pairs of views. Subsequently, the found correspondence points
are used to create corresponding-colors. However, to be robust to possible noise in
the frames, the authors produced some Gaussian-filtered frames from input frames
and detected corresponding-colors from them. Once the corresponding-colors are
defined, they formulated the color-mapping relationships as an energy-optimization
problem and resolve it by dynamic programming to obtain look-up tables. Color cor-
rection is applied on both encoder and decoder sides, which implies sending look-up
tables in the codestream or as side information.

The previous methods are integrated into the H.264/MPEG-4 AVC, for eval-
uation purposes, and the coding gains were notable. However, compensating the
illumination/color changes during the coding process has some disadvantages. It
involves a new syntax and requires design changes affecting the low levels of the
encoding and decoding processes. In addition, since the compensation is forced
to be carried out in both encoder and decoder, the complexity is increased. Also,
an overhead is needed to send the IC parameters to the decoder. All the above
described methods, except for [127], only deal with variations in brightness, and
they do not compensate for color variations. Because they are only applied on the
luminance component. Finally, these methods do not perform color correction of
the input sequence, but they only enhance coding performance with the aim of R-
D optimization. Thus, the problem of inconsistencies in luminance and color still
persists after decoding, which will unfortunately introduce errors on DIBR, for the
creation of new virtual views.

3.2.3 Preprocessed color correction

As an alternative to embedded illumination/color compensation, appropriate pre-
processing consisting in color correction methods can be applied in an independent
manner before feeding the view sequences to the encoder. In essence, the color cor-
rection operation on MVV can be seen as a process transferring the color palette of
a source view (or reference view) to a target view. The source view is chosen by the
user from the set of views, and all the remaining views are corrected to acquire the
color palette of that reference. Following this idea, several tentative approaches have
been proposed [128-131,133-139]. The key advantage of such approaches is that no
changes are necessary to either the encoder/decoder nor the bitstream syntax. In
the following, we try to present a comprehensive overview of these methods with
the emphasis on those that are applied to MVC.

A straightforward solution for correcting color in MV'V as a preprocessing step is
the histogram matching (HM) method. HM has already demonstrated its efficiency
to perform image color correction [140]. Fecker et al. [128] proposed an extension of
the HM method to MVV. In their method, all camera views of a multi-view sequence
are corrected toward a common reference view in the center of the camera setup.
To achieve this, the authors calculate look-up tables using cumulative histograms of
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Figure 3.6: An example for the resulting histogram of the corrected image compared
with the reference image and the distorted image.

the view being corrected and the reference. They adapt the cumulative histogram of
each view to match that of the reference. To maintain the temporal correlation, and
avoid the introduction of color variation between successive frames within a single
view, the authors proposed a time-constant mapping function. They compute the
histogram for the whole sequence; it is summed up over all frames of the sequence.
So, the same correction is used for every temporal frame in the sequence. An example
of the result from luminance compensation by the HM is shown in Figure 3.6. It
can be seen that the histogram of the corrected image is closer to the reference
histogram than to the histogram of the distorted image.

However, for the cases when the camera setup is not fixed and in real-time
applications, this solution is not sound. The obtained gain in coding efficiency is up
to 0.7 dB for luminance and 1.9 dB for chrominance. Similarly, Chen et al. [129]
proposed an approach based on HM, where two parameters, namely scaling and
offset, are derived optimally for each YUV channel based on the histograms of the
chosen reference view and the view being corrected.

Both approaches have common drawbacks linked to HM. Since the MVV se-
quences do not show exactly the same content, especially in a sparse camera sys-
tem (i.e., widely separated views), frames from different viewpoints contain non-
overlapping regions (occluded regions). Therefore, applying HM to the entire frame
will produce inaccurate and inconsistent results.

Another approach is presented by Pitié et al. [130, 131], where they consider
the colors of an image as an N-dimensional probability density function (PDF),
and repeatedly project these N-dimensional distribution into a series of random
1-dimensional marginal PDFs. In order to map the PDF of the reference image,
the color distribution of the target image is iteratively manipulated until matching
that of the reference. To avoid the increase in graininess over the corrected image,
the authors proposed in [131] a post-processing algorithm to preserve its gradient
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field. This method has been extended to MVV by using only the first frame of
each view to estimate the color transformation. Then, this fixed transformation is
applied to the remaining frames of the view [132]. This method provides reasonable
performance, but if the reference and the target images have different color statistics
in the non-overlapping regions, it can produce poor results.

In order to avoid occlusion problems, several recent approaches used correspon-
dences between views. For instance, Lee et al. [133]| proposed to segment the image
according to depth, and perform HM for each sub-image. The image segmentation
is performed by using an expectation maximization clustering method based on a
Gaussian mixture model (GMM). However, this method depends heavily on the
quality of depth/disparity information, for which unfortunately the performance of
disparity estimation methods are still error prone. Also, disparity estimation re-
quires knowledge about the range of disparities for all views, which is a difficult
task as it depends on the scene and camera geometry, and will have a significant
effect on the performance of color correction. In [134], a histogram-offset based
color correction method is proposed. As a first step, the authors identify maximum
matching regions between the reference view and the target one. To achieve that,
disparity estimation is performed on the rank-transformed domain, thus allowing to
handle occlusion regions. Then, the histograms of the reference view and the tar-
get view are calculated for each YUV channel only within the identified matching
regions. According to an iterative threshold, the calculated histograms are divided
into high and low occurrences bin classes, and only the histogram bins having high
occurrences are calibrated. Finally, the generated histogram offset is exploited to
correct the target view. However, this approach considers only the global color dis-
crepancies between views, since it computes only a rough color mapping between
views, which does not produce a locally-refined result.

Another method is presented in [135], where the authors proposed to find the
average color of the set of views and modify all views to match this average. Hence,
in this approach, the average color is considered as the color reference, and was
calculated by finding matching points between all views using block-based dispar-
ity estimation. The authors expressed each of the corrected YUV channels as a
weighted linear sum of the three original ones with an offset. Then, they performed
a least-squares regression on the matching points to find optimal weighting param-
eters leading to a good fit between the average YUV values and those of the view
being corrected. With this method, the compression efficiency is increased by up to
1 dB in luminance component, and up to 2.1 dB in chrominance component. Unfor-
tunately, choosing the average color as the color reference cannot guarantee a good
quality, because, if some views are distorted or have a significant color shift, this will
strongly influence the average color. In addition, it is difficult to compute the aver-
age, especially when we have large distances between the different views. Another
limitation lies in the fact that only ten successive frames are used from the sequence
in order to calculate these correction parameters. The extracted set of parameters
is used to correct every frame in a given view, under the assumption that correction
parameters are time-constant during the whole sequence. However, this assumption
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does not always hold, especially when the acquiring system of MVV is not fixed.
In addition, assigning a single disparity vector for 8 x 8 pixels blocks, as described
in their approach, can be the cause of a number of bad matches. Finally, disparity
estimation and least-squares regression can lead to a significant increase of compu-
tational cost, which cannot be neglected, even though the process is applied offline.
A less complex preprocessing method was proposed in [136]. In order to achieve
fast color correction, instead of performing correction in a frame-by-frame basis, the
authors divide the set of frames of each view into keyframes and non-keyframes,
and adopt different color correction strategies for each of them. The keyframes are
corrected directly by the same color correction method proposed by [135]. While for
non-keyframes, the color corrected values are derived from previous frames by using
a temporal variation model. Basically, the latter consists of two steps, time-invariant
detection and temporal variation modeling. The purpose of the time-invariant de-
tection step is to extract the background regions that are unchanged over time.
These regions are used for extracting stable temporal variation information from
a single view. Once these regions are defined, the color discrepancy relationship
between adjacent frames is derived under the assumption that color distributions
in background regions are Gaussians. The interval between keyframes is fixed and
equals the size of the group of pictures (GOP) in MVC. This approach has two
main advantages. Firstly, by exploiting the temporal variation model, computa-
tional complexity is significantly decreased. Secondly, as the color corrected values
are derived from previous frames, color variations between successive frames can be
avoided.

Jung et al. [137] proposed to improve the color consistency by modeling the char-
acteristics of the cameras and estimating their coefficients. To consider occlusion
regions, first, the authors extract correspondences between pairs of views. After
that, based on the calculated correspondences, they estimate the coefficients (gain,
gamma, and offset) of the camera characteristic curve via an outlier-removed nonlin-
ear regression based on the Levenberg-Marquardt algorithm. With these estimated
coeflicients, look-up tables are generated and followed by color correction. The cod-
ing improvement made by this method is of up to 0.9 db and 0.8 dB for luminance
and chrominance components, respectively. The main disadvantage of this approach
is linked to the fact that it may be used only when the setup is fixed, because the
authors consider fixed coeflicients for each camera. The same authors proposed a
color correction algorithm using adaptive weights of correspondences [138]. They
exploited two types of correspondences: global and local. Global correspondences
are common features on all views. While, local correspondences are matched fea-
tures for a certain stereo pair. In order to increase correspondences, an additional
matching on Gaussian-filtered images was applied. The authors consider that the
change between the reference and target views is nonlinear for the Y component
and, linear for U and V components. Accordingly, to compensate for relative color
differences between views, they used Gain-Offset-Gamma (GOG) and linear models
for luminance and chrominance components, respectively. The coefficients of these
linear and nonlinear models were estimated from correspondences. In addition, an
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adaptive weighting factor is included into these two models to weight correspon-
dences according to their locations.

Tehrani et al. [139] proposed a similar method to the one developed by Ya-
mamoto et al. [127], with some important differences. Instead of performing the
correction in the core coding process, it is achieved as preprocessing step. Also,
there is no unique reference view for which all target views are corrected. The algo-
rithm can start from any camera view from the set of views and continues by shifting
the pair sequentially on the multi-camera system for several iterations, until the av-
erage color change between all views becomes small enough. This allows its use
for any camera configuration, from sparse to dense multi-camera systems. Another
difference lies in the increase of correction accuracy by enhancing the matching
step. This includes appending corresponding intensities from several time steps,
suppressing the outliers, and by nonlinearly weighting the model.

The main advantage of these approaches, is that no changes are necessary nei-
ther to the encoder/decoder, nor to bitstream syntax. Nonetheless, most of these
methods are not appropriate when the camera setup is not fixed or in real-time
applications, since they use only a few frames to calculate the correction parame-
ters, or in some approaches consider all frames but the same correction parameters
are used for every successive frame in the sequence. Moreover, the selection of the
reference view (i.e., the one considered as the color reference and used to correct
mismatched views) is often assumed in the center. However, in case the center view
is itself distorted, this may lead to the impairment of the whole sequences of MVV.
From the previously discussed approaches, only a couple [135,139] does not consider
the use of the center view.

With the aim of overcoming the aforementioned drawbacks, we proposed a pre-
processing method based on histogram matching [141, 142|. However, in contrast
to methods described above, we define a customized version of the HM algorithm.
The proposed method relies on taking into account only the common features areas
among all views when calculating the histogram, thereby avoiding the problem of
occlusions and allowing a more precise color correction. To effectively define this
set of common areas, we use the Scale Invariant Feature Transform (SIFT) [87],
followed by the Random Sample Consensus (RANSAC) [95] to remove matching
outliers. Thereafter, we calculate the cumulative histogram of each view based only
on corresponding areas already detected. Through our color correction method, we
try to improve the inter-view prediction, while maintaining the temporal correlation
that exists between successive frames within a single view. In order to keep this
temporal correlation, the HM method is performed in a sliding-window, where each
color mapping function is defined using a group of pictures, and this may also en-
sure an adaptation to time-varying acquisition system and real-time broadcasting.
Another aspect tackled by the proposed approach corresponds to reference view
selection. Indeed, this step ignored by many works, may highly influence the cor-
rection results. We propose to perform it in a fully automatic manner, by defining
a robust criterion relying on views statistics and structural content. Details about
the proposed approach are given in the following section.



58 Chapter 3. Color Correction of MVV

[ Viewt | [ viewz | ... [ viewn |

Feature Correspondence
(SIFT & RANSAC)

!

Step 2 Reference View Selection

!

/ Each GOP

!

/ Each R, G and B channel

|

Step 3 | Cumulative Histogram Calculation

!

Step 4 Color Mapping & Correction

Step 1

\ Each R, G and B channel /

!
\ Each GOP /

Figure 3.7: Flowchart of the proposed method. The shaded pairs of trapezoids
represents loops.

3.3 Proposed color correction method

This section is dedicated to the description of the proposed color correction method
for MVV [141, 142|. Firstly, a particular view is chosen to be the reference. All
remaining views are corrected to make them similar to this reference as closely as
possible. To accomplish this goal, our proposed method is performed in four steps,
summarized in Figure 3.7. We operate the correction in the RGB color space, where
the red, green and blue color channels are corrected individually and non-linearly;
this choice will be justified later.

3.3.1 Feature correspondence

Before selecting the reference view and performing the correction, an important step
in the proposed method consists in the extraction and matching the features that
are present in all views. Here, the challenge is, to detect these shared features in the
different views despite the variation of colors and geometric deformations usually
due to the scene and cameras arrangement. For this purpose, there exist two main
approaches: the first is based on disparity estimation [85,86], which in our case is not
applicable because it usually relies on color intensity as the matching criterion and
may produce unreliable matches that will negatively affect the rest of the process.
The second approach resolving reliably the correspondence problem is a feature
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matching algorithm. These features are robust to different changes (illumination,
image noise, blur, etc.), and to a wide range of 3D transformations.

Over the past years, a number of local invariant features have been proposed in
the literature, such as Scale Invariant Feature Transform (SIFT) [87], Speeded Up
Robust Features (SURF) [88], Maximally Stable Extremal Regions (MSER) [89],
Harris-Laplace [90], Principal Component Analysis (PCA)-SIFT [91] and SIFT-
Flow [92], etc. These feature detection methods have been evaluated and compared
[93,94]. Each method has its own advantages and drawbacks, and the choice mainly
depends on the targeted application. However, it is important to note that SIFT and
SURF outperform the other methods in terms of robustness and stability in most
situations. Therefore, we chose the SIFT method for the detection and matching
of feature points between the different views. SIFT detects the feature points,
and extracts the invariant feature descriptors allowing to generate large numbers of
matching features points corresponding to the same parts of the scene, while being
robust to different changes of illumination, image noise, rotation, scaling, and so
on [87].

In our method, SIFT is applied at each time step, between views’ frames from
the same time step but from different camera views, as illustrated by red rectangles
in Figure 3.8.

Following the SIFT algorithm, the robust RANSAC algorithm is applied for
outliers removal. Based on the epipolar constraint and the inliers of feature points,
RANSAC algorithm estimates the fundamental matrix and makes use of it to elim-
inate the outliers in correspondences [95].

It is known that RANSAC does not perform well in case of a high number of
outliers. In our case, this process is simplified by an implicit removal during the
correspondence stage. To achieve this, the first set of SIFT keypoints obtained
between frames of the two first matched views are used as the initial set of all
possible points in the remaining frames. For each frame of a new view, the former
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Figure 3.9: Common SIFT keypoints across five views of the Racel sequence. Only
15% of correspondences are shown for clarity.

set is regenerated by removing all points unreachable on it. At the end of the
process, each SIFT keypoint will have correspondents in all views, and the matches
are very reliable. Finally, the set of common SIFT keypoints is used as input of the
RANSAC algorithm. After performing extensive tests, we noticed that the rate of
outliers removed by RANSAC ranges from 2% to 10%.

Once the SIFT-RANSAC algorithms are applied, each frame f;; will have a
set of SIFT keypoints K;; = {kj1,kj2,...,k;jp} determined and matched, where ¢
and j denote the view number and the temporal order, respectively, and P is the
cardinality of K;;. An example of common SIFT keypoints among five views of the
Racel sequence is shown in Figure 3.9. It represents only part of them (15%) as
well as only five views among eight for the sake of clarity.

The defined SIFT keypoints are used by the following steps to carry out the
process only on the common regions among all views.

3.3.2 Reference view selection

The effective selection of the color reference is a key element of the color correc-
tion process. Since this choice influences the final correction and thus the coding
performance and quality of rendered views. As stated before, all previous works,
except [135,139], choose the central view of the camera arrangement as the reference
view. While this choice may appear natural and consistent, because the view shares
the most parts of content with other views, the central view may be distorted thus
leading to the impairment of the whole sequences of MVV. Additionally, in some
cases there is no explicit central view, as for example with an even number of views.
Furthermore, when using camera arrangements such as dome type, circular, and
array, it is not obvious to choose a central view. In order to overcome that, in [135]
they propose to find the average color of the set of views and modify all views to
match the average. This solution cannot guarantee a good quality, as if some views
are distorted or have a significant color shift, this will strongly influence the aver-
age. In addition, it is difficult to compute the average, especially when we have large
distances between the different views. Another solution has been proposed in [139],
which consists to choose any view from the set and continues by shifting the pair se-
quentially on the multi-camera system for several iterations, until the average color
change between all views becomes small enough. However, this arbitrary choice of
color reference depends heavily on the first corrected stereo pair.

Consequently, in order to select an appropriate reference view, we consider two
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factors, the content of the view (S) and its visual quality (). We compare each
view with the other views based on these two factors. For the first factor, the
selected view is the one having the most similar content with the others; this can be
evaluated by using the histogram differences across views. The similarity between
histograms can be assessed with any technique from literature. In our case, we opted
for the most widely used Bhattacharyya coefficient [143,144], defined by

B
SH(H,H') = an(nb,nf,),

b=1
V1o (3.1)
V) (S )

with  pp(ny,ny) =

where H and H' are two histograms, and ny, is the number of pixels whose value is
that of the b*" bin. The number B is the total number of bins. In our case, we set
B to 256, which is the total number of levels for representing each color component.

For the second factor, the visual quality of the view, we assume that the view
being compared is the reference view and the remaining views are the distorted ones.
Traditional image quality/fidelity metrics as Peak Signal-to-Noise Ratio (PSNR) or
Structural SIMilarity (SSIM) [145] fail in this case, because they are based on pixel-
wise errors, and are not adapted to compare images with a different content even
with a shift of one pixel. To overcome this problem, we propose to measure the
structural fidelity only on common features by focusing on interest points to avoid
comparing irrelevant content. This makes the quality measurement more reliable.

To compare two views (V; and Vj/ ), we use the set of SIFT keypoints already
calculated, and apply a customized SSIM metric as follows:

M
1
QS(Vy,V)) = 57 D SSIM(Wi, W) (3:2)
=1

where W; and WJ’ are 11x11 windows from both being compared views (V; and Vj’ )
centered on the SIFT keypoint ¢, and M being the number of detected and matched
SIFT keypoints. SSIM metric is commonly used 2D image quality metric providing
a quality score ranging between 0 and 1 (please refer to the definition of the metric
in Section 5.2.2).

Finally, for each view Vj, a score Cy; is calculated as follows:
Cvj:aXSVj-i-(l—a)XQVj (3.3)

where Sy, and Qvy; represent respectively the mean similarity histogram and the
mean SSIM value of the view V; over N—1 views

N—-1
Sy, = ——> SH(V;, V) (3.4)

N —1 4
=1
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1 N-1

Q,=v—7 ; QS(V;, Vi) (3.5)

with SH and QS are defined in (3.1) and (3.2), respectively.

The parameter o controls the relative importance of the two terms (Sy, and
Qv;). In our experiments, it has been set to 0.5, but if the camera views are widely
separated, it would be more consistent to assign a higher value. Thus, the view V;
having the maximum score Cvj is chosen as the reference view V,..r

Viey = (Vi argmax(Ciy) ). (3.6)

This step can be seen as optional, and can be deactivated without changing the
whole structure of the method.

3.3.3 Cumulative histogram calculation

In the proposed approach, one important difference with similar literature is the fact
of selecting only common regions in the different views in order to perform color
correction in the most accurate way. Therefore, to define these common regions we
use the SIFT keypoints already detected. We have chosen the SIFT method not
only for its robustness but also for its correlation/similarity with gaze points. In
recent works [146-148], it has been shown that SIFT keypoints are often located
in the most visually salient regions of an image. So, the SIFT keypoint and their
neighboring pixels can be used as predictors of salient regions, and contribute in
mimicking the human visual system. Therefore, by performing our color correction
based on regions defined by the SIFT algorithm, we assume that the user will not
perceive significant color variation between views, and thereby it will contribute to
improve his QoE.

As stated by Lowe in [87], SIFT keypoints are generally located in textured
regions allowing to cover a large color range, and hence providing sufficient color
statistics for the HM method. In order to have sufficient and robust statistics that
span over the color space, we start from the set of sparse SIFT keypoints already
determined, and then compute a set of dense correspondences around those points
to obtain reliable corresponding regions, thus enabling to cover a large color range.
To achieve that, we defined circular regions centered at SIF'T keypoint position, and
its scale parameter is used as the radius of the region.

Finally, the pixels in circular regions are added to their corresponding K; set. In
the rest of this chapter, we use the name of SIF'T regions to refer to the corresponding
circular regions. Figure 3.10 shows an example of some SIFT regions defined in Book
Arrival sequence.

A possible extension of the HM method to MVV can be achieved by applying
the algorithm to the entire sequence on a frame-by-frame basis. This means that, a
separate histogram is calculated for each time step and each view sequence. However,
as each time step is corrected separately, a temporal color variation may be created
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Figure 3.10: An example of some SIFT regions defined in Book Arrival sequence.
The size of the circular regions is proportional to the scale parameter of its SIFT
keypoint.

between frames, which adversely affects motion compensation and therefore coding
efficiency thus leading to a perceptible flicker, decreasing consequently the QoE.
To overcome these problems, Fecker et al. proposed an extension of the HM
method by introducing a time-constant mapping function [128]. They compute the
histogram for the whole sequence; it is summed up over all frames of the sequence.
So, the same correction is used for every temporal frame in the sequence. However,
for the cases when the camera setup is not fixed and in real-time applications,
this solution is not sound. Therefore, in our approach, we propose to perform
the HM method in a temporal sliding-window. Unlike to [128], we calculate the
histogram using only a group of picture (called CH-GOP), as shown in Figure 3.8.
It is important to emphasize that the term “CH-GOP” here refers to the set of frames
involved in the calculation of the cumulative histogram, and not the GOP during
the coding process in MVC. The size of the CH-GOP (denoted w) can be fixed or
variable within the same MVV sequence depending on the targeted application.

Besides that, we calculate the histogram based only on a union of all matched
SIFT regions already detected, thus avoiding the problems of sensitivity to image
content difference. To do so, the union of SIFT regions for each CH—GOPZ(g ) in each
view sequence is calculated as follows:

w+t—1
K= |J K. (3.7)
j=t

where g is the CH-GOP number in the view 4, and ¢ the temporal order of the first
frame of the C’H—GOPEQ).

Next, the histogram of each C’H—GOP,L(g) is calculated as follows:

1

(9 () —
H?(v) =+ > 6(v, f(k), 0<w<255
keK)
. o (9) 1 if x=y
with N = Card(K;”), and 6(z,y) —{ 0 olse. (3.8)
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f gives the intensity of the SIFT keypoint & in one of the color channels (R, G, B).
Finally, the cumulative histogram of each C’H-GOPEQ ) is derived

e W) = 3 HO ), (3.9)
7=0

At this stage, the cumulative histogram of each CH—GOng) in each view ¢, is
ready to be given as input of the color mapping function described in the next
section.

3.3.4 Color mapping function

The purpose of this step is to minimize the difference between histograms for each
CH-GOP of the reference view and those of all remaining views. This is done by
means of the color mapping function that adjusts the cumulative histogram of each
view to the common reference view. This correction is operated on a pairwise basis,
by matching the cumulative histogram of each CH-GOP in the view being corrected
(CHi(g)) to the cumulative histogram of correspondent CH-GOP in the reference
view (C’H;g}) Thus, this CH-GOP-based correction is performed as described in
the following:

Vz1 € [0, 255] M(z1) = x2,
with CHi(g)(xl) = CHﬁZ}(mg). (3.10)

where M 1is the color mapping function that maps each value of the view being
corrected to a value in the reference view. In color correction, this function is also
called color transfer function, look-up tables or, when only the grayscale is involved,
brightness transfer function (BTF).

Consequently, one mapping function is derived for each CH-GOP. This means
that, each CH-GOP is corrected individually. The derived mapping function is
then applied to the set of frames belonging to the CH-GOP. By keeping the same
reference view, this process is repeated for all remaining views.

The steps described so far are performed in the RGB color space instead of YUV.
This is due to SIFT method that generates a negligible number of keypoints on the
chromatic channels, since this components (U and V) have low texture, not allowing
to have sufficient color statistics for the HM method. Although, SIFT parameters
could be tuned to increase the number of keypoints, we made the decision to keep
the same tuning in order to extract robust keypoints. We have also attempted to
apply the SIFT algorithm only on the Y channel and have taken the same points
for the chromatic channels (U and V). However, we obtained a lower performance
than in RGB. In addition, usually most cameras used in recording video sequences
operate in RGB, which makes it appropriate to perform the correction in this color
space. Starting from these observations, RGB color space has been chosen for our



3.4. Experimental results 65

approach.

At the last stage, since the common video codecs operate in YUV, corrected
RGB components are converted to this color space before feeding the sequence to
MVC encoder.

3.4 Experimental results

This section is devoted to the presentation of experimental results related to the
proposed color correction method for MVV. The assessment process is organized
into three experiments reported in the following. The first investigates the impact
on visual color consistency, the second evaluates its impact on coding performance,
and finally, the third explores the effect on image-based rendering application. For
the two first experiments, we used four standard MVV data test composed of: Fla-
menco2 (5 views), Racel (8 views), Ballroom (8 views), and FEzit (8 views) [149].
All these sequences have a resolution of 640x480. We ran the third experience
with four other standard test sequences namely Balloons, Kendo, Newspaper, and
Lovebird1. The latter are in the multi-view video plus depth (MVD) format, with a
resolution of 1024 x768.

It is worth pointing out that the size of CH-GOP (w), when calculating the
cumulative histogram, plays an important role on the final results. After performing
extensive tests, we noticed that when the CH-GOP is set to four frames (w = 4),
this leads to introduce a slight color variation between CH-GOPs, which may appear
unnatural to users and therefore reduce their QoE. To address this, we tried several
sizes of CH-GOP on different test sequences, and thanks to visual inspection, we
achieved to the conclusion that w > 8 produces improved results, and consequently
no significant variation/impairment was noticed between successive CH-GOPs. So,
transitions between CH-GOPs of corrected images are smooth and imperceptible to
users. The results presented in the rest of this section are obtained by setting the
CH-GOP to eight frames (w = 8).

3.4.1 Effect on the visual color consistency

Firstly, to prove the visual improvement produced by the proposed method in terms
of color consistency, we show examples of frames before and after correction. There-
fore, one frame is taken from each view at the same time step, as well as five views
among eight are presented. Figures 3.11 to 3.14 illustrate the color correction results
of Flamenco2, Racel, Ballroom, and Fxit test sequences, respectively. We can notice
that, in all these figures, before correction (original views) there are apparent color
differences between the different views. It is thus clear that color consistency among
these original views is poor. By following the procedures outlined in Section 3.3.2,
from the left to the right on Figures 3.11 to 3.14, the chosen reference view (with
red border) for each sequence is as follows: Flamenco2 (view 2), Racel (view 3),
Ballroom (view 5), and Ezit (view 4). For example in Flamenco2 sequence (Figure.
3.11), the center view (i.e., view 3) in the camera arrangement is slightly blurred
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(¢) Our method

Figure 3.11: Visual effect of the proposed method on the Flamenco2 test sequence.
Comparison between: (a) without correction, (b) HM method, and (¢) Our method.
The image framed by a red border represents the reference image.

(¢) Our method

Figure 3.12: Visual effect of the proposed method on the Racel test sequence.
Comparison between: (a) without correction, (b) HM method, and (¢) Our method.
The image framed by a red border represents the reference image.
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(¢) Our method

Figure 3.13: Visual effect of the proposed method on the Ballroom test sequence.
Comparison between: (a) without correction, (b) HM method, and (¢) Our method.
The image framed by a red border represents the reference image.

(a) Original

(b) HM method

(¢) Our method

Figure 3.14: Visual effect of the proposed method on the Exit test sequence. Com-
parison between: (a) without correction, (b) HM method, and (c) Our method. The
image framed by a red border represents the reference image.
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Figure 3.15: Illustration of the automatic selection of the reference view for the four
used test sequences.

and is less contrasted. If this view was chosen as the reference (color reference),
it would have impaired the other views. In this case, view 2 offers the best visual
quality and at the same time has similar content with the other views. It is for those
reasons that the process defined in Section 3.3.2 automatically chose this view as
the reference. In contrast, on Racel (Figure 3.12), the center view (i.e., view 3) is
chosen as the reference, because its shares the most content with the other views
and also offers good visual quality. This proves again that the proposed process of
reference view selection allows selecting the appropriate one automatically and can
adapt to different cases.

Figure 3.15 shows Cy; calculation for the four used sequences. It can be noticed
that for some sequences (Flamenco2 and Racel) the difference is more important
than the others (Ballroom and Ezit). It is clear that if the central view is impaired
(e.g., in Figure 3.16(b)), the application of the proposed automated selection will
help in avoiding the impairment of the whole views. Indeed, by applying a Gaussian
blur to the central view, the proposed algorithm selects another view as a potential
color reference, as illustrated in Figure 3.16(c).

Besides reference view selection, Figures 3.11 to 3.14 allow to compare the
proposed color correction approach with the histogram matching (HM) described
in [128]. Ome can notice that results obtained with our approach offer a better
color consistency among views, especially for the Figures 3.11 and 3.12. Hence,
resulting frames are visually closer to the reference image compared to HM method.
In addition, HM introduced impairments in some cases, as for the Flamenco2 test
sequence. This is usually due to occluded regions. For a better analysis of the
color correction results, some sensitive parts from Flamenco2 and Racel sequences
have been enlarged and depicted in Figure 3.17. This helps in concluding that our
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V1 v2 V3 v4 V5 Cy

Vi 0,723 0,818
V2 0,836 0,75
V3 0,724 0,735 0,824
V4| 0,806 0,78 0,864
V5 0,723 0,798

()

Figure 3.16: Impact of impairments on the reference view selection for the Racel
sequence: (a) original frame, (b) distorted frame using Gaussian blur, (c) selection
of the adapted reference.

method outperforms the HM method.

In addition, to objectively measure the color consistency across views, we use the
well-known CIEDE2000 color-difference [151] defined and standardized by the CIE
(International Commission on Illumination). The latter is based on the CIELAB
color space, which has been designed to represent colors in a perceptual manner. The
detailed definition and implementation of the CIEDE2000 equation can be found
in [151,152]. Figure 3.18 shows the color difference comparison for each sequence,
before and after correction using HM and our proposal, between the reference view
and all remaining views. The curves highlights that the color difference generated
by the proposed method is significantly lower in comparison with HM, thus demon-
strating the consistency of the proposed color correction.

3.4.2 Effect on coding performance

In order to assess the effect of the proposed color correction on coding perfor-
mance, we used it as a preprocessing before feeding the sequences to MVC encoder
(JMVM version 8.0) [99]. The experiments were performed using typical settings
for MVC, for details regarding the test conditions the reader can refer to [149].
We compared the proposed method with the multi-view encoder that uses origi-
nal sequences without any correction (denoted as no correction or NC'), with the
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(a) Original (b) HM method (c) Reference view (d) Our method

Figure 3.17: Enlarged parts of the Flamenco2 (top) and Racel (bottom) sequences.

illumination compensation (denoted as IC') method implemented in the JMVM ref-
erence software [99, 153], as well as the HM method [128]. Figure 3.19 illustrates
the PSNR versus bit-rate averaged over all views of the test sequence for both luma
and chroma. To measure the relative gain, the average PSNR/bitrate differences
between rate-distortion curves is calculated using the Bjgntegaard measure [154]
and given in Table 3.1.

As it can be seen from the plots, the coding performance comparison clearly
indicates the benefits of using the proposed color correction method. The quality
improvement are reported for the luminance as well as the chrominance components,
where the PSNR gains for the luma are about 0.5—1.1 dB compared to no correction.
For chroma, the gains are even higher ranging from between 0.7 and 2.2 dB again in
comparison with no correction. These results demonstrate that the color consistency
created by our color correction helps in reducing the inter-view difference during
the prediction stage. Besides, the comparison between our color correction and IC,
shows also an improvement that is slightly lower than the one with regards to no
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Figure 3.18: Objective color difference comparison for the sequences: Flamenco2,
Racel, Ballroom, and Exit. CIEDE2000 color-difference equal to 0 correspond to
the reference view (Lower values denote better correction).

Table 3.1: Comparison of PSNR averages (dB) between IC method, HM method
and proposed method using Bjgntegaard measure.

Y uv
Sequence IC HM Proposed IC  HM Proposed
Flamenco2 0.34 0.56 0.87 0.29 0.45 1.04
Racel 0.49 0.52 1.01 0.37  0.40 1.76
Ballroom 0.08 0.32 0.74 -0.01  0.79 1.12
Exit 0.21 0.33 1.03 0.42 0.48 1.58

correction. Therefore, the gains are about 0.3—0.7 dB for luma, and about 0.6—1.8
dB for chroma. In the same vein, an improvement is also observed compared to
using HM, which is about 0.1—0.6 dB for luma, and about 0.4—1.4 dB for chroma.

Finally, the PSNR curves and Bjgntegaard relative gain show that the proposed
method improves the coding efficiency particularly the chrominance components,
and confirmed its suitability as a color correction for multi-view video in comparison
to the widely used HM.
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Figure 3.19: Rate distortion curves for the Flamenco2, Racel, Ballroom, and FExit
test sequences. The chroma PSNR is the average PSNR of the U and V channels.
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Figure 3.20: The experiment scenario to evaluate the effect on the DIBR-based
application. V: View i (texture), Dj: Depth . VO: Original view, VP: Distorted
view, VC: Corrected view, VE: Rendered view before correction, V/R: Rendered
view after correction.

3.4.3 Effect on rendering performance

None of the previously cited works has directly addressed the color correction for
DIBR-based applications. Indeed, most of them mentioned that their methods are
helpful for rendering new virtual views. However, none of them has proved it by
experimental results. Therefore, to analyze the impact of the proposed method on
DIBR-based applications, it has been applied on the four MVD sequences (Balloons,
Kendo, Newspaper, and Lovebird1). These sequences consist of multiple color videos
with associated multiple depth data. To be in line with the test scenarios defined
in [150], we selected 3 views (view 1, view 3, and view 5) from each sequence and
performed the experiment scenario depicted in Figure 3.20. As illustrated in this
figure, to highlight our contribution, we manually distorted two views (view 1 and
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Figure 3.21: Rendering results for Balloons sequence (top: No correction, middle:
HM method, and bottom: Our method). V}: View i, VO: Original view, VP:
Distorted view, V$: Corrected view, VE: Rendered view before correction, V'R:
Rendered view after correction.

V?(Our method) V;R(Our method) A . VfLR(Our method) Vg(Our method)r

Figure 3.22: Rendering results for Kendo sequence (top: No correction, middle: HM
method, and bottom: Our method). V;: View ¢, VO: Original view, VP: Distorted
view, VE: Corrected view, VE: Rendered view before correction, V/R: Rendered
view after correction.

view 5) by an increase/decrease in brightness and gamma correction. By following
the procedures outlined in the Section 3.3.2, the remaining undistorted view 3 (V)
is chosen as the reference view. Then, we performed the correction of the distorted
views (VP and VP) by the proposed method and the HM method separately. Finally,
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VIC(Our method) V/ZR(Our method) VfLR(Our method) VSC(Our method)

Figure 3.23: Rendering results for Newspaper sequence (top: No correction, middle:
HM method, and bottom: Our method). V}: View i, VO: Original view, VP:
Distorted view, V$: Corrected view, VE: Rendered view before correction, V'R:
Rendered view after correction.

V?(Our method) V/ZR(Our method) VfLR(Our method) Vg(Out method

Figure 3.24: Rendering results for Lovebird1 sequence (top: No correction, middle:
HM method, and bottom: Our method). Vi: View i, VO: Original view, VP:
Distorted view, V¢: Corrected view, VR: Rendered view before correction, V/R:
Rendered view after correction.

we generated two virtual views before and after correction, by DIBR technique [155]
based on the View Synthesis Reference Software (VSRS version 3.5) [156], between
the reference view and the distorted (resp. corrected) ones. The results for the four
sequences are depicted in Figures 3.21 to 3.24.
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(a) Uncorrected (b) HM method (¢) Our method

Figure 3.25: Enlarged parts of the rendering results for Balloons (top) and News-
paper (bottom) sequences.

We can notice from the Figure 3.25 (in addition to Figures 3.21 to 3.24) that
when we used the distorted views (uncorrected), we have obtained virtual views
(Vg and VE{) containing visible distortions. For instance, a ghosting effect can be
seen, in addition to some darker/lighter regions in the foreground and background
of the scene, which is annoying for the viewer. The distortions can be explained by
the fact that the color inconsistency between views induces important errors in the
rendered views. However, once the correction is performed, we obtained significant
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Figure 3.26: CIEDE2000 color-difference after rendering by DIBR, for the Balloons,
Newspaper, Lovebird1l, and Kendo sequences. CIEDE2000 color-difference is com-
puted between the reference view (view 3) and all remaining views (real and ren-
dered).

improvements in the rendering quality (V’QR and VﬁlR). Similar to Section 3.4.1, to
properly and objectively assess these improvements achieved by the two used color
correction techniques, we used the CIEDE2000 color-difference between the reference
view (view 3) and all remaining views (real and rendered), as shown in Figure 3.26.
From these curves and the visual comparison, one can confirm that the proposed
method gives the best performance and outperforms the HM method. Moreover,
these results clearly demonstrate the benefits of using our method in DIBR-based
applications such as FVV, as it allows to smooth the switch between the different
views, leading to a more natural and enhanced 3D viewing experience.

3.5 Conclusion

In this chapter, we proposed a preprocessing method for color correction of MVV.
Firstly, instead of choosing manually the center view as the reference view, we
proposed to perform its selection automatically and effectively in a more adaptive
manner, based on histogram difference and structural content. This allows to choose
the view representing the best match of the whole set of views, and can be highly
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adapted for some specific capture configuration. Then, the correction is performed
using an improved version of the widely used histogram matching (HM) algorithm.
To avoid its drawback, HM method is used only on overlapping regions over views,
making our method robust to occlusion. The combination of the SIFT algorithm
and RANSAC method is used to effectively define these common regions. In order to
perform the correction while maintaining as much as possible the temporal correla-
tion, we applied the method using temporal sliding-window, bringing the advantage
of adaptation to time-varying acquiring system and real-time broadcasting.

Experimental results showed that, once the correction is performed with our
method, the color of views is harmonized and consistent. This results in significant
coding gains up to 1.1 dB for the luminance component and up to 2.2 dB for the
chrominance components. Regarding rendering performance, the presented results
clearly indicate the benefits of using our method before applying the DIBR tech-
nique. It contributes significantly in smoothing the transition between views, which
leads to enhance the 3D viewing experience.

Among the future work that deserves to be addressed, is to seek the way to
re-use the informations produced by feature correspondence step within the coding
process itself. For example, to reduce the search area when calculating the disparity
vectors, or to extract the parameters of the 3D geometric model [157], thus achieving
the complete end-to-end 3D video system. In addition, maintaining the temporal
coherence between successive frames within a single view needs to be improved. The
proposed approach tackled this problem by defining a group of picture and perform
the correction group by group. However, the size of group is fixed. Future studies
should focus on proposing more advanced strategies allowing to tune adaptively
and automatically the size of each group. Also, the reduction of computational
complexity remains an important issue, especially, with the emergence of new real-
time 3D applications. One solution to address this problem is to parallelize the color
correction process by using a graphics processing pipeline or a GPU implementation.
Another point is the fact that there is no ground truth allowing efficient evaluation.
To address this, we plan to construct a benchmark in order to be able to evaluate
and to compare each method of the stat-of-the-art. Finally, the impact of color
variation is not fully investigated, the relation between color inconsistencies and
binocular rivalry should be explored. As the latter can induce visual fatigue, the
maximum tolerance of color difference between views need to be quantified.
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4.1 Introduction

3D video is widely considered as one of the main advances in digital video technology
of the last decade, and has already made its way to becoming a remarkable world-
wide success story. As mentioned in Section 2.3, there exist different techniques to
represent 3D content. However, the most widespread and widely enjoyed 3D video
format is currently the stereoscopic one [77,78]. Based on the underlying principles
of stereopsis, most of the 3D content is captured and prepared in stereoscopic format
and numerous consumer legacy devices are backward compatible with this format.
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Since, stereoscopic 3D (S-3D) consists of capturing two views from two slightly
different positions. Nominally, representing stereoscopic video requires at least twice
the amount of data compared to monoscopic video. This increase in data rate poses
one of the most imposing challenges that has received a commensurate amount of
research attention. Thus, a central issue in the storage, media transmission and
consumption of such S-3D content is the compression technology that is utilized.
State-of-the-art coding standards or compression methods used for S-3D video in-
clude the Annexes G and H of H.264/ MPEG-4 Part 10 AVC [73], simulcast approach,
MVC [74,96], the recently established High Efficiency Video Coding (HEVC) [75],
and the depth enhanced extension for MVC (MVC+D) [76] (see Section 2.4).

In the last decade, we have witnessed a huge increase in the use of perceptual
approaches to improve the performance of multimedia processing techniques [79].
Based on the characteristics of the HVS, different methods have been developed
in many challenging areas of image processing such as image coding [80, 81], en-
hancement and watermarking, image quality assessment and so on. Among these
promising techniques, we can quote those used for coding S-3D content known as
asymmetric coding methods. Asymmetric coding techniques are based on the so-
called binocular suppression theory [69-72] , which specifies that if the eyes are
provided with two views having a different quality, the fused perceptual 3D image
is dominated by the higher quality view [162-166,170-172].

Therefore, according to this theory, in order to reduce the required bit-rate for
stereoscopic video delivery, one view of the stereo pair can be encoded at a suf-
ficiently high quality, and the other view is encoded at a slightly lower quality
(with a lower bit-budget), with transparent 3D viewing for the user. This ap-
proach has focused considerable research efforts, and has been exploited in different
ways. Depending on how the quality (information) reduction of one of the views
is performed, the different methods belonging to this concept can be classified into
four categories: (a) spatial resolution reduction (spatial filtering), (b) asymmetric
quantization (unequal QP), (¢) temporal resolution reduction, and (d) asymmetric
luminance/chrominance. With respect to the literature, spatial filtering is by far
the most explored and is usually referred to as mixed resolution (MR) coding.

One large obstacle in asymmetric stereoscopic video coding methods is linked to
the level of asymmetry between views, i.e., the just noticeable threshold of asym-
metry, so that 3D viewing experience is not altered. With the aim to address
this issue, several works tried to identify this asymmetry threshold by means of
subjective experiments. Even though theses studies were successful in defining or
identifying thresholds, the latter depend heavily on the experiment design and do
not allow any adaptation to quality and content variations in the image. Conse-
quently, in this chapter, we propose a new non-uniform asymmetric coding method
of S-3D [159,160] adjusting in an adaptive way the level of asymmetry for each im-
age region to ensure unaltered binocular perception. This is achieved by exploiting
several HVS-inspired models.

The rest of the chapter is organized as follows: Section 4.2 describes the different
types of asymmetry that have been proposed in the literature for stereoscopic video
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Figure 4.1: Ilustration of dropping-and-repeating frames procedure adopted in tem-
poral asymmetry.

coding. A review of the most important attempts for the determination of percep-
tual limits of asymmetry in the context of stereoscopic video coding is performed in
Section 4.3. Section 4.4 describes the proposed approach and the various assump-
tions behind it. The experimental results, objective and subjective in addition to
coding performance are given in Section 4.5. Section 4.6 summarizes and concludes
this chapter.

4.2 Asymmetric stereoscopic video coding methods

Based on the suppression theory of binocular vision, the HVS fuses the retinal images
coming from both eyes having different levels of quality such that the perceived visual
quality is close to the view with higher quality. This property is effectively used to
reduce the required bit-rate for stereoscopic video delivery, where one view of the
stereo pair is encoded with higher strength than the other without inducing visible
artifacts in the stereoscopic perception.

In the light of this standpoint, many asymmetric coding methods have appeared
in the literatures. Depending on how the asymmetry in quality between the two
views can be achieved, the different asymmetric stereoscopic video coding methods
can be classified into four main categories detailed in the following.

4.2.1 Temporal resolution reduction

Generally, the temporal resolution reduction (reduction of frame rate) method corre-
sponds to the decimation of some frames of one view, i.e., frame dropping, while the
other view is kept unaltered. Depending on the adopted 3D representation format,
Stelmach et al. proposed two strategies to perform the temporal filtering [164]. In
the first one, each pixel of the current field is averaged with the corresponding pixel
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Figure 4.2: The structure of the encoder and decoder including temporal asymmetry

[167).

in the next field of the same polarity. This method can be exploited with frame com-
patible format, when the views are interlaced into a signal sequence of frames (see
Section 2.3.1). The second strategy consists of dropping either even or odd frames
of one view of the stereo pair. For example, in Figure 4.1 only the odd frames are
encoded, while all the even frames are dropped. At the decoder side, each frame is
repeated to replace the dropped frames. Aksay et al. in [173] exploited this second
method to perform temporal asymmetry. They implemented it by sending all the
macroblocks of the dropped frame using the skipped mode of the H.264/MPEG-4
AVC standard. This has been done by a post-processing procedure in which NAL
units of the dropped frames in the altered view are replaced with special NAL units
signaling skip mode for each macroblock. When such a frame is decoded, each
macroblock is copied from the reference frame resulting in frame repetition. More
advanced strategies have been proposed in [167]|, where the authors developed two
skipping modes. In the first skipping mode, all frames in the left view are encoded,
while only odd frames in the right view are encoded. In the second mode, only even
frames in the left view and only odd frames in the right view are encoded. On the
encoder side, they signal the skipped frames in the bitstream, and they reconstruct
them using the advanced bilateral interpolation on the decoder side, as illustrated
in Figure 4.2. However, this approach requires syntax and design changes affecting
low levels of the encoding and decoding processes.

The performance of temporal filtering has been previously studied in [164,173].
In [164], the subjective results showed that the temporal filtering produces unac-
ceptable results, with poor perceived 3D quality and sharpness, even if the perceived
depth was relatively unaffected. Furthermore, there was noticeable double contour-
ing with the 2-field averaged images approach, while the drop-and-repeat alternate
frames approach had a jerky appearance. Aksay et al. concluded, based on subjec-
tive tests, that using temporal asymmetry leads to a relatively low subjective 3D
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(a) High quality view (b) Low quality view

Figure 4.3: An example of asymmetric quantization.

video quality, and the performance is content dependent [173]. Moreover, this type
of asymmetry is noticeable by viewers in case of fast motion content.

Finally, based on the previous studies it is not recommended to perform band-
width reduction using this type of asymmetry.

4.2.2 Asymmetric quantization

Another way to reduce transmission bandwidth for stereoscopic video is to encode
both views of the stereo pair at unequal PSNR or bit-rates, this method is referred
to as PSNR (quality) reduction, SNR scaling, or asymmetric quantization. Imple-
menting asymmetry by PSNR reduction is straightforward, and does not require any
modification to the encoder/decoder. Since the encoding quality of a view depends
on the quantization parameter, using different quantization parameters for the left
and right views leads to PSNR asymmetry. Therefore, one view is encoded with a
larger value of quantization than the other. As a result, one of the views has lower
fidelity and may be subject to a greater amount of visible coding artifacts, such as
blurring, blocking and ringing. An example of the effect of asymmetric quantization
is depicted on the stereo pair of Figure 4.3.

The effect of asymmetric quantization method has been investigated in [162,
165,166|. For instance, Stelmach et al. showed by fixing the bit-rate of the left
view and reducing gradually that of the right view using MPEG-2, the binocular
percept of the asymmetric MPEG-2 impaired images fell approximately midway
between the 2D image quality scores of the left and right images [165]. Seuntiens
et al. applied a different compression ratio on the left and right views of a stereo
pair using JPEG [166]. The results showed that an increase in asymmetric JPEG
coding of stereoscopic images had a negative effect on image quality, sharpness
and eye-strain but had no effect on perceived depth. Furthermore, in contrast to
the conclusion provided in [165], the results on asymmetric and symmetric coding
showed that the relationship between perceived image quality and average bit-rate
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Figure 4.4: Stereo image pair with low-pass filtered right view.

is not straightforward. In some cases, image quality ratings of a symmetric coded
pair can be higher than for an asymmetric coded pair, even if the averaged bit-rate
for the symmetric pair is lower than for the asymmetric pair. This conclusion has
been further supported by the previous findings in [162]|, which demonstrated that
the fused 3D image quality is mainly determined by the view of low level quality.

Saygili et al. [168] proposed to encode one view of the stereo pair using
H.264/MPEG-4 AVC at sufficiently high quality (PSNR=40 dB), while the other
view is encoded with reduced quality but kept above a certain PSNR threshold
(this point will be detailed in Section 4.3). They noticed that the degradation in
3D viewing is unnoticeable. The results indicated that at high bitrates, asymmetric
coding using PSNR reduction method achieves a good perceived quality. However,
at low bitrates, symmetric coding achieves the best perceived quality, which is in
conformance with the conclusion of Seuntiens et al. in [166].

Finally, to provide an acceptable 3D perceived quality when exploiting this type
of asymmetry, a tradeoff between the subjective quality degradation and the bit-rate
reduction should be considered. This point will be discussed in the section 4.3.

4.2.3 Mixed resolution (MR) coding

According to the perceptual phenomenon of binocular suppression, the HVS can
tolerate the absence of high frequency information in one view. It is possible to
reduce the spatial resolution of one view of the stereo pair while keeping the other
view at its original high resolution, and finally without affecting the overall binocular
perception. This approach is usually known as the spatial mixed resolution (MR)
method.

Therefore, in the MR concept the left and right images are presented to the
viewer with different levels of sharpness, i.e., one image of the stereo pair is blurred,
while the second is kept as is (sharp) (see Figure 4.4). Subjective tests have demon-
strated that the perceived 3D fusion of these two images is relatively close to the
sharper image [164]. This can be explained by the fact that the sharp image masks
the blur effect of the lower quality one.

Perkins was the first to introduce the notion of MR coding [179]. In order to
reduce the bit-rate for S-3D delivery, before the encoding stage, Perkins proposed to
perform a low-pass filtering to one view, while the second view is unchanged. Due
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Figure 4.5: Block diagram of MR coding.

to the smaller number of pixels to be encoded compared to the full resolution (FR)
case, this operation leads to reduce the transmission bandwidth. At the decoding
stage, the view with lowest resolution is high-pass filtered to fit the resolution of the
second view, as illustrated by Figure 4.5. Several works have followed this concept
since then [170-178]. With respect to the literature, MR coding is by far the most
explored and commonly used among the asymmetric coding approaches.

In [164], based on subjective tests, the authors studied the impact of uncom-
pressed MR stereoscopic sequences at downsampling ratios of 1/2 and 1/4 applied
on both horizontal and vertical axes. It was found that spatial filtering produced
acceptable results, and had no effect on the overall sensation of depth. Add to
that, when using half resolution the perceived sharpness and quality were nearly
transparent, but quarter ratio provides a slight quality drop. Finally, the authors
concluded that MR coding is an effective way to reduce transmission bandwidth,
while maintaining acceptable image quality, sharpness, and depth. This conclusion
is further supported by Seuntiens et al. in [166].

The performance of asymmetric quantization and spatial MR methods has been
investigated in [162,165,171,172,177,178|. According to their subjective results, they
favor spatial MR over asymmetric quantization. They have found that viewers could
identify relatively easily asymmetry achieved by quantization, than the one achieved
by spatial resolution reduction. This is because the blocking artifacts appear as high
spatial frequency noise, making them difficult to suppress by the other view, whereas
the effect of blurring is masked. Finally, they conclude that in case of asymmetric
blurring, the perceptual quality of a stereoscopic image pair is dominated by the view
with higher resolution. However, in case of asymmetric quantization, the perceived
3D image quality is mainly determined by the low-quality component.

It was found in [178| that the subjective impairment caused by asymmetric
blurring, is reduced by increasing resolution and viewing distance, and decreasing
display size. In addition, the authors have studies the impact of bit-rate allocation
between the left and right views in case of MR coding. The results showed that the
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Figure 4.6: Asymmetric stereoscopic coding scheme based on MVC with two addi-
tional down-sampling blocks (in yellow) [174].

maximum PSNR is obtained at a distribution of 30% to 35% of the total bit-rate for
the lower resolution view, when applying sub-sampling by a factor of two in both
directions.

As mentioned previously (see section 2.4.3), using inter-view prediction produces
additional coding gains. In order to increase the coding performance, some works
have focused on how to combine the inter-view prediction with MR coding approach.
Since, in the case of MR, the two views have different spatial resolutions not allowing
to apply directly the inter-view prediction. One solution proposed by Fehn et al.
[174] is to integrate an additional downsampling block attached to the reference
picture buffer (as illustrated by Figure 4.6). This block is required to generate
from the high-resolution view an inter-view reference picture with the same size as
the low-resolution view, so that H.264/MPEG-4 AVC motion compensation can be
applied for inter-view prediction. The results in [179] showed that the combination
of MR and inter-view prediction yields the highest coding gains. Moreover, in [179]
the coding performance has been evaluated according to the direction of the inter-
view prediction. The authors have compared two directions of inter-view prediction:
Prediction from the high-resolution view to the low-resolution view and vice versa.
It was shown that for low bit-rates both prediction directions perform equally, while
for medium and high bit-rates the prediction structure from high-resolution to low-
resolution performs better.

More advanced and less complex strategies have been proposed by Chen et al. to
combine MR approach with inter-view prediction [175,180,181|. The authors pro-
posed an adaptive filter to generate a better-predicted signal in inter-view prediction.
In their approaches, different filters are applied for different picture regions based
on their distortions as well as the associated temporal and depth levels. Simulation
results showed that these methods provide a bit-rate saving of 27% at maximum
and 8% on average.

Usually, there are two ways to achieve MR, coding. The first one is downsampling
an image to a smaller size before encoding, and the second one is applying a blur
filter (e.g., disk filter, Gaussian filter, etc.), as illustrated in Figure 4.7. Spatially
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Figure 4.7: Implementing MR coding method by (a) blur filter or (b) down/up
sampling approaches.

downsampling an image reduces its size, since only specific pixels are kept depending
on the used ratio. The MPEG-4 downsampling filter [182], with coefficients |2, 0,
-4, -3, 5,19, 26, 19, 5, -3, -4, 0, 2| /64, is often used. However, the blur filter removes
the high frequency components, while the size of the image is unchanged. This
allows to encode the image with less bits, because only few details (high frequency
components) need to be encoded.

From the visual quality standpoint, both procedures have the same visual effect
of blurring. However, downsampling and then upsampling back for 3D visualization,
introduces more visual artifacts than using blur filters [176,177]. From a compres-
sion point of view, as mentioned previously, combining inter-view prediction with
downsampling concept requires an extra buffer size, in addition to design changes
affecting low levels of encoding and decoding processes [174,175,179|. In contrast,
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the blur filter is applied as a preprocessing step keeping the coding and decoding
unchanged.

In general, it can be concluded that MR coding is a promising approach to
decrease the bit-rate and yet provides close 3D visual quality to FR coding. However,
in order to increase visual experience, it is important to effectively choose the type
of low-pass filter and to define its appropriate strength.

4.2.4 Asymmetric luminance/chrominance

Inspired by prior works on visual perception, relating that HVS is far more sensitive
to luminance than to chrominance and that, visual acuity is less for chrominance
relative to luminance. Some works proposed to represent the chroma information
of one view of the stereo pair by fewer samples than its respective in the other
view [183]. It has been shown in [183], that applying a downsampling to chroma
components of only one view of the stereo pair does not affect the perceived qual-
ity compared to the symmetric approach, provided that the downsampling ratio is
properly selected.

Other works proposed to discard all the chrominance information of one view
of the stereo pair before encoding [184, 185]. After decoding, the luminance-only
frames are colored using chrominance information from the other view by applying
color transfer techniques based on disparity information [184,185]. The differences
between the reconstructed and the original color images are insignificant, and HVS
can ignore these differences due to binocular suppression. Thus, the bandwidth
requirements can be relaxed while not affecting the final stereoscopic effect.

Finally, the previously described asymmetric stereoscopic coding methods can be
combined, with the condition to keep one view completely unaltered. For instance,
a combination of spatial resolution reduction, with chroma downsampling, and/or
increasing the QP may lead to a better efficiency.

4.3 Perceptual limits of asymmetry

While subjective experiments showed that asymmetric stereoscopic video provides
an acceptable visual experience, the amount of this asymmetry is still an open
problem. Measuring the perceptual limits of asymmetric coding or quantifying the
just noticeable threshold of asymmetry between views of the stereo pair, for which
the S-3D effect is not affected, is an important issue. To the best of our knowledge,
only few works have been dedicated to this topic [168,170,171,184]. For instance,
authors of [168] found that the just noticeable level of asymmetry depends on display
technology and expressed this gap between both views in term of PSNR, i.e., about
9 dB for a parallax barrier display and 7 dB for a full resolution projection display.
In the same vein, Shao et al. [184] showed that 2 dB of difference between the left and
right views, is the maximum tolerance level for which the viewer does not notice
visual artifacts. Concerning the limit of asymmetric coding by spatial resolution
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reduction, Aflaki et al. [170] made several trials with different downsampling ratios
(1/2,3/8, and 1/4) along both horizontal and vertical axes, and concluded that the
range of downsampling ratios between 1/2 and 3/8 provides satisfactory 3D viewing
experience.

The latest studies described above, use the aforementioned limit of asymmetry to
perform effective asymmetric coding in such a way that the viewer cannot perceive
any degradation. However, all the previous works are based on subjective experi-
ments and the determination of the just noticeable level of asymmetry highly relies
on them. Unfortunately, it is difficult to generalize the derived threshold to any
other stereo pair, because the latter depends on the sequence content, the display
type, the screen size and so on. A demonstration of this variability can be seen be-
tween [104] and [112], where, while both studies focused on asymmetric quantization
following the same procedure, results gave very different threshold values.

Another issue lies in the fact of assigning a single threshold value to the entire
image, which does not allow any adaptation to neither the content nor the original
quality. Add to that, the techniques discussed earlier apply a uniform asymmetry
by considering that all regions of an image have the same perceptual relevance,
which is not in compliance with the characteristics of the HVS. Finally, none of the
attempts have taken into account the characteristics of the view with higher quality,
such as brightness or contrast. For example, a high contrast in one view may mask
impairments in the other.

4.4 Proposed adaptive asymmetric stereoscopic coding

In this chapter, we propose a fully automated model that dynamically determines
the best limits of asymmetry offering optimal 3D visual experience. The proposed
method consists of adaptively selecting for each region of the image, the level of qual-
ity reduction. Our model is based on recent findings in visual perception, specifically:
1) the Binocular Just Noticeable Difference (BJND) [83] model (see Section 1.3.3),
2) the relationship between blur/sharpness and depth level, and 3) visual attention
(see Section 1.3.1). We use the BJND model to determine the minimum distortions
in one view that generate 3D perceptual difference, and combine depth information
with visual saliency maps to adjust the resolution.

As stated before, when the left and right images are presented to the viewer
with different levels of sharpness, i.e., one image of the stereo pair is more blurry,
the resulting 3D perception is close to the sharper image. On the other hand,
the HVS tolerates a certain limited level of blur in one view that does not impair
the 3D viewing experience. The principle of the proposed asymmetric stereoscopic
coding approach relies on the fact that, the blur introduced in one view of a stereo
pair should lead to a change below the binocular visibility threshold (BJND), thus
avoiding visible artifacts. Moreover, as shown by subjective experiments described
in [186], the sharpness visibility at different depth levels is different. The perceived
blur of the object is highly dependent on the objects’ distance (position in the
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Figure 4.8: Relation between objects’ distance, depth and sharpness [187].

scene), i.e., the closer object appears sharper than deeper objects (see Figure 4.8).
Accordingly, we use the depth information to control the strength of the introduced
blur. In traditional methods of MR coding, one view is fully blurred at a fixed
level of blur. However, the binocular visual properties are not spread equally across
the stereoscopic images, because the response of the HVS to distortion in different
regions is not uniform [244|. For example, the occluded regions cannot be binocularly
compensated (masked), because they have no corresponding regions in the other
view. Thus, the blur effect in such regions may be noticed. Therefore, we propose
a novel MR coding method that enhances the concept of asymmetric coding relying
on several aspects of the HVS.

In our model, in order to reduce the spatial resolution of one view of the stereo
pair, we opted for the blur filter instead of downsampling an image to a smaller size.
Because, using a blur filter allows assigning different degrees of blur to different
regions of the image, thus providing more flexibility. More specifically, we use a
circular kernel filter as blur kernel instead of the well-known Gaussian filter. Since
to tune the strength of the blur filter, the disk filter depends on a single parameter,
which is the diameter of the filter (kernel width), in contrast to Gaussian filter that
depends on the standard deviation (o) as well as the kernel width. Consequently,
with a disk filter, we have fewer variables to optimize. Add to that, disk filter offers
a radial symmetry as well as a flat response [176].

In the following, our three proposals are described, where the second and third
are respectively a refinement and a temporal extension of the core proposal [159,160].

— Proposition 1:

Given a stereo pair of images, denoted by I; for the left view and I,- for the right. In
the following, we consider the right image as the sharper image and it is not altered,
while the left image is the image to be blurred. One may relate this choice to the
notion of eye dominance. Because, approximately 70% of the world population is
right eye dominant [188], while the rest are left eye dominant. This assures that
if eye dominance has an effect on the perceived quality of stereoscopic asymmetric
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image/video, it is better to provide the left view with a lower quality, since the
majority of viewers are right eye dominant. However, according to [166] and [172],
there is no significant difference between the left-eye and right-eye dominant subjects
on binocular quality perception of asymmetric stereo images. Thus, the dominant
eye is not considered in our model and the choice of the blured view is arbitrary.

The aim is to reduce the spatial resolution of the left image, in order to decrease
the bitrate without causing visible artifacts in 3D viewing. To achieve this, we blur
I; by a disk filter F' defined as follows:

1%3)(i, §) = 1(i, §) = Fr, , (4.1)

with R;; = arg max g4, j)
k>0

= {k | LG, 5) — " (0,5)] < 6 - VTi )

where x is a convolution product, and I;(i,j) denotes the luminance value of the
pixel at position (i,j). R;; is the diameter of the disk filter Fg, ; that determines

the strength of blur for each pixel (i,7), and .fl(k) is the output of the filtered left
image with a k diameter disk filter. J; ; is the weighting factor related to the stereo
matching result (disparity map), the definition of this factor will be discussed later.
The change introduced by the blur shall not exceed the visual threshold V'T; ; defined
by equation (4.2):

VT ;= d‘llgfj,) -BIND, (i, 5) (4.2)
where d;(i,j) is the disparity value of pixel (7, ), and dyq, is the maximum value
of the disparity map. VT;; depends on two factors: the BJND;(i,j) which rep-
resents the Binocular-JND of the left image at pixel position (7,j), and the depth
information.

It is known that the disparity is inversely proportional to depth (see Section
1.2.2.1 for more details), meaning that objects with greater disparity are closer,
and vice versa. Accordingly, VT;; of closer pixels (d;(i,j) = dmaz) are mainly
determined by BJND;, unlike to deeper pixels which are more blurred, because
V'T; ; is higher. This process is applied only to the luminance component, to all
pixels of the left view, except those with zero disparity (e.g., occluded pixels or
bad matches). For the latter, they are kept unaltered. In our implementation, to
estimate the disparity map, we use the stereo matching algorithm described in [189)].

Since V'T; ; is dependent on two factors which in turn are based on the disparity
map, and as in practice the stereo matching algorithms can cause some bad matches,
we introduce a weighting factor d; ; to control the influence of V'I; ; according to
the reliability of the stereo matching result. To achieve this, we use a dissimilarity
function that assesses the stereo matching result in each pixel as follows:

0ij = arexp(—az - |ZNCC(i,7,d;)|) (4.3)
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where a; and ag are two constants determined experimentally, and ZNCC (Zero
mean Normalized Cross Correlation) is window-based dissimilarity measures defined
by equation (4.4). In this latter equation, W denotes a 5 x 5 window centered at
pixel (i,7), and I.(i,j) is the mean value computed over all pixels inside W. The
ZNCC ranges from [—1, 1], and it is used in equation (4.3) to exponentially decrease
the influence of V'T; ; according to the quality of the disparity map. On the other
hand, if the disparity value is not reliable, then ZNCC' is high, and consequently,
the value of the pixel is not significantly changed by the proposed process.

> (Wi, 5) = 1, §)) - (In(i = dy, §) = Lo — dy, 5))

ZNCC(i, j,dy) = GF)eW . .
> (i) = 060> Y (I —dy, 5) = L — di, 5))
(i,5)eEW (4,)EW

(4.4)

— Proposition 2:

In the previous proposition, the process is applied only to the non-occluded pixels,
and the remaining occluded pixels are kept unaltered. One of the main problems
in stereo matching is the occluded and unknown regions. After matching the stereo
pair, the resulting disparity map identifies the missing information by zero values.

In order to enhance the previous described model, we start first by preprocessing
the generated disparity map using a recursive bilateral filtering [190], in order to as-
sign valid values to pixels with zero disparity (e.g., occluded pixels or bad matches).
Figure 4.12 shows an example of disparity map before and after the application of
the recursive bilateral filtering.

Then, in order to assign properly the strength of blur to each region, we consider
additional perceptual features such as visual saliency (see Section 1.3.1). Thus, we
combine depth information with visual saliency to control more efficiently the blur
level. This point has been integrated in equation (4.2) as follows:

(1-81(6.0))
) (4.5)

.. dmaz
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where Sj(i, j) represents the saliency value of pixel (i, 7). For the generation of the

saliency map S;, we used the Graph Based Visual Saliency (GBVS) model described

in [191] due to its efficiency and good results [192]. Each Sj(i, j) value ranges from
0 (un-salient pixel) to 1 (most salient pixel).

Therefore, in this second proposition we applied a preprocessing to disparity
map and integrated saliency information for tuning the blur level. Thus, all the
remaining process described by equations 4.1 to 4.4 (except equation (4.2)) remains
the same as explained previously (Proposition 1).

Consequently, following this concept, deeper pixels are more blurred, provided
that they are not salient, because V'T; ; is higher. In contrast, if the region has a
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Figure 4.9: Disparity map before and after the recursive bilateral filtering.

high depth level and represents a perceptual importance (most salient), the effect
of blur is somewhat mitigated by .S; factor.

— Temporal extension:

After performing a deep experimentation described in Section 4.5, including sub-
jective and coding performance testing. We noticed that proposition 2 outperforms
the first one in terms of both coding and subjective results. Based on these results,
we tried to extend proposition 2 to stereoscopic video in order to tackle the problem
of asymmetric stereoscopic video coding.

An obvious solution to extend the original algorithm to stereoscopic video is
to apply it to the whole sequence on a frame-by-frame basis. However, this can
lead to variations between subsequent time steps, which may deteriorate the coding
performance and produces a noticeable flicker distortion affecting the QoE. In ad-
dition, since for each time step the whole process is repeated, this will increase the
complexity making difficult to apply this approach in real time applications.

Therefore, in order to fix this issue, the input video is firstly segmented tempo-
rally into shots to reduce operations on similar frames. Then, the proposed adaptive
asymmetric stereoscopic coding method is applied on selected key frames (the first
frame of each shot). Next, within each video shot, the obtained key frames results
are propagated from key frames to non-key frames.

The goal of temporal video segmentation is to divide the video stream into a set of
meaningful and manageable segments (shots) [193]. Each shot is then represented
by selecting key frames. There are two basic types of shot transitions: abrupt
and gradual. Abrupt transitions (cuts) are simpler, they occur in a single frame
when stopping and restarting the camera. Gradual transitions are more difficult to
detect than cuts. They must be distinguished from camera operations and object
movement that exhibit temporal variation of the same order and cause false positives
[193]. Algorithms for shot boundaries detection were already discussed in several
review papers [193-195]. Based on the metrics used to detect the difference between
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successive frames, the algorithms can be divided broadly into three categories: pixel-
, block- and histogram-based comparisons.

In order to reduce sensitivity to camera and object movements, in our method we
used histogram comparison between successive frames. The idea behind histogram-
based approaches is that two frames with unchanging background and objects will
have little difference in their histograms. In addition, histograms are invariant
to image rotation and change slowly under the variations of viewing angle and
scale. More specifically, we use local histogram comparison instead of the global
one, because the latter ignores the spatial information and, therefore, fails when
two different images have similar histograms.

The adopted temporal video segmentation algorithm is performed in three steps
as follows: (1) histogram calculation, (2) dissimilarity computation between frames
and (3) shot boundary detection.

For the first step, color histogram in the RGB color space is computed from each
frame of the sequence. In order to reduce the bin number (3 color channels x 8 bits
create histograms with 224 bins), only the upper two bits of each color intensity are
used to compose the color code. We considered only 64 bins, which has given a
sufficient accuracy.

A color histogram of a frame ¢ is an n-dimensional vector H;(j), j = 1,2,...n,
where j denotes a code value derived from the three color intensities of a pixel, and
n is the number of color levels. Finally, H(j) represents the number of pixels from
the frame ¢ with color level j.

Then, in the second step, the Euclidean distance is used as dissimilarity metric
to detect the difference between successive frames. Before computing this difference
between color histograms, each frame i is divided into b blocks that are compared
with their corresponding blocks in following frame ¢ + 1 as follows:

b
D(i,i+1)=)» DP(i,i+1,K),
k=1

with D(i,i+ 1, k) Z \/ Hi11(5,k))?, (4.6)

where k represents a block, and b is the total number of blocks.

Finally, in the third step, the shot boundary detection is determined by compar-
ing the histogram distance (D(i,i41)) against a threshold 7. An adaptive threshold
at frame 4 is computed as follows:

D(t,t—1)
1—1 ’

i
T(i) =n x 2i=2 (4.7)
where ¢ is the index of the #'" frame of one shot. It is an averaged dissimilarly
up to frame ¢ multiplying with a factor n, which is introduced to avoid under-

segmentation (in our implementation n=3). A shot boundary is marked at ¢, when
D(i,i—1) > T(i).
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Once all the shots have been defined, this implies that the key- and non-key-
frames have been determined. Then, we apply the process described in Proposition
2 on the key-frames. Following that, the same computed parameters for key-frame
are applied to non-key frames of the same shot.

4.5 Experimental results

In this section, simulation results are provided to evaluate the performance of the
proposed asymmetric stereoscopic coding method. The evaluation is organized in
two parts. The first one is related to the first two propositions, and the second one
is devoted to assess the proposed asymmetric stereoscopic video coding (temporal
extension) method.

4.5.1 Experience 1

In order to evaluate Proposition 1 and 2, simulations have been carried out on the
Middleburry stereo dataset [196]. The used test images were: Art, Book, Cloth3,
Cones, Middl1, Midd2, Moebius, Reindeer and Teddy. The objective and subjective
performance of the two proposed adaptive asymmetric stereoscopic coding methods
and symmetric stereoscopic coding method (denoted as SSC) as well as traditional
uniform MR coding (UMR) methods were compared.

Specifically, we considered two traditional uniform asymmetric stereoscopic cod-
ing methods. The first one achieves the MR coding by applying a downsampling
ratio of 1/2 along both coordinate axes (denoted as UMR-D), and the second consists
in applying disk filter with a fixed diameter of 2 (denoted as UMR-B). The values
of 1/2 and 2 have been demonstrated experimentally in [170] and [176], respectively,
so that they provide satisfactory 3D quality.

First, in Figures 4.10 and 4.11 we show examples of blurred images obtained
from the different compared methods and also the computed blur maps. The blur
maps illustrated in these figures represent the level of blur of each region of the
image. We can see that the proposed methods affect adaptively the degree of blur
according to the perceptual importance of each region, in contrast to the UMR
methods providing uniform blur on the whole image.

4.5.1.1 Effect on coding performance

In order to assess the proposed methods in terms of coding performance, we used
the JMVM software [99] with different QP values (QP = 22, 27, 32, 37). Usually,
JMVM is used for coding MVV but in our case it is used to enable the inter-view
prediction.

The right image was coded as I frame (reference image) and the left image (target
image) was predicted from the reference one, usually this type of image is referred
to as P frame. To allow the inter-view prediction in UMR-D method, we performed
the downsampling (by 1/2) of the right image at the reference picture buffer level.
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Figure 4.10: The obtained visual results for the left image of Teddy stereo pair.
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Table 4.1: Bit-rate saving and average PSNR (dB) comparisons measured against
symmetric coding method using Bjgntegaard measurement.

Method UMR-B UMR-D Proposion 1 Proposion 2
ABitrate ABitrate ABitrate ABitrate

Image saving APSNR saving APSNR saving APSNR saving APSNR
Art -35.69% 2.95 -33.90% 2.75 -36.75% 3.04 -37.07% 3.11
Books -38.70% 2.79 -36.37% 2.50 -38.04% 2.93 -38.69% 2.98
Cloth3 -40.87% 3.94 -40.78% 3.52 -40.92% 4.22 -41.04% 4.81
Cones -39.34% 2.27 -38.85% 2.12 -39.88% 2.32 -40.04% 2.42
Midd1 -32.27% 2.04 -31.69% 2.15 -34.51% 2.29 -34.12% 2.36
Midd2 -31.06% 2.18 -31.15% 2.23 -34.12 2.40 -35.03% 2.45
Moebius -34.61% 2.01 -23.38% 1.25 -34.62% 2.03 -34.88% 2.10
Reindeer|| -30.09% 2.48 -29.93% 2.15 -32.11% 2.62 -33.13% 2.41
Teddy -38.46% 2.75 -38.90% 2.67 -39.97 2.77 -41.12% 2.82
] Average H -35.67% \ 2.60 \ -33.88% \ 2.37 \ -36.76% \ 2.73 \ -37.23 \ 2.82 \

Finally, after decoding, the downsampled left image is upsampled for PSNR calcula-
tion. Table 4.1 lists the bit-rate saving and average PSNR gain generated using the
Bjontegaard measurement [197] for the tested stereoscopic images. It also provides
the average values for the whole test-set. Note that a bit-rate saving compared with
a reference method corresponds to negative values.

From the obtained results, the bit-rate saving achieved by the Proposition 1
ranges from about 32% to 40% and from 33% to 41% for the Proposition 2, compared
with SSC method. Also, UMR-B and UMR-D with lower performance than the two
proposed methods, provide up to 39.34% and 40.78% bitrate saving, respectively.
In terms of average PSNR, Table 4.1 shows that the gains are consistent and that
both proposed methods outperform the others for almost all images. In addition
to the Bjontegaard measurement, Figure 4.12 shows the rate/distortion cuves for
some coded stereo images pairs. It clearly confirms the previous conclusions since
our proposals provide the best results. However, it is important to notice that
Proposition 2 has a relative advantage compared to Proposition 1.

4.5.1.2 Effect on perceived quality

In order to confirm the good results obtained with our approaches, we performed
subjective test so as to quantify the 3D visual experience of the viewers. Therefore,
the test was performed in the XLIM lab test-room, calibrated following the ITU-R
BT.500 recommendations [198], using a Hyundai S456D stereoscopic 3DTV. The
display was placed 0.5 m from the back wall and 4H from the viewer (H being the
height of the image). Each viewer adjusted the height of their chair so that the
position of his/her eyes were at about the same as the height of the center of the
display. The room lighting was controlled and the display has been calibrated using
the ildisplay2 spectrometer from Gretag Macheth®.

Thirteen naive observers with age raging from 23 to 37 participated to the test.
They have been pre-screened for visual acuity using fr@ct, color blindness using
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Figure 4.12: Rate/distortion curves of the Cones, Midd1, Moebius, and Reindeer
stereo pairs.

Ishihara test and depth blindness using Randot Stereo test.

A set of 36 stereoscopic images, corresponding to 9 original pairs with associated
results obtained using UMR-B, UMR-D and our proposals, was randomized and
presented sequentially. We opted for an ACR-5 (Absolute Category Rating) method
with hidden reference [125] for these tests. The aim being to be close to real condition
when someone use his own display to view a stereo-pair without any cue about the
original. Observers were asked to rate each S-3D image on a quality scale composed
of 5 categories (Bad, Poor, Fair, Good, Excellent). Before the experiment starts,
observers were provided with instructions explaining the task before going to the
training session.

In order to account for the influence of the hidden reference, the final scores
DMOS (Difference Mean Opinion Score) are calculated using the following equation:

DMOStest = MOStest - MOSOriginal +95 (48>

where MOS;est and M OSoriginal are respectively the score of a given stereo pair
for one of the used methods and the score of the original image.
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Figure 4.13: DMOS values for each image of the test-set using UMR-B, UMR-D
and proposed approaches.

Table 4.2: Bit-rate saving and average PSNR (dB) comparisons between the pro-
posed asymmetric stereoscopic video coding approach and symmetric coding method
using Bjontegaard measurement.

Sequences - UMR_B - UM.R_D - Proposed
Bitrate saving | PSNR | Bitrate saving [ PSNR | Bitrate saving | PSNR,
Balloons -10.13% 0.52 -12.09% 0.64 -14.17% 0.75
Kendo -12.02% 0.9 -9.36% 0.51 -11.83% 0.89
Undo Dancer -17.27% 0.83 -8.08% 0.39 -21.02% 1.04
GT Fly -6.91% 0.34 -11.38% 0.45 -18.38% 0.9
Poznan Hall2 -14.09% 0.75 -6.74% 0.42 -17.3% 0.95
Poznan Street -1.36% 0.28 -5.27% 0.12 -8.88% 0.32
Pantomime -12.84% 0.78 -11.02% 0.66 -20.64% 1.28
Champagne Tower -12.89% 0.80 -16.78% 1.06 -26.11% 1.74

Figure 4.13 gives the DMOS for all images from the test-set. Values above 5
indicate that observers scored the image better than the original one. One can
notice that the proposed approaches obtain very good results almost for all images
with a gap close to 1 MOS value for some images. Exception is made for Moebius
and Midd1, the difference is very slight or negligible for the latter. This confirms
the results obtained from the objective study.

4.5.2 Experience 2

To evaluate the rate-distortion performance of the proposed asymmetric stereoscopic
video coding method, eight MPEG standard MVV sequences are chosen, namely
Balloons, Kendo, Undo Dancer, GT Fly, Poznan Hall2, Poznan Street, Pantomime,
and Champagne Tower.

Similarly to the previous coding evaluation described in Section 4.5.1.1, the



4.5. Experimental results

101

Bailoons sequence

44 T

40+

|-

PSNR [dB]

3B

)| —e—SsC
i =& -UMR-B

| —@— Proposed

UMR-D

i i H i H
300 400 500 600 700 800
Bitrate (Kbps)

tindo Dancer sequence
42 T

900 1000

|-

B/

PENR [dB]

34

)| —e—ssC
| =& -UMR-B

:| —@— Proposed

UMR-D

1600 1800
Bitrate (Kbps)

i L
1200 1400

Poznan Halt? sequence
44 T

2000

2200 2400

42

40

PENR [dB]

3B

—&—3S55C

=& -UMR-B
UMR-D

—@— Proposed

1000 1200

Bitrate (Kbps)

) . .
100 600 a0

1400 1600

PSNR [dB]

PSNR [dB]

PSNR [dB]

44

Kendo sequence

42

40

38

6

—&— 550
s — &~ UMR-B
UMR-D
—&— Proposed
2 i i H i i i T T
400 5000 600 700 600 900 1000 100 1200 1300
Bitrate (Kbps)
GT Fly sequence
44 -
2R 4
ot R
3B/ B
Br B
(| —&—355C
34t d—@-UMRE
UMR-D
:| —@— Proposed
e i i i i H T
1000 1300 1600 1900 2200 2500 2800 3100
Bitrate (Kbps)
Poznan Sireet sequence
44 T
a2
401
el
B B
34
—&— 3550
T2 e e = & -UMR-B
UMR-D
—@— Proposed
a0 i i i T
400 600 800 1000 1200 1400
Bitrate (Kbps)

Figure 4.14: Rate/distortion curves of the coded stereoscopic videos.

experiments were run using the JMVM software with typical settings for MVC, for
details regarding the test conditions the reader can refer to [149]. The right view
was coded as reference view and the left view was predicted from the reference one.
The same methods (SSC, UMR-B and UMR-D) have been evaluated and compared

with the proposal.

To allow the inter-view prediction in UMR-D method, we performed the down-
sampling (by 1/2) of the right view along both coordinates axes at the reference
picture buffer level. This downsampling has been achieved using the MPEG-4 down-
sampling filter [182], with coefficients |2, 0, -4, -3, 5, 19, 26, 19, 5, -3, -4, 0, 2|/64.
Finally, after decoding, the downsampled left view is upsampled for PSNR, calcula-
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tion. Table 4.2 lists the bit-rate saving and average PSNR gain generated using the
Bjontegaard measurement [197| for the coded stereoscopic video.

In addition to the Bjgntegaard measurement, Figure 4.14 shows the results in
terms of rate-distortion performances. The curves consist of 4 QP points which
are 22, 27, 32, 37. According to these curves, it is clear that the proposed method
provides significantly better rate-distortion performance than the other methods,
which confirms the obtained results with Proposition 1 and 2.

4.6 Conclusion

In this chapter, novel asymmetric stereoscopic coding methods are proposed. The
proposed approaches enhance the MR coding concept by introducing a non-uniform
reduction of spatial resolution allowing decreasing the bandwidth required for S-3D
delivery. Based on three HVS-inspired models, the proposed approaches determine
the best level of blur to be introduced for each region of the image, making the blur
effect almost transparent to the viewer, thus offering optimal 3D visual experience.
Another contribution described in this chapter, is the extension of the proposed
asymmetric coding method to stereoscopic video. Thanks to the adopted temporal
video segmentation, we have been able to apply the proposed method to stereoscopic
video, while maintaining the temporal correlation between successive frames and
keeping the complexity of the proposed process very low.

Objective and subjective evaluation results demonstrated that the proposed
methods can provide significant bit-rate saving without noticeable visual quality
losses. From a visual quality standpoint, the produced 3D visual quality shows a
gap, in favor of our approaches, compared to the state-of-the-art methods. Also, the
proposed approaches can be considered as a preprocessing so as they do not require
any overhead bits nor architecture changes at the encoder and decoder sides.

Even though the proposed asymmetric stereoscopic video coding method is pro-
viding satisfactory results, we believe that including perceptual temporal features is
a promising step towards the improvement of the proposed method and consequently
the quality of experience.
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5.1 Introduction

The introduction of 3D imaging technologies in different areas such as education,
medicine, cinema, communication, gaming, has exponentially increased over the re-
cent years. An evidence for this consumer interest is the significant increase in the
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Figure 5.1: 3D video processing chain artifacts [200].

production of 3D contents. According to the latest theatrical market statistics gath-
ered by the Motion Picture Association of America (MPAA) [199], the proportion
of cinema screens that are 3D has reached 35% worldwide, and approximately half
of all cinema-goers viewed at least one 3D movie in 2012. However, as these huge
amounts of 3D content must be handled through the typical multimedia processing
chain (e.g., acquisition, editing, compression, transmission, reconstruction, restora-
tion, etc.), distortions are inevitably introduced, which will contribute to the overall
3D perceptual quality. At each stage of this processing chain, different artifacts can
be identified, as listed non-exhaustively on Figure 5.1. Thus, at every processing
stage, it is desirable to identify and quantify the decrease of image quality, and
finally to guarantee the final 3D viewing experience.

Moreover, to avoid reproducing the previous failed attempts to accept the 3D
imaging systems, high-quality 3D visual content must be achieved. In this con-
text, 3D quality assessment methods measuring the 3D visual experience are of a
paramount importance. The latter are a central issue in the success of 3D technolo-
gies, because, it ensures the measurement and monitoring of 3D quality of experience
(3D QoE) as perceived by the end-user.

As the human eyes are the ultimate receiver judging the quality, the human
subjective opinion remains the most reliable measure reflecting the perceived 3D
image quality. This user-perceived quality is obtained by means of subjective tests,
where a large number of viewers provide their personal opinion on perceived quality.
However, such experiments are time consuming and costly, not feasible for real-time
applications, and depend strongly on the observer context (personal experience,
emotional state, etc.) [201]. Therefore, reliable automated methods or algorithms
are really needed to measure the perceived quality of 3D content in line with the
HVS. Automated evaluation of visual quality using an algorithm is referred to as
objective quality assessment.

Compared to 2D quality assessment (2D-QA), which has been studied exten-
sively [202], 3D quality assessment (3D-QA) is still an open field and there is no
commonly accepted metric that ensures reliable 3D quality evaluation i.e., that
correlates with human judgment. The reason for this difficulty lies mainly in the



5.2. Visual quality assessment 105

lack of understanding of 3D human perception. The latter is very complex and
requires a multidisciplinary approach. Furthermore, the nature of 3D images is also
complex and contains several depth cues and perceptual attributes. All these prob-
lems represent a real challenge to the quality research community. Consequently, in
response, this chapter presents three different quality assessment metrics for stereo-
scopic images based on perceptual binocular characteristics. In order to be as close
as possible to the HVS behavior, the proposed metrics are designed so that they
take into account the binocular visual phenomena.

The remainder of this chapter is organized as follows. Section 5.2 addresses the
two major approaches of visual quality assessment, i.e., subjective and objective.
Next, a state-of-the-art of stereoscopic image and video quality metrics covering the
major contributions to 3D objective quality assessment is presented in Section 5.3.
Thereafter, the proposed approaches are described in Section 5.4, starting by defin-
ing the proposed binocular model, then detailing the three proposed stereoscopic
image quality metrics. Section 5.5 is dedicated to experimental evaluation and per-
formance analysis of the proposed metrics. Finally, in Section 5.6, the chapter is
concluded with some remarks and future works.

5.2 Visual quality assessment

Globally, there are two main ways to measure image/video quality. The first is
subjective quality assessment. This approach is a psychologically based method re-
quiring structured experimental designs and involves human participants to evaluate
the visual quality. The second is objective quality assessment, which corresponds
to computational models that can predict perceived image quality accurately and
automatically. In the following, these two approaches are consistently described.

5.2.1 Subjective quality assessment

Typically, in visual multimedia applications, the human is the ultimate receiver.
Accordingly, subjective evaluation is the best way for assessing the quality of an
image. In a subjective test, a large number of viewers (referred to as subjects) are
asked to judge the perceived quality of the visual signal (referred to as stimuli)
according to some predefined scales. Subsequently, these obtained subjective scores
are processed across human viewers, providing a quality score, to referred as the
mean opinion score (MOS) or differential mean opinion score (DMOS).

In order to ensure reliable and statistically significant results, the subjective tests
should be run following the standards, which formalize the test set-up, the scoring
procedure and so on. For instance, formal subjective testing has been described
in the ITU recommendations [204] and ISO standards [203]. Table 5.1 specifies
the common features and methods for subjective quality assessment described in
ITU-R BT.500 [204]. Common features specify the conditions for conducting the
subjective test. While, the assessment method refers to the protocol used to perform
the evaluation task.
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Table 5.1: Specification of subjective quality assessment in ITU-R BT.500.

General viewing condition

Source signals

Selection of test materials

Range of conditions and anchoring

Common features Observers

Instruction for the assessment

The test session

Presentation of the results

Particular method should be used to address particular
Assessment method | assessment problems

For S-3DTV, ITU published the ITU-R BT.1438 recommendation [205], which
is guidelines for subjective assessment of stereoscopic television pictures. The latter
are mainly based on the I'TU-R BT.500-11 for the assessment of two-dimensional
television pictures. In this standard, three main categories of stimulus presentation
and rating procedure are defined: (i) double stimulus (DS) methods (sequential
presentation of each pair of a reference and a test stimulus), (i) single stimulus
(SS) methods (presentation and rating of the test stimulus only), and (i) stimulus
comparison (SC) methods (presentation of pairs of stimulus and rating of relative
quality). The rating scale can be either continuous or discrete, and either numerical
or categorical. Finally, the rating can be performed after each stimulus presentation
for assessing the overall quality, or continuously during presentation for assessing
temporal quality variations [200]. The recommended rating scales for these different
methods are shown in Table 5.2.

Table 5.2: Recommended rating scales to quantify the perceived quality [206].

DSCQS Continuous Quality Scale Comparison Scale of Stimulus—Comparison
A B -3 Much worse
Excellent ) Worse
Good T T -1 Slightly worse
Fair T T 0 The same
Poor T T +1 Slightly better
4+ 4 +2 Better
Bad 1 1 +3 Much better
Single Stimulus Quality Scale DSIS and Single Stimulus Impairment Scale
Excellent 5 Imperceptible
- Good + Perceptible, but not annoying
3 Fair 3 Slightly annoying
% Poor 2 Annoying

—

Bad 1 Very annoying
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Figure 5.2: The three main classes of objective quality metrics.

The subjective evaluation remains the best and ideal way to assess perceived
visual quality. However, this procedure is expensive, time-consuming, tedious, and
finally does not allow any integration to real time applications. As a result, the
ambition is to develop an automated method predicting the perceived quality of
visual stimuli in a consistent and objective manner.

5.2.2 Objective quality assessment

The aim of objective quality assessment metrics is to predict a quality score of an
image/video as close as possible to an average human observer will report [207]. In
general, objective quality metrics can be divided into three categories based on the
amount of reference information required by the metric to compute the quality score
(see Figure 5.2):

e Full-reference (FR)

The FR metric consists in comparing a distorted image to the reference, thus needing
the availability of the complete original /reference image. Among the various metrics,
the most simple and broadly used FR metrics are the mean square error (MSE)
and the related peak signal-to-noise ratio (PSNR). They are based on a pixel-wise
comparison of two images I and I, as follows:

MSE = 2 35 [16.9) - .|

m2

MSE

(5.1)
PSNR = 1010910
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Figure 5.3: Example of the upper limit of the PSNR (a) Addition of a 1,700 pixels
region and a Gaussian noise on 300 pixels, (b) Addition of a Gaussian noise on 2,000
pixels.

where X XY is the size of the image, and m is the maximum value that a pixel can
take (e.g., 255 for 8-bit images). These measurements are popular and often used
for image quality assessment because of their low complexity as well as their simple
of implementation. However, they provide poor performance for the prediction
of perceptual quality and do not correlate with the subjective ratings [208-210].
Because they are based on a pixel-based error measure, by equally weighting all the
image areas, without taking into account the properties of HVS, such as masking
effect. Figure 5.3 illustrates an example of the upper limits of PSNR interpretation.
Both images have the same PSNR = 11.06 dB, while, the visual quality is obviously
not the same.

To overcome these problems, some initiatives have been attempted to integrate
the HVS features into these metrics [211,214]. Therefore, to develop reliable quality
metrics, it is important to take advantage of the HVS behavior.

Because of the abundance of quality metrics proposed in the literature, in the
following, only the most relevant to the proposed work are described.

SSIM Structural Similarity Index [145]. This metric is one of the most popular
objective quality metrics for 2D images. It is considered as an extension of
UQI (universal image quality index) [212]. Under the assumption that human
visual perception is highly adapted for extracting structural information, SSIM
measures structural information degradation between original and distorted
images. To achieve this, the task of similarity measurement is separated into
three comparisons: luminance (1), contrast (¢) and structure (s). They are

computed as follows:
= 2pup+ Gy

(I, 0y =-Hrerr=1 5.2
D=t (5.2
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where i and o represent the mean and the standard deviation, respectively.
The constants C, are included to avoid instability.

Finally, the three comparisons are combined and the final SSIM index is com-
puted as follows:

SSIM(I,I)=[I(I,D)]*[e(I,D)]? - [s(I, )] (5.5)

where a > 0, 8 > 0 and v > 0 are parameters used to adjust the relative
importance of the three components.

MS-SSIM Multi-Scale Structural Similarity Index [258]. In order to consider the
variations of viewing conditions (viewer’s distance), the authors in [258] extend
the SSIM metric by adopting multi-scale structural similarity approach, which
supplies more flexibility than the single-scale method.

The MS-SSIM score is obtained by combining the aforementioned features, at
different scales j, as described by equation (5.6).

MS-SSIM, ; = [y (1, 1)]*™ H Bils; (I, 1) (5.6)

VSNR Visual Signal-to-Noise Ratio [211]. This metric is also a FR perception-
oriented metric. It exploits the just noticeable difference (JND) principle based
on contrast in order to determine whether the distortions in the impaired image
are visible. This metric operates via a two-stage approach. In the first stage,
the metric verifies if the difference between the reference and processed images
is below contrast thresholds (JND visibility threshold). If this is the case, the
processed image is dimmed to have perfect visual fidelity (VSNR is set to plus
infinity) and no further analysis is required. Otherwise, if the distortions are
higher than the threshold, a second stage, in which the metric models some
visual property to obtain the perceptual difference between the reference and
the processed image, is applied. Finally, the VSNR score is computed based
on a simple linear sum of these distances.

PSNR-HVS PSNR Human Visual System [214]. This metric is based on PSNR
and UQI modified to take into account the HVS properties such as its sen-
sitivity to contrast change and noise, and to low frequency distortions. The
modification considers the removal of mean shifting and contrast stretching
using a scanning window according to the method described in [212].

VQM Video Quality Metric [213]. VQM was proposed by Pinson et al. in [213].
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It is a FR video quality metric measuring the perceptual effects of video im-
pairments including blurring, jerky/unnatural motion, global noise, block dis-
tortion and color distortion, and combines them into a single metric. VQM is
carried out in several steps: 1) calibration of the sampled video, 2) extraction
of spatial and temporal features, 3) computation of video quality parameters,
4) linear combination of the calculated parameters to derive the final quality
score. This metric is complex but well correlates with subjective scores [216].

MOVIE MOtion-based Video Integrity Evaluation [215]. This metric measures
both spatial and temporal video distortions over multiple scales, and along
motion trajectories. First, the reference and test videos are decomposed into
spatio-temporal band pass channels using a Gabor filter family. Spatial quality
measurement is accomplished by a method loosely inspired by the SSIM index.
Temporal quality is measured using optical flow computed from the reference
video sequence and the processed one, and is used to check the motion integrity
between the two videos. Finally, the spatial and temporal quality scores are
pooled to obtain an overall video integrity score known as the MOVIE index.

The majority of objective metrics proposed in the literature fall into this cat-
egory. However, it is impossible to implement such metrics in practical situations
where the original video is not available.

e No-reference (NR)

NR metric does not require any information about the reference image, instead,
a quality score is computed based only on the tested image. Since, in practical
applications, the reference/original image is rarely available, NR image/video quality
assessment algorithms are highly desirable to develop measurement approaches that
can blindly evaluate the image quality. However, the main limitation of existing
NR algorithms is related to their focus to specific artifacts, i.e., they assume that
the distortion affecting the image is known. For instance, there exist NR IQA
metrics that are developed to measure particular distortions, mostly for compression
artifacts, such as blockiness [217], blurriness [259-261], and ringing [218,219]. NR
IQA algorithms predicting quality without any knowledge of the distortion affecting
the image are rare [220,221]. Shahid et al. provide a good survey of recent NR
image and video QA approaches [252].

¢ Reduced-Reference (RR)

In the RR metric, only representative features of the reference image are used. Thus,
this category lies in between the two extremes. The extracted features describing the
reference image are transmitted to the receiver as side information to help evaluate
the quality of the distorted image. Many RR IQA methods have been developed by
considering the distortions behaviors, HVS properties, and the statistics modeling
of visual signals [223-226].
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5.2.3 Performance evaluation of objective quality metrics

In order to evaluate the performance of a visual quality metric, visual subjective
quality databases are employed. These databases consist of a set of reference and
distorted images or videos, with assigned subjective scores MOS or DMOS. The
subjective scores are obtained through subjective tests following the standardized
procedures as introduced in Section 5.2.1.

Consequently, the performances of objective metrics are evaluated by comparing
their outputs to these subjective scores considered as the ground truth. The quality
metric is considered as providing good prediction performance, if the correlation
between both scores (subjective and objective) is high.

Before the correlation measurement, first, the objective scores are fitted to the
set of subjective scores (MOS or DMOS). The fitting can be linear or nonlinear and
is intended to convert the quality scores obtained with different objective metrics to
the common range of the subjective scores. In addition, it removes any offset that
may be present between the two compared sets of scores. Finally, in case of non
linear relationship between the predictive and subjective scores, it is compensated
by a non linear fitting.

The next step is to characterize prediction performance in terms of three
attributes: accuracy, monotonicity, and consistency, with respect to subjective
scores. To achieve this, several performance measurements can be used:

Prediction Accuracy: Linear Correlation Coefficient (LCC) and Root
Mean Square Error (RMSE)

These two measures analyze the ability of the objective metric to predict sub-
jective ratings with a minimum error on average, and are defined as:

SN (MOS; — MOS)(MOS,, — MOS,)

LCC = (5.7)
VN, (MOS, - T05)2 YN, (MOS,, - MOS,)?
and
1 N
RMSE = | > (MOS; — MOS),)? (5.8)
=1

where N is the number of test sequences or images. MOS; and MOS,, are the
subjective score and the predicted one, respectively. While MOS and MOS, are

the corresponding mean values.

The values of LCC vary between [—1,1], when they are close to the extremes,
this indicates good correlation, while values around 0 signify no correlation. In
contrast, RMSE values close to 0 mean better performance.

Prediction Monotonity: Spearman Rank Order Correlation Coeffi-
cient (SROCC)

This measure quantifies the degree of monotonicity of the objective scores ac-
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cording to the subjective ones. Ideally, differences of a metric’s rating between two
sequences should always have the same sign as the differences between the corre-
sponding subjective ratings. SROCC measure is calculated as follows:

65N a2
SROCC =1— —=E=L1 5.9
N x (N2 —-1) (5:9)
where d; is the difference between ranks of the predicted score MOS,, and the
reference one M O.S;. Similarly to LCC, the best monotonic case corresponds to —1
and 1, while the worst one is close to 0.

Prediction Consistency: Outlier Ratio (OR)
This measure checks if the objective metric provides consistent predictions for
all images/videos and does not fail excessively for a subset of them:

Noutlier
OR == 5.10
- (5.10)
where ngytiier 18 the number of predictions outside two standard deviations of the
subjective scores.

More details on these and other measures can be found in [262,263|.

5.3 Stereoscopic image quality assessment (SIQA):
State-of-the-art

Even though simulating 3D perception is closely related to 2D, it is much more com-
plicated. The main difficulty lies into the impossibility of an algorithm to access 3D
content as it is constructed and perceived, and more generally as it is experienced by
the human observer. Because, we can only access the left and right views of the scene
and possibly a depth/disparity map (see Figure 5.4). Consequently, the challenge
is to find an approach to measure the perceptual quality of stereoscopic image-pair
as performed by the HVS, and only by exploiting this stereoscopic content.

In the recent past, many 3D image quality assessment (3D-IQA) metrics have
been proposed to quantify objectively the perceived 3D image quality [200]. Similar
to 2D-QA, 3D-QA can be classified into the three previously described categories
(FR, RR, and NR). In 3D-QA, each of these categories may in turn be divided
into three families of methods, depending on whether or not they exploit depth (or
disparity) information, and also according to the exploitation of binocular perception
characteristics.

5.3.1 SIQA based on 2D metrics

In order to objectively assess the 3D image quality, a straightforward solution is
to apply the state-of-the-art 2D-IQA methods to each view of the stereo pair, and
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Figure 5.4: 3D perceived quality based on stereoscopic image-pair [239].

combine them into an overall score. This approach has been followed by several
authors [227-230].

For instance, Campisi et al. [227] evaluated the appropriateness of four 2D-IQA
metrics for stereoscopic images. Instead to always use average to combine the 2D
IQ scores from the left and right views of a stereo pair. The authors have compared
the average approach against the main eye approach and the visual acuity approach.
For the main eye approach, only the objective score of the view corresponding to the
dominant eye has been taken into account for each subject. For the visual acuity
approach, the left and right scores have been weighted with the visual acuity of the
left and right eyes, respectively. Results have shown no performance improvement
over the average approach. However, in this study, only symmetric distortions were
applied to the left and right images. Yasakethu et al. studied the relationship
between subjective scores and several 2D image quality measures to predict the
overall 3D image quality [229]. They found that some 2D image quality metrics
yield fairly good correlation with overall image quality and perceived depth quality.

The obtained results of this class of methods can be regarded as moderate for
the case of symmetric distortions, but are not satisfactory when the stereoscopic
image-pair is asymmetrically distorted. Several studies demonstrated that simply
predicting 3D image quality as the combination of left and right quality scores does
not well correlate with the human quality judgment [85,166]. This can be explained
by the fact that 3D perception involves several binocular visual phenomena, such
as binocular fusion and binocular rivalry/suppression, and the latter have a great
impact on the perceived quality of 3D content.
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5.3.2 SIQA including depth/disparity information

Since the HV'S uses the so-called binocular disparity to perceive depth, other meth-
ods [231-238| have attempted to integrate the disparity (depth) map into the com-
putation of SIQA metric, under the assumption that depth information has an
important impact on 3D viewing experience. For example, Benoit et al. proposed
to basically use a 2D quality metric to estimate the quality scores between the ref-
erence and distorted stereo pairs and combine them with the estimated scores of
disparity distortion [231]. For these purposes, the distortion measure of disparity
is obtained by the correlation between original and distorted disparity maps, while
the image distortion is evaluated by SSIM [145] and C4 [222] metrics.

In the same vein, You et al. [232] applied ten well-known 2D quality metrics on
both stereo pairs and disparity maps, combined the two respective scores in different
ways, and concluded that the best results have been obtained using the SSIM metric
as 2D image quality metric. Sarikan et al. proposed to assess the effect of different
depth levels on the overall 3D quality. They presented in [233] a quality evaluation
model for stereoscopic videos using depth map segmentation.

A NR 3D-IQA method was proposed by Sazzad et al. [236]. In their method, lo-
cal features based distortions and relative disparity measures are estimated. Then, a
logistic regression model is used to combine the different features, and finally to pre-
dict the quality score. However, the computational cost of this metric is high, since
it requires many parameters and local features. The same authors have attempted
to reduce the complexity in [237]. In [238], the authors present an evaluation of
twelve 2D image quality metrics for assessing the quality of an image synthesized by
DIBR. The results indicate that the performance of 2D-IQA metrics is moderate for
measuring the quality of stereoscopic images, but not satisfactory when measuring
the quality of synthesized images.

Despite the enhancement obtained by this second class of methods, these meth-
ods dependent heavily on the performance of disparity estimation methods, since
these latter are still error prone. Moreover, disparity maps have different proper-
ties when compared to natural images. Assessing the depth/disparity map using
2D-IQA metrics is not efficient, because these 2D quality metrics are optimized to
evaluate images targeted for visualization, in contrast to disparity map which is
considered as one of the binocular cues.

5.3.3 SIQA considering binocular perception

Recently, the third class attracting a significant research effort considers the inte-
gration of different characteristics of the binocular perception in the 3D-QA algo-
rithm [239-246]. For instance, Bensalma et al. [239] proposed modeling the phe-
nomenon of binocular fusion, by estimating the difference of binocular energy be-
tween the reference and impaired stereo pairs. This is achieved by modeling the
behavior of simple and complex cells of the HVS responsible of the described fu-
sion. This bio-inspired method achieved good performance, however, it is relatively
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complex for a use in real time application. In order to consider the binocular vi-
sion proprieties, Wang et al. [240] proposed a binocular spatial sensitivity weighted
metric, the weighting is based on the JND model [140]. Despite the good results
obtained by these methods, our understanding of 3D human perception remains
limited. Therefore, study the different factors influencing the 3D QoE remain an
interesting avenue for research.

Knowing that, when the stereoscopic images are presented to the viewer, the
human brain combines the left and right images to create a synthesized image called
cyclopean image [247]. Accordingly, to perform more reliable and accurate SIQA,
some approaches performed the assessment process on this cyclopean view, such
as [241-243]. Maalouf et al. [241] proposed a 3D image quality metric based on the
computation of the cyclopean images of both reference and distorted stereo pairs.
The authors computed the 3D score as an average of the difference between both
corresponding cyclopean images and coherence of the disparity maps. Recently,
Chen et al. [242] proposed a FR metric that performs SIQA on a cyclopean image.
To simulate the binocular rivalry process, they used weighting coefficients for the
left and right eyes computed from the normalized Gabor filter magnitude responses.

In the previous methods relying on the cyclopean image [241-243], it is impor-
tant to highlight that there is no consideration of the inherent problem of occluded
regions. To cope with this issue, authors of [244] proposed to first categorize the dis-
torted stereoscopic images into three regions: non-corresponding region, binocular
fusion region and binocular suppression region. Each region is evaluated separately
based on its binocular perception property, and finally a pooling stage is performed
to produce the overall 3D image quality score. Unfortunately, in this approach the
score of binocular suppression/rivalry region is computed as the maximum score
from the left and right quality scores, which is not in compliance with the literature.
Indeed, as mentioned in [247-251], the view of high contrast or rich contours, and
generally that contains more information, tends to dominate the 3D final perception
in the case of binocular rivalry. This assumption proved its effectiveness and has
been exploited and validated in the following recent works [240,242,246|.

All the methods described above belong to FR 3D-IQA category. Although
many NR IQA methods have been proposed for conventional 2D image/video during
the last decade, only a few works [235, 236, 240, 243, 245| have developed RR or
NR metrics for SIQA problem. The NR algorithms are considered as the most
practical and desirable approaches since the reference image is rarely available in
many multimedia systems, such as in computer networks, wireless communications,
and real-time streaming services.

Based on an idea outlined in [242], the same authors proposed in [243] NR 3D-
IQA algorithm that exploits 2D and 3D natural statistics features extracted from the
tested stereo pair. Firstly, the extracted features are used to determine if the stereo
pair is symmetrically or asymmetrically distorted. Next, the same features are used
to compute the quality score. Ryu et al. [245] proposed NR SIQA metric based on
the binocular quality perception model. In their model, they only consider the high
and low quality components of the stereoscopic image-pair, making it unsuitable for
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the case when the stereo pair is non-uniformly distorted.

5.4 Proposed quality assessment metric for stereoscopic
images

In this section, we describe three proposed objective quality metrics for stereoscopic
images taking into account the binocular visual phenomena. Two of them belong
to the FR quality metric class (Sections 5.4.2 and 5.4.3) [161], while the third is a
NR quality metric (Section 5.4.4). These three metrics are based on the proposed
binocular perception model described in Section 5.4.1. Through the inclusion of
the perceptual binocular characteristic of HVS, this model handles effectively the
asymmetric distortions of stereoscopic images. Details of the proposed metrics are
presented in the following sections.

5.4.1 Binocular perception model

As mentioned previously, depth perception is made by presenting two slightly dif-
ferent images to left and right retinas. Then, human brain analysis and fuses these
two stimuli and constructs depth information. According to the degree of similarity
between views of the stereo pair, different binocular phenomena may occur. When
the left and right images are similar, the viewer perceives a unique scene result-
ing from the fusion process between the two retinal projections. This phenomenon
made by the HVS is known as the binocular fusion [98,99]. On the other hand,
when dissimilar (incompatible) stimuli are presented, causing match failure, instead
of being merged, the two images enter in a kind of competition. The latter known
as the binocular rivalry phenomenon, where only one view dominates the fusion
process while the other image incurs the binocular suppression [247-250]. In the
psychophysical studies, the binocular suppression is considered as a special case of
binocular rivalry. This suppression theory is exploited as a basis for validating the
asymmetric stereoscopic coding methods (see Chapter 4) [96].

Regarding the quality of asymmetrically distorted stereoscopic images, results
presented in [85, 166] are somewhat contradictory. For instance, concerning the
blur distortion it has been demonstrated in [166] that 3D quality scores are mainly
determined by the high-quality view of the stereo pair. On the other hand, for
blockiness distortion, in [85] it is reported that the perceptual 3D quality is more
affected by the view with lower quality, while in [166] it is specified that the quality
can be calculated as the average between left and right views.

As mentioned in [166], 3D human perception is dominated by the view that con-
tains more information, which is consistent with psychophysical findings described
in [248,250]. For example, if one view of the stereo pair is blurred and the other
view unaltered, the resulting perceptual quality of the stereo-pair follows the high
quality view. This is because the latter view (unaltered) contains more information
than the former view (blurred image). On the other hand, for the case of blockiness
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or noise distortion, the binocular perception does not follow the high quality view,
because the latter has a lower amount of information than the blocky or noisy image.
In other words, noise and blockiness introduce new information, thereby preventing
them from being suppressed by the other view.

The conclusions drawn above suggest to concentrate on the local information
contained in images for predicting quality. Hence, entropy used for estimating image
information changes, has been already exploited for the development of quality
metrics and proved its effectiveness [253-256].

Inspired by these findings, we integrated in our 3D-QA model the local informa-
tion content as a weighing factor in order to simulate the binocular phenomena as
follows:

Q3D(Z’]) = el(ivj) X Q2Dl(7’7.7) + er(inj - dl(z’j)) X Q2DT(Z’] - dl(laj)) (511)

where Q2D; and 2D, are 2D image quality maps of the left and right images,
respectively. d;(7,7) is the disparity value of the pixel (i,7) in the left view. In
our implementation, to estimate the disparity map, we use the stereo matching
algorithm described in [189]. Whereas ¢;(,7) and e (i,j — d;(i,7)) are weighting
coefficients defined by:

e(i, j) = BN, J)
’ EN,(i,7) + EN.(i,7 — d; (i, 7))

. Loy ENT(’Lv]_dl(’ij))
er(i,j —di(i,7)) = ENiG.7) + EN.Gj — dili. 7)) (5.12)

where EN, (i, j) denotes the local entropy at each spatial location (4, j). This entropy
is calculated within a circular window of size 11 x 11 moving pixel-by-pixel over the
entire image as follows:

EN(i,j) = =Y _ plxx) - loga (p(xx)) (5.13)
k=1

where n and p(z) are the number of bins and the probability of a bin in the local
histogram, respectively. An example of local entropy maps is depicted in Figure 5.5.

With such a modeling, our model can take into consideration the binocular
perception properties. For instance, if we consider the case of two similar stimuli
having equal or close local entropies, they will obviously contribute equally to the
predicted quality as suggested by the binocular fusion process. On the other hand,
if dissimilar stimuli are presented, accordingly the local entropies will be different,
and the contribution to the predicted quality will be dominated by the view having
the higher local entropies as suggested by the binocular rivalry /suppression.

To demonstrate that the local information content well correlates with distortion
types, we show in Figure 5.5 the local information content maps of the original
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Figure 5.5: Examples of local information content maps. (a) Original image. Dis-
tortion types are: (b) Gaussian noise, (c¢) Gaussian blur. (d),(e),(f) Corresponding
information content maps. Brighter indicates stronger information.

image and corresponding distortion images obtained by introducing a blur and a
Gaussian noise. From this figure, it is easy to notice that when the Gaussian noise
is introduced, the amount of information increases and in contrast, blur reduces the
information. The following three described metrics are based on this model.

5.4.2 Proposed FR IQA metric for stereoscopic images

Let (11, Irr) and (Iqy, I4,) be the reference and distorted stereo pairs, respectively,
each contains left I,; and right I, images. The first step aims at computing
perceptual 2D image quality scores between both stereo pairs. Even though several
metrics can be used, we opted for the SSIM metric for its simplicity and availability,
to be used between the reference and distorted left (resp. right) images. As a result,
two SSIM index maps are obtained (in the spatial domain) for the left and right
images, noted as SSIMy, k € {l,r}.

Since the occlusion is an inherent problem in stereo vision, before moving to the
next step, an essential classification shall be carried out. Each pixel in the image
should be characterized as belonging to occluded or non-occluded class. To achieve
this, we apply left-right consistency check between the corresponding pixels of two
views. The check exploits the two disparity maps: the left-to-right disparity map
di(i,7) and the right-to-left disparity map d, (¢, 7). The matched pixels are consid-
ered as inconsistent if the sum of their disparity values is larger than a threshold
Trr (we use Trp = 1):

|dl(z7]) + dT’(Zhj - dl(%]))’ 2 TLR (514)

For occluded regions, the monocular vision occurs, whereas for the regions
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that have a match in the other view, the binocular phenomena (fusion or ri-
valry /suppression) occur. In the following steps, the non-corresponding and cor-
responding regions are processed separately.

To mimic the sensitivity of the HVS, we modulate the quality score of each
pixel according to its perceptual importance. For this purpose, we use the Just
Noticeable Difference (JND) model [257] (see Section 1.3.2) for occluded pixels, and
the Binocular-JND (BJND) [83] (see Section 1.3.3) for the non-occluded ones. A
significant value of the JND/BJND means that the pixel tolerates a large distortion,
and therefore has a low importance. Accordingly, we adjust the quality score of the
occluded pixels in each view as follows:

T INDR) ke {lr) (5.15)
Ei,j JND;(i,7)

QOC —

where i and j are the pixel coordinates. JND(i,7), and SSITMjy(i,7) denote the
JND value and the SSIM score of the pixel (i, j) in the view k, respectively.

Finally, the quality score of the occluded regions is computed as the average
between the left and right occluded regions as follows:

QZOC + QOC
3D = ZL—~"" 5.16
Q : (5.16)
In the same vein, the non-occluded pixels are weighted as follows:

Qe (i, j) = ZNPr) , ked{lr} (5.17)

max(BJIIVDk)
where BJN Dy(i,7) denote the BJND value of the pixel at position (i, 7).

Once the above score (Q7°°(4, j)) has been calculated for each non-occluded pixel
of the left and right images, in order to consider the binocular phenomena, we apply
the proposed binocular perception model (described in Section 5.4.1) within the
3D-QA framework as follows:

Q3D"™(i,j) = e, j) x Q7°(i,J) + er(i, g — di(i, 7)) x QF(i,j — du(d, 5)) (5.18)
where €;(7,j) and e, (i,j — d;(i, 7)) are defined by equation (5.12).

Then, the perceptual quality score of the non-occluded regions is obtained by
calculating the average of the Q3D"°¢ index map as follows:

2,5 @3D™(i, )
N

Q3D"° = (5.19)

where N is the number of non-occluded pixels in the left image.

Finally, the overall 3D perceptual quality score Q3D is calculated using a linear
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Figure 5.6: The flowchart of the FR metric based cyclopean image.

summation as follows:
Q3D = «a-Q3D° + (1 —a) - Q3D™ (5.20)

where « is the weight used to adjust the relative importance of each region. In order
to determine the parameter «, only a few training images (15 stereo pairs) are used.
As a result, we obtained o = 0.142, this clearly demonstrates that the occluded
regions have less influence on the binocular vision.

5.4.3 Proposed cyclopean image quality approach for stereoscopic
images

In order to ensure that the predicted 3D quality of experience is as reliable and
close as possible to 3D human perception, we present in this section a new SIQA
method performed on cyclopean image. In addition to the integration of the pro-
posed binocular model (described in Section 5.4.1), we consider the disparity/depth
masking effect by using the disparity map in the proposed 3D-IQA framework, thus
reflecting more accurately the depth perception.

The flowchart of the proposed metric is shown in Figure 5.6. As the first step,
we create two cyclopean images corresponding to the reference and distorted stereo
pairs. By considering the left view as reference view, we synthesize the cyclopean
view by fusing the left image with the right disparity-compensated image as follows:

Icyc(ihj) = Il(Zvj) =+ IT<Z7] - d(%])) (521)

where ¢ and j are the pixel coordinates. I, is the generated cyclopean image, I;
and I, are the left and right images, respectively. d(i, j) is the disparity value of the
pixel (7, 7) representing the horizontal shift of the pixel from left to right views.
With such a modeling, only the binocular fusion case is considered, i.e., when
the two stimuli are similar. However, in case of asymmetric distortions (dissimilar
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stimuli), instead of being fused, the two images are in rivalry (i.e., binocular rivalry).
Usually, the human brain attempts to resolve this rivalry between two dissimilar
stimuli by suppressing (masking) one of them. According to the proposed binocular
model, to simulate this rivalry when computing the cyclopean image, we define
weighting factors for each view. Therefore, equation (5.21) can be rewritten as

follows:
Teye(i, 3) = ea(i, j) x L(i, 3) + er (i, j — d(@, §)) x Ir(i, j — d(i, j)) (5.22)
where €;(7,j) and e, (i,j — d(i, 7)) are defined by equation (5.12).
Once we obtained the cyclopean views of the reference (I, ;‘5{ ) and distorted (!, (‘fylg)

stereo pairs, we then perform 2D-IQA metric between both obtained cyclopean
images. Even tough several metrics can be used, we opted for the Multi-Scale
Structural SIMilarity (MS-SSIM) metric [258]. Because, the latter has provided the
best results compared to other tested IQA metrics:

S = MS—SSIM(I'], 1) (5.23)

cyc Teyce

where S denoted the obtained MS-SSIM index map (in the spatial domain).

Next, we modulate the quality score of each pixel according to its location in the
scene. We claim that the visibility of different distortions at different depth levels
is different. Accordingly, the HVS is more sensitive to closer objects than deeper
ones. Also, it is known that disparity is inversely proportional to depth (see Section
1.2.2.1 for more details), meaning that objects with greater disparity are the closest,
and vice versa.

Finally, the overall 3D perceptual quality score Q3D is calculated as follows:

Zi,j d(%]) X S(Zvj)

3D =
@ >, did)

(5.24)

5.4.4 Proposed NR perceptual blur metric for stereoscopic images

To the best of our knowledge, except the work described in [245], there is no NR 3D-
IQA metric focused on blur distortion. Blurriness of an image is commonly due to
the attenuation of the high spatial frequencies, which could be caused by acquisition
settings, filtering or image compression algorithms,..., etc. However, for the case of
stereoscopic 3D, if one image of the stereo pair is blurred while the other is sharp,
the resulting 3D perception is close to the sharper image. On the other hand, the
HVS tolerates a certain limited level of blur in one view that does not impair the 3D
viewing experience. Accordingly, it is very hard to assess the perceived blurriness in
case of asymmetric blur distortion. Therefore, we propose a new NR SIQA method
based on perceptual binocular characteristics assessing blurred stereo pair.

The flowchart of the proposed metric is shown in Figure 5.7. The first step aims
at computing local perceptual blurriness maps for both left and right images of
the stereo pair. To achieve this step, we have tested several NR sharpness metrics,
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Figure 5.7: Flowchart of the proposed NR SIQA metric.

since blurriness and sharpness are inversely proportional. Among them, the one
introduced by Ryu et al. [259], Narvekar et al. [260], and Vu et al. [261]. After
performing a deep experimentation, we opted for the one proposed by Vu et al.
(Referred to as S3) [261], which provided a local perceived sharpness measure highly
correlated with the HVS, and obtained the best performance. As a result, two
local blurriness maps are obtained for the left and right images, noted as Bmy,
k € {left,right}. Examples of local blurriness maps are presented in Figure 5.8.

As shown by subjective experiments described in [186], the sharpness visibil-
ity at various depth levels is different. The perceived blur of the object is highly
dependent on the objects’ distance (position in the scene), i.e., the closer object
appears sharper than deeper objects. Accordingly, to consider the relationship be-
tween blur/sharpness and depth level, we use depth information to pool the two
local blurriness maps computed in the previous step as follows:

di (i, J)

dmax

B, (i, §) = Bmy(i, ) x (5.25)
where Bmy(i,7) is the blurriness score of the pixel at position (i, 7), and di(i, ) is
the disparity value. Finally, dy,q, is the maximum value of the disparity map. The
formulation of the pooling depth factor is justified by the fact that the disparity is
inversely proportional to depth.

Next, in the following steps, the non-corresponding and corresponding regions
are processed separately. Each pixel in the image should be characterized as be-
longing to occluded or non-occluded class. To achieve this, we apply left-right con-
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(d)

Figure 5.8: Examples of local perceptual blurriness maps. (a) Original image.
(b),(c) Blurred images with different blur levels. (d)-(f) Corresponding local blurri-
ness maps. Brighter indicates higher blurriness.

sistency check described by the equation (5.14), between the corresponding pixels
of two views.

For occluded regions, the perceptual blurriness scores (Q7°) for left and right
images are calculated separately, and finally the average is computed to obtain the
blurriness score (Q3Dj),..) of the occluded regions as follows:

oc __ Z'LJ Bmkd(l,j)

k= N , ke{lr} (5.26)
ocC QOC —"_ Q?c
Q3D = ZT (5.27)

where IV is the total number of occluded pixels.
Next, to take into account the binocular phenomena, we perform a weighting
based on the local information content, as described in Section 5.4.1:

Q3D"(i,5) = ei, j) x Bmy, (i, §) + e, (i, 5 — di(i,5)) x Bmy,(i,5 —di(i,§)) (5.28)

where €;(7, j) and e (i,j — d;(i, 7)) are defined by equation (5.12).
The perceptual blurriness score of the non-occluded regions is obtained by cal-
culating the average of the @3D™°¢ index map as follows:

noc Zz j QBDnOC(i’ ])
Q3D = = i

(5.29)

where M is the number of non-occluded pixels.
Finally, the overall perceptual blurriness score of the stereoscopic image-pair
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Figure 5.9: Example of images from the LIVE 3D IQA database (phase 2) [242,242]:
(a) Reference, (b) JPEG, (c) JPEG 2000, (d) Gaussian noise, (e) Gaussian blur and
(f) Fast-fading.

Q3 Dy 18 calculated using a linear summation as follows:

Q3Dblur = Q3Dglcur + (1 - a) : Q3 ;}l%cr (530)

where « is the weight used to adjust the relative importance of each region. After
deep experimentation, we have found o = 0.135.

5.5 Experimental results

In order to evaluate the performance of the proposed metrics, we used the LIVE 3D
IQA database (phase 2) [242,242]. This database, for which examples are given in
Figure 5.9, contains both symmetric and asymmetric distortions. The distortions
that were simulated are compression using the JPEG and JPEG 2000 standards,
additive white Gaussian noise, Gaussian blur and a fast-fading model based on
the Rayleigh fading channel. 360 distorted stereo pairs were generated, and the
corresponding DMOS were obtained.

The evaluation of our metrics has been done using the three previously defined
performance measures, namely LCC, SROCC, and RMSE. As explained in Section
5.2.3, we can say that a metric obtains good performance, if the values of PCC
and SROCC are high (close to £1), and the value of RMSE is low (close to 0).
All the measures are computed between DMOS and the scores provided by our
metrics (DMOS,) after a non-linear regression. This regression is performed using
a b-parameter logistic function as recommended in [262] and defined as follows:

DMOS,(x) = 51(% — ) + Bazx + Bs. (5.31)

1 + expBQ (37_53)
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Table 5.3: Performance comparison of the proposed FR SIQA metrics using state-
of-the-art tools (Sym: Symmetric, Asy: Asymmetric).

Methods LCC SROCC RMSE

All Sym Asy All Sym Asy All Sym Asy
PSNR 0.694 0.793 0.604 0.685 0.783 0.521 17.55 16.53 17.78
SSIM [145] 0.822 0.856 0.775 0.802 0.815 0.732 14.40 14.62 13.96
MS-SSIM [258] 0.835 0.893 0.723 0.793 0.898 0.582 15.11 13.45 16.01
Benoit [231] 0.756 0.804 0.74 0.732 0.811 0.706 16.1 15.08 16.72
You [232] 0.796 0.817 0.786 0.783 0.835 0.724 14.39 14.15 15.08
Gorley [230] 0.563 0.521 0.598 0.387 0.451 0.321 19.65 19.16 20.41
Hewage [235] 0.597 0.608 0.556 0.507 0.571 0.483 19.86 19.9 19.53
Chenl [242] 0.901 0.937 0.879 0.893 0.929 0.854 10.58 9.37 10.29
Our FR1 0.925 0.956 0.903 0.928 0.937 0.919 9.05 8.04 10.03
Our FR2 0.938 0.961 0.915 0.930 0.941 0.920 5.55 5.06 5.95

Table 5.4: Performance comparison of the proposed NR metric using state-of-the-art
tools (Sym: Symmetric, Asy: Asymmetric). Italicized algorithms are NR SIQA.

Methods LCC SROCC RMSE
All Sym Asy All Sym Asy All Sym Asy

PSNR 0.663 0.695 0.610 0.675 0.779 0.581 8.235 8.023 8.551
SSIM [145] 0.807 0.856 0.775 0.8 0.865 0.741 6.853 6.634 7.064
MS-SSIM [258] 0.775 0.893 0.723 0.781 0.917 0.688 7.120 7.004 7.2

Benoit [231] 0.746 0.804 0.74 0.722 0.871 0.696 7.562 7.079 8.02
You [232] 0.796 0.817 0.786 0.781 0.897 0.704 6.881 6.642 7.128
Gorley [230] 0.523 0.521 0.598 0.387 0.412 0.271 9.650 9.551 9.803
Hewage [235] 0.515 0.608 0.556 0.502 0.591 0.491 9.464 9.218 9.58
Chenl [242] 0.924 0.937 0.876 0.886 0.935 0.857 4.991 4.882 5.159
Chen2 [243] 0.895 0.910 0.879 0.881 0.919 0.854 5.203 5.012 5.591
Our NR 0.913 0.927 0.904 0.88 0.936 0.853 5.435 4.94 5.162

Table 5.5: Performance comparison for each distortion. Italicized algorithms are
NR SIQA.
Methods LCC SROCC RMSE
JPEG2000 Gaussian blur JPEG2000 Gaussian blur JPEG2000 Gaussian blur
PSNR 0.597 0.690 0.612 0.751 7.674 9.865
SSIM [145] 0.704 0.838 0.721 0.856 6.783 7.370
MS-SSIM [258] 0.798 0.801 0.820 0.841 5.621 8.397
Benoit [231] 0.784 0.535 0.751 0.455 6.096 11.763
You [232] 0.905 0.784 0.894 0.813 4.186 8.649
Gorley [230] 0.372 0.934 0.110 0.770 9.113 4.988
Hewage [235] 0.664 0.450 0.598 0.280 7.343 12.436
Chenl [242] 0.834 0.963 0.814 0.908 5.562 3.747
Chen2 [243] 0.899 0.941 0.867 0.9 4.298 4.725
Our NR 0.904 0.958 0.859 0.913 4.930 3.671

Table 5.3 shows the results of the two proposed FR SIQA metrics, while the
results of our NR 3D-IQA metric are depicted in Table 5.4, compared to state-of-
art metrics. The first three lines in both tables are obtained by averaging the left
and right 2D-IQA scores, obtained with PSNR, SSIM [145], MS-SSIM [258]. While,
Benoit et al. [231], You et al. [232], Gorley et al. [230], Hewage et al. [235], and

Chenl et al. [242] are FR 3D-IQA metrics requiring the reference image.

On the other hand, in the Table 5.4, Chen2 et al. [243] and our proposed method
are NR SIQA metrics. The distortions that were considered for the assessment of the
proposed NR SIQA metric are Gaussian blur and compression using the JPEG 2000
standards. The performance comparison for each of these distortions is presented

in Table 5.5.
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Figure 5.10: Scatter distributions of subjective DMOS versus predicted scores ob-
tained by the proposed metrics. The continuous curve represent the non-linear
fitting.

Based on the results shown in both tables, we can see that 2D image quality
metrics provide acceptable results for the case of symmetric distortions. However,
for the case of asymmetric distortions except the metrics proposed by Chen et al.
[242,243], all the metrics provide poor results.

However, according to the performance comparison, the two proposed FR SIQA
metrics outperform the other metrics for both symmetric and asymmetric distor-
tions, and this is particularly noticeable on the asymmetric distortions. Moreover,
the proposed NR 3D-IQA metric outperforms most of the FR 3D-IQA metrics for
both symmetric and asymmetric distortions, with a clear gap on asymmetric dis-
tortions. Also, from the result showed in Table 5.5, we can consider our method
as an effective and reliable perceptual blurriness metric for stereoscopic 3D im-
ages. Thanks to the introduction of local information content weighing, through
the proposed binocular model, our metrics handle the binocular phenomena more
efficiently, without any prior detection of the distortion type or any additional in-
formation about the distortion.
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Finally, besides the evaluation metrics used above, we provide in Figure 5.10
the plots showing the scatter distributions of subjective MOS versus the predicted
scores obtained by the three proposed metrics, in addition to the non-linear fitted
curve, on the LIVE 3D database (phase 2).

5.6 Conclusion

In this chapter, we proposed three novel quality assessment metrics for stereoscopic
3D images. These metrics are designed based on the assumption that 3D human
perception places more emphasis on the view that contains more information. We
integrated this psychophysical finding in the proposed 3D-QA framework under the
form of a weighting based on the amount of available information. Consequently,
the binocular visual phenomena, especially the binocular rivalry /suppression, have
been taken into account when: combining the 2D image quality scores, calculating
the cyclopean image, combining local blurriness maps. Add to that, the role of
depth masking effect is also considered, we modulated the importance of each region
(pixel) according its location in the scene. Furthermore, the proposed metrics have
the advantage of locally adjust the quality score of 3D image, according to the HVS
characteristics without any cue about the distortion type or distribution (symmetric
or asymmetric).

The experimental results showed that the proposed metrics well correlate with
subjective scores and outperform state-of-the-art metrics.

In the future, we will try to extend the metric to S-3D video by including tempo-
ral properties of the HVS. Also, the implementation of the metric in the frequency
domain is planned, to take advantage of the representation. Finally, the asymmetric
stereoscopic coding implemented through spatial filtering can cause visual fatigue.
Consequently, we expect to include this factor in the proposed metric, which will
lead to a more reliable 3D QoE prediction.



Chapter

Conclusion and Future Work

Contributions of the thesis

In this thesis several contributions have been proposed, thus covering end-to-end 3D
video system, from preprocessing to the assessment of the quality, through coding.
The conducted works have been done with the aim to enhance coding performance
while providing optimal quality of experience. This is achieved by incorporating
perceptual features at in each step of the 3D video processing chain. Below we
summarize the contributions of the thesis, and then propose some directions for
future research.

e Color correction of multi-view video for coding and rendering en-
hancement

We showed that color inconsistency among different views of MVV reduces
coding performance and introduces noticeable artifacts in rendered views. To
fix this issue, we proposed a preprocessing method for color correction of MVV.
First, instead of choosing manually the center view as the reference view, we
proposed its automatic and effective selection in an adaptive manner, based
on histogram difference and structural content. This allows to choose the view
representing the best match with the whole set of views, and can be highly
adapted for some specific capture configuration. Then, the correction is per-
formed using an improved version of the widely used HM algorithm. To avoid
its drawback, HM method is used only on overlapping regions over views, mak-
ing our method robust to occlusion. The combination of the SIFT algorithm
and RANSAC method is used to effectively define these common regions. In
order to perform the correction while maintaining as much as possible the
temporal correlation, we applied the method using a temporal sliding win-
dow, bringing the advantage of adaptation to time-varying acquiring system,
camera moving capture, and real-time broadcasting. Experimental results il-
lustrated the efficiency of the proposed method to calibrate and harmonize
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the color of views, which led to coding gains and enhance the visual quality of
the rendered views.

e Asymmetric coding for stereoscopic 3D

We proposed a novel asymmetric stereoscopic image/video coding method.
The proposed approach enhances the mixed resolution coding concept by in-
troducing a non-uniform reduction of spatial resolution allowing to decrease
the bandwidth required for S3D delivery. The proposed method determines
automatically and adaptively the maximum tolerance level of blur for each re-
gion (pixel) based on three HVS inspired models, making the blur effect almost
transparent to the viewer. Objective and subjective performance evaluation
results have demonstrated that the proposed approach can provide significant
bit-rate saving without noticeable visual quality losses.

e Stereoscopic image quality metrics based on binocular characteris-
tics
After a broad overview of 3D image quality assessment methods, we focused
on new quality assessment metrics for stereo pairs containing asymmetric dis-
tortions, which is a much more challenging problem. Based on the assumption
that 3D human perception places more emphasis on the view that contains
more information, a new binocular model has been defined according to the
local information content. Three stereoscopic image quality assessment met-
rics have been presented. The first one, is a full-reference quality assessment
metric taking into account the binocular visual phenomena, especially the
binocular rivalry/suppression that occurs when the stereo pair is impaired by
asymmetric distortions. In the second one, in order to be as close as possible
to the HVS behavior, we proposed to simulate the construction process of the
cyclopean view as done by the human brain. To achieve that, the binocular vi-
sual phenomena have been taken into account when calculating the cyclopean
image. Finally, the third metric is a no-reference perceptual blur metric for
stereoscopic images. The latter, first, computes local blurriness for each image
of the stereo pair. To consider the role of depth masking effect, we modulated
the importance of each region (pixel) according to its location in the scene.
Moreover, we used the proposed binocular model when combining local blur-
riness maps, thus allowing an adaptation to spatial variant blurriness. The
experimental results pointed out that the proposed metrics well correlate with
subjective scores and outperform state-of-the-art metrics.

Future Work

A future work that deserves to be addressed is to seek the way to reuse the informa-
tions produced by the feature correspondence step within the coding process itself.
For example, to reduce the search area when calculating the disparity vectors, or
to extract the parameters of the 3D geometric model, thus achieving the complete
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end-to-end 3D video system. Also, even though the proposed approach is providing
satisfactory results, we believe that including perceptual features (spatial and/or
temporal) is a promising step towards the improvement of the quality of experience.
In addition, maintaining the temporal coherence between successive frames within
a single view needs to be improved. The proposed approach tackled this problem
by defining a group of picture and performing the correction group by group. How-
ever, the size of group is fixed. Future studies should focus on proposing more
advanced strategies allowing to tune adaptively and automatically the size of each
group. Also, the reduction of computational complexity remains an important issue.
One solution to address this problem is to parallelize the color correction process
by using a graphics processing pipeline or a GPU implementation. Another point
is the fact that there is no ground truth allowing efficient evaluation. To address
this, we plan to construct a benchmark in order to be able to evaluate and compare
each method of the state-of-the-art. Finally, the impact of color variation is not
fully investigated, the relation between color inconsistencies and binocular rivalry
should be explored. As the latter can induce visual fatigue, the maximum tolerance
of color difference between views need to be quantified.

We plan to extend the proposed asymmetric coding method to a higher number
of views (N > 2). Furthermore, recently, different 3D visual attention models have
been proposed. Accordingly, in contrast to use 2D saliency model, we expect to
use a stereoscopic one, in order to enhance the performance and to be as close as
possible to real 3D viewing.

Moreover, we will try to extend the metrics to 3D video by including temporal
properties of the HVS. Also, the implementation of the metric in the frequency
domain is planned, to take advantage of the representation. In addition, the value
of a should be explored in depth through intense experiments on other databases.
Finally, the asymmetric stereoscopic coding implemented through spatial filtering
can cause visual fatigue. Consequently, we expect to include this factor in the
proposed metric, which will lead to more reliable 3D quality of experience prediction.
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Stereo and Multi-view Video Coding Extensions of the H.264/AVC Standard:
from Coding to Quality of Experience

Abstract : Over the last few years, 3D video has been gaining interest with a fast pace. It can be regarded as a type of visual
media that expand the capabilities of a 2D video by providing depth sensation of the observed scene. 3D video applications require
Multi-View content (MVV) with a very large number of views, captured by several synchronized cameras from different viewpoints.
As this huge amount of data is making its way to consumers, its transmission over existing bandwidth-limited infrastructure is a
great challenge. Consequently, efficient compression is essential to store or transmit MVV streams. Based on these considerations,
Multi-view Video Coding (MVC), an extension of the H.264/MPEG-4 AVC standard, has been developed to address the encoding
of MVV content. MVC takes advantage of the redundancies exiting between views to achieve high coding performance. However,
one major problem with MVV systems is linked to illumination and color variations between views. These color mismatches
may impair both coding performance and rendering quality. To fix this issue, we propose a preprocessing method based on an
improvement of the histogram matching for correcting these color discrepancies between views. Furthermore, this thesis tackles the
problem of stereoscopic video (i.e., 2 views only) coding by relying on an asymmetric coding method that exploits the binocular
suppression theory. For this point, based on recent findings on binocular perception, a fully automated model that dynamically
determines the best level of asymmetry is proposed, thus offering optimal 3D visual experience. Finally, in 3D imaging systems, it
is desirable to assess degradations and to predict the perceived quality of 3D content in line with the human visual system (HVS).
Therefore, reliable quality evaluation metrics are really needed, in order to guarantee the final 3D viewing experience. To this end,
this thesis presents three novel quality assessment metrics for stereoscopic images. Thanks to the integration of the perceptual
binocular characteristics, these metrics handle effectively the asymmetric distortions of stereoscopic images.

In light of these developments, relying on the perceptual characteristics of the HVS, several methods have been presented in this
thesis, thus covering the end-to-end 3D video system, from preprocessing to quality assessment, through coding, with the aim to
provide an optimal quality of experience.

Keywords : 3D Video, Multi-view Video, Stereoscopic Video, Multi-view Video Coding, H.264/MPEG-4 AVC, Asymmetric

Coding, Color Correction, View Rendering, Depth, Binocular Just Noticeable Difference, Quality of Experience.

Extension de H.264/AVC au Stéréoscopique et le Multi-Vues:
du Codage a la Qualité de I’Expérience

Résumé : L’avénement de la 3D stéréoscopique a suscité un grand intérét a la fois chez les professionnels et le grand public. Nul
doute que cet intérét est lié a 'effet immersif et 'impression de profondeur que procure la 3D. Au-dela des données stéréoscopiques,
les vidéos multi-vues (M V'V : Multi- View Video) permettent d’étendre les capacités de la 3D avec un visionnage sans lunette et un
accés a différents points de vue de la scéne. Ces séquences MVV sont constituées de plusieurs vidéos captées avec un ensemble de
caméras. Cependant, cela se fait au prix d’une taille de données considérable endiguant leur transmission sur des infrastructures
avec une bande passante limitée. Par conséquent, I'usage d’une solution de compression efficace devient crucial pour stocker ou
transmettre les flux MVV. C’est pourquoi la norme H.264/MPEG-4 AVC a été étendue avec le profil Multi-view Video Coding
(MVC). Ce dernier exploite la forte corrélation existant entre les vues en plus de la corrélation temporelle. Cependant, les systémes
d’acquisitions multi-vues peuvent générer une non-uniformité de luminance et/ou de chrominance entre les vues. Cette variation
de couleur peut affecter négativement les performances de codage et la qualité du rendu visuel. Pour pallier & ce probléme,
nous proposons une méthode efficace de prétraitement basée sur une amélioration significative de la méthode histogram matching.
En outre, cette thése s’atéle au probléme de la compression des vidéos stéréoscopiques en proposant une méthode de codage
asymeétrique exploitant la théorie de suppression binoculaire. En nous basant sur les récents résultats sur la perception binoculaire,
nous proposons un modéle entiérement automatisé qui détermine dynamiquement le meilleur niveau d’asymétrie entre les vues,
offrant ainsi une expérience visuelle 3D optimale. Enfin, dans les systémes d’imagerie 3D, I’évaluation de la qualité pergue est une
étape primordiale pour la validation des solutions développées. Méme si ’évaluation subjective reste I’approche la plus fiable, il
est indispensable de disposer de métriques de qualité se rapprochant du jugement humain. C’est ainsi que nous avons proposé
trois nouvelles métriques de qualité dédiées aux images stéréoscopiques. Grace a l'intégration des caractéristiques de la perception
binoculaire, ces métriques évaluent efficacement les distorsions asymétriques dans les images stéréoscopiques.

A la lumiére de ces développements et en s’appuyant sur les caractéristiques perceptuelles du SVH, plusieurs méthodes ont été
présentées dans cette thése, couvrant de bout en bout la chaine d’exploitation des vidéos 3D, allant du prétraitement a I’évaluation
de la qualité, en passant par le codage, et tout cela dans le but de fournir une qualité d’expérience optimale.

Mots clés : Vidéo 3D, Vidéo Multi-Vues, Vidéo Stéréoscopique, Codage de Vidéos Multi-Vues, H.264/MPEG-4 AVC, Codage

Asymétrique, Correction de Couleur, Rendu de Vue, Profondeur, JND-Binoculaire, Qualité de ’Expérience.
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