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Abstract

In multiple-view video plus depth, depth maps can be represented by means of grayscale
images and the corresponding temporal sequence can be thought as a standard grayscale
video sequence. However depth maps have di erent properties from natural images: they
present large areas of smooth surfaces separated by sharp edges. Arguably the most
important information lies in object contours, as a consequence an interesting approach
consists in performing a lossless coding of the contour map, possibly followed by a lossy
coding of per-object depth values.

In this context, we propose a new technique for the lossless coding of object contours,
based on the elastic deformation of curves. A continuous evolution of elastic deformations
between two reference contour curves can be modelled, and an elastically deformed version
of the reference contours can be sent to the decoder with an extremely small coding cost
and used as side information to improve the lossless coding of the actual contour. After the
main discontinuities have been captured by the contour description, the depth eld inside
each region is rather smooth. We proposed and tested two di erent techniques for the
coding of the depth eld inside each region. The rst technique performs the shape-adaptive
wavelet transform followed by the shape-adaptive version of SPIHT. The second technique
performs a prediction of the depth eld from its subsampled version and the set of coded
contours.

It is generally recognized that a high quality view rendering at the receiver side is
possible only by preserving the contour information, since distortions on edges during the
encoding step would cause a sensible degradation on the synthesized view and on the 3D
perception. We investigated this claim by conducting a subjective quality assessment test
to compare an object-based technique and a hybrid block-based techniques for the coding
of depth maps.

Keywords: multi-view video plus depth, depth map coding, contours, lossless repres-
entation, elastic curves, image synthesis, quality assessment.







Abstract

Dans le format multiple-view video plus depth, les cartes de profondeur peuvent étre
repesenees comme des images en niveaux de gris et la quence temporelle correspondante
peut étre consickee comme une fquence viceo standard en niveaux de gris. Cependant les
cartes de profondeur ont des proprees dierentes des images naturelles: ils pesentent de
grandes surfaces lisses paees par des arétes vives. On peut dire que l'information la plus
importante eside dans les contours de I'objet, en conequence une approche ineressante
consistea e ectuer un codage sans perte de la carte de contour,eventuellement suivie d'un
codage lossy des valeurs de profondeur par-objet.

Dans ce contexte, hous proposons une nouvelle technique pour le codage sans perte des
contours de l'objet, base sur la ceformationelastique des courbes. Uneevolution continue
des ceformationselastiques peut étre moctlise entre deux courbes de ekrence, et une
version du contour ceformeeelastiguement peut étre envoye au cecodeur avec un colt de
codage tes faible et utilie comme information latrale pour aneliorer le codage sans perte
du contour eel. Apes que les principales discontinuies ontet captues par la description
du contour, la profondeura l'inerieur de chaque egion est assez lisse. Nous avons propoe
et tesk deux techniques dierentes pour le codage du champ de profondeura l'inerieur
de chaque egion. La premére technique utilise la version adaptativea la forme de la
transformation en ondelette, suivie par la version adaptativea la forme de SPIHT. La
seconde technique e ectue une pediction du champ de profondeura partir de sa version
sousechantillonree et I'ensemble des contours codes.

Il est gereralement reconnu qu'un rendu de haute qualie au ecepteur pour un nouveau
point de vue est possible que avec la peservation de l'information de contour, car des
distorsions sur les bords lors de letape de codage entramerait une cegradationevidente
sur la vue synthetiee et sur la perception 3D. Nous avons etude cette a rmation en
e ectuant un test devaluation de la qualie pelcue en comparant, pour le codage des
cartes de profondeur, une technique base sur la compression d'objects et une techniques
de codage viceo hybridea blocs.
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Introduction

Context and Motivation

The video-plus-depth representation for multi-view video sequences (MVD) consists of
several views of the same scene with their associated depth information, which is the
distance from the camera for every point in the view. The MVD representation allows
functionalities like 3D television and free-viewpoint video MWS06, VWS11, (GPT " 07],
generating large volumes of data that need to be compressed for storage and transmission.
As a consequence, MVD compression has attracted a huge amount of research e ort in the
last years, while ISO and ITU are jointly developing an MVD coding standard [ISO1]).
Compression should exploit all kinds of statistical dependencies present in this format:
spatial, temporal and inter-view, but also inter-component dependenciesi.e. between color
(or texture) and depth data [MSMWOQ7b] DPPC13].

This thesis focuses in particular on depth map compression. Depth maps are not meant
to be visualized by the user, they are used instead by depth-image-based rendering software
(DIBR) to synthesize novel views to provide a more immersing experience through multiview
screens or free-viewpoint video. Classic techniques developed for texture images do not take
into account the e ects caused by the compression stage on the synthetic view. Moreover,
a compression technique tailored on depth maps can exploit their peculiar properties:
objects within a depth map are usually arranged along planes in di erent perspectives;
as a consequence, there are areas of smoothly varying levels, separated by sharp edges
corresponding to object boundaries. These characteristics call for an accurate encoding of
contour information. Some of the approaches proposed in the literature include modelling
the depth signal as piecewise polynomials, such as wedgelets and plateleddMS™* 09,
where the smooth parts are separated by the object contours. However, it is generally
recognized that a high quality view rendering at the receiver side is possible only by
preserving the contour information [GLG12], [SKN™ 1(], since distortions on edges during
the encoding step would cause a sensible degradation on the synthesized view and on the
3D perception. In other words, a lossless or quasi lossless coding of the contour is practically
mandatory. Moreover, depth map segmentation is eased by the nature of the signal, and
the extraction of the contours can be achieved with speci cally designed segmentation
techniques [ZRS 12].




Lossless representation is usually very expensive in terms of bit-rate requirements
[CPPVO07], so the goal of this thesis is to investigate a new paradigm that performs a
lossless encoding of objects' boundaries, exploiting the temporal and inter-view redundancy.
Once developed a technique to code the objects' contours, a suitable representation for the
inner part has to be researched.

Contributions

An original intuition brings to the video coding domain the framework introduced by
Srivastava et al. [SKJJ10] to model a continuous evolution of elastic deformations between
two reference curves. The referred technique interpolates between shapes and makes the
intermediary curves retain the global shape structure and the important local features such
as corners and bends. Moreover, it is also relatively easy to compute the geodesic between
the two reference curves: according to the interpretation of the elastic metric, this geodesic
consists in a continuous set of deformations that transforms one curve into another with

a minimum amount of stretching and bending, and independently from their absolute
position, scale, rotation and parametrization. Classical applications of elastic deformations
of curves are related to shape matching and shape recognition.

A depth map coding framework has been developed, consisting of:

a lossless contour coding technique. The proposed technigue is based on the elastic
deformation of curves. Using the square-root velocity representation for the elements
of the curve space, a continuous evolution of elastic deformations can be modelled
between two reference contour curves. An elastically deformed version of the reference
contours can be sent to the decoder with a reduced coding cost and used as side
information to improve the lossless coding of the actual contour. Experimental results
on several multiview video sequences show remarkable gains with respect to the
reference techniques and to the state of the art.

A simple coding scheme where depth data is represented by a set of contours de ning
the various regions, while the inner part of the objects is compressed with a transform
technique. The used transform is the shape-adaptive wavelet transform, followed
by the shape-adaptive version of SPIHT (set partitioning in hierarchical trees).
Experimental results prove that the proposed technique, however very simple, is able
to compete with re ned solutions such as HEVC due to the properties of the depth
signal.

In alternative to the previous one, a novel coding scheme where depth data is
represented by a set of contours de ning the various regions together with a compact
representation of the values inside each region. A 3D surface prediction algorithm is




then used to obtain an accurate estimation of the depth eld from the coded contours
and a subsampled version of the data. An ad-hoc coding strategy is used for the
low resolution data and the prediction residuals. Experimental results prove how the
proposed approach is able to obtain a very high coding e ciency outperforming the
HEVC coder at medium-low bitrates.

It is generally recognized that a high quality view rendering at the receiver side is
possible only by preserving the contour information since distortions on edges during the
encoding step would cause a sensible degradation on the synthesized view and on the
3D perception. However, to the best of our knowledge, the impact of contour-preserving
depth-coding on the perceived quality of synthesized images has not been conveniently
studied. Therefore another contribution to this work is an investigation by means of a
subjective study to better understand the limits and the potentialities of the di erent
compression approaches (object-based and block-based) from the user's perspective.

Our results show that the contour information is indeed relevant in the synthesis step:
preserving the contours and coding coarsely the rest typically leads to images that users
cannot tell apart from the reference ones, even at low bit rate. Moreover, our results show
that objective metrics that are commonly used to evaluate synthesized images may have a
low correlation coe cient with MOS rates and are in general not consistent across several
techniques and contents.

Structure of the manuscript

This manuscript is composed of four distinct parts, corresponding to just as many chapters.
In the rst chapter background notions on video coding are reported. Then the second
chapter introduces the developed lossless contour coding technigue, based on the elastic
deformation of contours. The third chapter contains the description of the two proposed
techniques to code the inner depth eld of the objects. The fourth chapter deals with a
quality assessment study performed to evaluate the developed depth map coding framework
from the user's perspective. More precisely, the manuscript is organized as follows:

In Chapter [I] some background notions related to video compression are presented,
including the concept of hybrid video coder and quality evaluation through objective
metrics. Then follows a detailed description of the state-of-the-art hybrid block based
compression technique: the high e ciency video coder (HEVC). It will serve as basis
for comparison in the experiments described in this manuscript. Finally the 3D
video representation is introduced, dealing with multiple-view video plus depth and
depth-image-based rendering techniques. A section dedicated to lossless compression
and to the arithmetic coder closes the chapter.

Chapter [Z describes the lossless contour coding technigue based on the elastic
deformation of contours. It is the basis of the developed depth coding framework




and it is described in detail for every step: the computation of the geodesic from
one reference curve to the other; how to establish a correspondence between the
predicted curve and the current one, and how to use the prediction as a context to
improve the performance of the arithmetic coder. Experiments and comparisons with
other popular contour coding techniques and with the state-of-the-art technique are
detailed.

Chapter [3 describes the two developed depth map coding technigues based on the
lossless contour coding technique presented in Chaptél 2. A brief overview of the
compression techniques speci cally targeted at depth maps is rst given. Then the
developed techniques are detailed, along with the experiments on depth maps alone
and on synthesized images, to validate the techniques in a practical case. Along with
the objective metrics, some synthesized images are reported to give the reader a visual
clue of the di erent artifacts introduced by the examined compression techniques.

Chapter [4 reports the details of the subjective quality assessment study performed
to validate from the user's perspective one of the techniques described in Chaptéf 3.
After a brief introduction to the basics of subjective visual quality assessment, follows
an overview of the coding technigues used for the preparation of the test material.
Then the test design is discussed and its set-up described. Finally from the presented
results comes a further validation of the proposed approach.

This manuscript ends with a summary of the proposed methods and their associated
results, as well as some perspectives for future work in this eld.
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In this chapter we will discuss the general concepts of video coding (Sectidn 1.1) up to
the last in date compression standard, HEVC, which will serve as basis for comparisons
in the manuscript (Section[1.2). The 3D video format multiple-view video plus depth is
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introduced in Section[1.3. Finally an introduction to lossless compression, with particular
care to the arithmetic coder, is provided in Section[ 1.5

1.1 Video Coding Principles

A video is a three dimensional signal composed of a number of images, either grayscale
or color, shown in rapid succession to create the illusion of movement. The images that
compose a video are calledrames, each one indicated byl (m; n), where m and n de ne
the spatial position and k refers to the time instant. For digital videos, as always considered
in this thesis, m and n are integers. Due to the large size ofaw (uncompressed) video
signals, compression is necessary for storage and transmission applications. The statistical
and psychophysical redundancy of the video signal make possible a drastic reduction of the
le size while maintaining an acceptable quality [BovOQ].

In particular the statistical redundancy represents both the spatial correlation between
pixels in the same frame, and the temporal correlation between pixels in successive frames.
Typically a high degree of correlation characterize the values of the pixels in the same
area, and at the same time the temporal evolution of successive frames makes them highly
correlated. This concept is depicted in Figurg 1.lL. An example of use of spatial correlation
in video coding is the prediction of a frame from previous ones. Psychophysical redundancy
on the other hand exploits the response of the human visual system (HVS) to the video
stimulus and the fact that not all the information conveyed by the video will be perceived
by a human observer. An example of use of psychophysical redundancy in video coding is
the chroma subsampling: the HVS is more sensitive to variations in brightness and less to
variations in color, so generally less resources are allocated to the chroma components with
respect to the luminance [Bov00].

1.1.1 General notions of image and video compression

Compression techniques usually can be divided into two main groups: lossless and lossy
compression techniques. Lossless compression techniques allow the reconstruction of the
original data, while providing a moderate compression ratio. Lossy compression techniques,
on the other hand, can achieve a high compression ratio by accepting a lower quality for
the representation of the signal. It is possible to specify, in lossy compression techniques, a
certain bit-rate or target le size to achieve, and settle for the quality available at that
bit-rate, or to specify a certain level of acceptable quality and settle for the rate that allows
that quality. Another aspect to consider for a video codec is the complexity, which in some
conditions, e.g. on portable devices, is limited.

A very common scheme used for the compression of still images is depicted in Fig-
ure[L.2. It consists of three main parts: transformation, quantization, and entropy coding.
Transformation concentrates most of the information of the signal in few coe cients, thus
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Figure 1.1 { Spatial and temporal correlation.

Entropy Compressed

Input ;
coding information

information Transformation Q

Figure 1.2 { Example of general encoder for still images.

decorrelating data; quantization reduces the total bit rate by using a ner representation
for the most important coe cients and a coarser representation for the least important
ones; nally entropy coding eliminates the remaining statistical redundancy.

Transformation

The goal of the transformation step is to reduce the correlation of the data [ER0O(,
concentrating most of the information of the original signal into a small number of
coe cients. The transform has to be invertible to allow the reconstruction of the signal at
the decoder side. Examples of transforms used for transform coding are the Karhunen-Loeve
transform (KLT), the Discrete-Fourier transform (DFT) and the Discrete-Cosine transform
(DCT).

The KLT [Jai89] is the optimal transformation to decorrelate the data, however it
depends on the statistics of the signal and it is built upon the assumption that the signals
are stationary, which is not true for images and videos. The most used transform for images
and videos is the DCT [Cla85]: it compacts e ciently the energy of the signal in few low
frequency components, it is not data-dependent, and it performs better than the DFT for
still images [Say12].

Quantization

After the transformation follows the quantization step, where some information is discarded
by discretizing the magnitude of the coe cients. Quantization operates an association of
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the input values, contained in the setS, to the discrete output subset C of cardinality N :
Q:x2S! C=1"fy1;y2;::5Yn0 . (1.2)

The set S is divided into N regionsR;, and their union is equivalent to the original set:

Ri=fx28:Q(x)=yig,[NRi=S. 1.2)
i=1

If for all i the amplitude of the region R; is constant andy; coincides with the center
of the region R;, then the quantization is said uniform. This solution is optimal only for
uniformly distributed signals.

Another approach, called non-uniform quantization is to quantize coarsely the less
probable value intervals of the signal, and more nely the most probable value intervals.
According to the Lloyd-Max algorithm, the statistics of the signal can be used to obtain the
optimal thresholds and output values for each interval, under the assumption of stationary
signals [GG92].

Adaptive quantization tries to cope with this restriction, adapting the design of the
guantizer to the varying statistics of the signal [Jay73[YO95]. Two classes of adaptive
quantization can be distinguished: backward adaptive quantization where an already
transmitted portion of the signal is analysed both at the encoder and at the decoder to
update the statistics used for the design of the quantizer; andorward adaptive quantization
that uses the statistics of a portion of the signal yet to quantize. In the case of forward
adaptive quantization the statistics of the signal have to be transmitted to the decoder as
a side information.

Entropic coding

The goal of the entropic coder is to remove the remaining redundancy left in the signal,
reducing the average bit-rate needed to losslessly encode a sequence of symbols. This topic
is discussed in detail in Section L.

1.1.2 Predictive coding

As already mentioned at the beginning of Sectiorj 1]1, pixel values in video sequences have
a high degree of correlation both in space and in time. Already transmitted samples of the
signal can be used to make a prediction of the signal, and the di erence between the signal
and its prediction can be coded to increase the coding e ciency. This approach is called
di erential or predictive coding

In a simple di erential coding scheme (di erential pulse-code modulation, DPCM) the
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Figure 1.3 { DPCM: coder (a) and decoder (b) scheme.

prediction is done pixel by pixel. This paradigm can be synthesized by:
dn = Xn  Rn 1, (1.3)

where x, is the actual sample,®, 1 is the reconstructed previous symbol, andd, is the
di erence of the two. The use of the reconstructed sample makes the quantization error
in uence the prediction.

A general scheme for DPCM is shown in Figur¢ 1]3. The reference for the current symbol
pn is predicted using the previousk symbols. The same prediction has to be computed
both at the coder and at the decoder, so only previously transmitted symbols can be used.
Considering f as prediction function, the prediction for the current symbol p, can be
de ned as:

Pn = f(&n 1;Rn 2000 R0 k) (1.4)

A good predictor produces a di erence signal with a smaller variance compared to the
original one. Furthermore, a smaller distortion can be achieved if the quantization is done
on the signald, instead of x,.

Motion estimation and compensation

A simple di erential coding scheme usually fails to exploit the temporal redundancy
of video signals, for example a still object recorded by a moving camera will have a
high temporal redundancy but di erential coding is not able to cope with it. Motion
estimation and compensation is a technique used to predict the current framé, from
a previously transmitted frame [}, by estimating and compensating the objects' motion
[BovOQ] [PPCD14]. Estimated motion vectors have to be sent to the decoder in order to
construct the prediction.

To perform motion estimation and compensation, the frame is rst divided into macrob-
locks. Then the current macroblockBlf, in position p, is predicted by another macroblock
from the frame (\m, not necessarily in the same position. Amotion vector v is thus de ned,
allowing the movement of the reference macroblock from positiorp to position p + v.
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Br('np+v )

Figure 1.4 { Motion estimation and compensation.

Forward Motion Compensation

Bi-directional Motion Compensation

GOP

Figure 1.5 { Example of general encoder for still images.

The choice of the reference macroblock is done minimizing a cost function that evaluates
the similarity between two macroblocks. Given the cost functiond(v):

div)=d BY;BP*Y) | (1.5)
the optimal motion vector v in the search windowW is:
= [ . 1.
v =argmin d(v) (1.6)
An example of motion estimation and compensation is depicted in Figurg 1]4.

1.1.3 Hybrid video coder

All the current video coding standards use the paradigm of the hybrid video coder. It
uses two di erent techniques to remove the spatial and temporal redundancy, thus the
name \hybrid". Transform coding is used to remove the spatial redundancy, while motion
estimation and compensation to remove the temporal redundancy.

In MPEG standards the video sequence is organized in\groups of pictures" (GOPS),
and the frames in a GOP can be distinguished inintra (or I), and inter frames (P and
B). An example of GOP is shown in Figure[1.5. I-frames, or intra frames, are encoded
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separately from other frames. Temporal redundancy is not taken into account and the
transform coding paradigm allows the exploitation of only the spatial redundancy. In inter
frames the temporal redundancy is exploited. More speci cally for P-frames, ompredicted
frames, motion estimation and compensation is performed using as reference only previous
| and P-frames of the same GOP. On the other hand for B-frames previous and following

I and P-frames of the same GOP can be used as reference for motion estimation and
compensation.

The generic scheme of the hybrid video coder is reported in Figurg 1.6. The switch
makes the system work in one of the two modes: intra-frame and inter-frame. With reference
to the Figure [1.6, in intra-frame mode the framely is rst transformed by the DCT, then
quantized and nally compressed with a variable length code (VLC). In inter-frame mode,
a previously decoded framdT,, along with motion vectors (MV) is used to predict the
current frame |,. The encoder includes then a decoder (Q' and IDCT blocks) and a
bu er to store previously decoded frames, along with motion estimation and compensation
procedures (ME and MC blocks, respectively).e is the di erence between the current
frame |, and the prediction . The channel bu er adapts the bit-rate to the channel by
controlling the quantization step. Usually with slowly changing videos the MV do not need
many resources to be coded, so the quantization step can be reduced, improving the quality
of the pictures. On the other hand, if the video is rapidly changing the MV will take a
large amount of the available resources to be coded. To maintain the same bit-rate the
guantization has to be coarser, leading to a loss of image details, but since the human
visual system is unable to appreciate small spatial details in a quickly changing video the
overall quality is usually not a ected.

The hybrid video decoder scheme is depicted in Figurg 117. It is simpler than the
coder as it contains only the variable length decoder (VLC), inverse transform and inverse
quantizer (IDCT and Q 1, respectively), and the motion compensation procedure (MC).
This asymmetry is convenient for all the applications where the video is encoded once and
decoded many times.

1.1.4 Quality evaluation: objective metrics

The solution to the problem of the evaluation of lossy compression techniques for videos and
images can be conducted through subjective or objective method®jc04]. In Subjective
methods a group of people is asked to judge the quality of the signal. Subjective methods
are generally more accurate than objective metrics, but at the same time slower and more
expensive. Objective metrics use the statistical properties of the signals to assess their
quality and they can be distinguished into perceptual and non-perceptual metrics.

In this section the de nition of some common objective metrics is reported.
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Figure 1.6 { Generic hybrid video coder scheme.
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Figure 1.7 { Generic hybrid video decoder scheme.
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Mean absolute dierence - MAD The mean absolute dierenceis a measure of
statistical dispersion equal to the average absolute di erence between, the original signal,
and x the compressed one. It is de ned as:

1 X
MAD = < jxi X9, (1.7)
i=1
where N is the number of samples.
Mean square error - MSE A more common measure in the domain of image and

video compression, themean square error di ers from the MAD for the use of the square
of the di erence instead of the absolute di erence. It is thus de ned as:

1 X X
MSE = = (xi x9?, (1.8)
i=1
where N is the number of samples.
Peak signal-to-noise ratio - PSNR Another common metric is the peak signal-to-noise

ratio. It is related to the MSE and widely used to measure the quality of the reconstruction
of lossy compression codecs. The PSNR is de ned as:

25%

PSNR =10logyy o=

(1.9)
The PSNR indicates with a gain (expressed in dB) the degree of similarity between the
original signal and the reconstructed signal. It is generally calculated on the whole image,
and it is generally used as an approximation of the human perception for image quality.
However, relying strictly on pixel comparisons it does not take into account any level of
biological factors of the human visual system/{[HTGO8].

Structural similarity index - SSIM While MSE or PSNR estimate absolute errors,
the structural similarity index and its multi-scale extension (MS-SSIM) consider image
degradation as perceived change in structural information: pixels that are spatially close
have strong inter-dependencies. Mean, variance and cross-correlation of images are used to
compute a modi ed local measure of spatial correlationWWBSS04. In addition, SSIM takes
into account also some perceptual phenomena, such as luminance and contrast masking
[RSO8].

Although originally designed for still images, SSIM has become very popular to assess
the quality of video sequences as an alternative to the PSNR: the correlation with perceptual
quality is generally higher. The main critique moved to its use is that it lacks temporal
assessment methods, just like the PSNR_[ZZRW13].
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Other objective metrics Two more objective metrics have been used in this work:
Weighted Signal-to-Noise Ratio and Visual Information Fidelity, a pixel-based and a non
pixel-based metric, respectively. They have been designed to assess the image quality from
the user's perspective, taking into account aspects of the human visual system (HVS).

The Weighted Signal-to-Noise Ratio (WSNR) [[MV93] uses the mean square error
weighted by a contrast sensitivity function (CSF) that mimics the behaviour of the human
eye: a typical band-pass Iter whose peak lies at around 4 cycles per degree, with sensitivity
dropping both at very low and high frequencies [KB92].

The Visual Information Fidelity (VIF) [ISBO§ uses a di erent approach: natural images
can be modelled as the output of a stochastic source and then distorted. The mutual
information between the distorted and the reference images, in the context of natural image
sources, can quantify perceptual image delity [SBAV05].

1.2 High e ciency video coder

High E ciency Video Coding (HEVC or H.265)is a video compression standard jointly
developed by MPEG and VCEG approved in 2013. It is considered as the state-of-the-art
for video coding, improving in many ways the previous H.264/MPEG-4 AVC |[OSS 12|,
adding support for higher resolution and more notably by reducing by half the bit-rate
while keeping the same level of quality.
A brief overview of the coding standard is provided in this section, as it is used for

comparisons in many experiments reported in this thesis. Readers interested in more
detailed explanations are invited to consult the excellent references [SOHW12][SSB14].

1.2.1 Basic structures

HEVC adopts the hybrid video coder paradigm, achieving signi cant gain adding more
exibility to the various procedures and structures. E cient representation of video se-
guences with various resolutions relies, among other factors, on coding, prediction and
transform units.

Coding unit HEVC uses di erent sizes for coding units, allowing the codec to be op-
timized for di erent contents. With the coding tree unit structure (CTU) the image is
segmented in di erent coding units (CU, conceptually correspondent to macroblocks in
previous codecs). The largest coding unit (LCU) is rst chosen, then the coding units res-
ulting from the partitioning of the LCUs are organized in a quad-tree structure [HMK * 10,
that provides a clean and e cient structure, a cheap representation of the tree structure,
and that can make use of well-know decision algorithms. The available sizes for CU are
64 64,32 32,16 16,0r8 8.
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Figure 1.8 { Relationship between coding units (CU), prediction units (PU) and transform units
(TU).

Prediction unit The prediction unit is de ned for each leaf node CU. It is the basic unit
used for prediction and it can split the CU symmetrically or asymmetrically. In Figure [L.§]
the relationship between CU and PU is shown, along with di erent types of splitting
for PUs: a PU of size2N 2N will have four symmetric and four asymmetric splitting
structures. The asymmetric splitting is introduced to allow an e cient coding for irregular
object boundaries, without this feature an oversegmentation into many small CU may have
occurred.

Transform unit Transform units, used for the transform and quantization process, can
be de ned in a similar fashion to the PUs to support arbitrary shape transforms. The TUs
are organized in a quad-tree hierarchy and in intra mode their size is the same or smaller
than the PU, while in inter mode their size is the same as the CU and it can be smaller
only if the CU has the smallest size.

The Figure [1.8 shows the relationship between CUs, PUs and TUs.

Slices and tiles  In HEVC there are two structures that break processing dependencies
of entire frames into smaller parts: slices and tiles.

A sequence of independently decodable CTUs is slice, and a picture can be divided
into any number of slices. Each slice is then divided into slice segments, where the rst one
contains the full slice header and the others are dependent from it. This substructure is
introduced to allow low-delay transmission by sending slice segments and not full slides at
the time. The subdivision of a picture into slides is illustrated in Figure [1.9(a).

Tiles are rectangular independently decodable sets of CTUs. The introduction of tiles
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(a) (b) (€)
Figure 1.9 { Subdivision of a picture in slices (a), and tiles (b). Wavefront parallel processing of a
picture (c).

allows a more exible classi cation of CTUs, a higher pixel correlation compared to slice, a
higher level of parallelization and better coding e ciency as tiles do not contain header
informations [SOHW12][MSH™ 13]. The subdivision of a picture into tiles is illustrated in
Figure [1.9(b).

Another technique that allows parallel decoding is thewavefront parallel processing
(WPP). A picture or a slice is divided into rows of CTUs, and each row can be decoded as
soon as the data needed for the prediction becomes available from the previous row. The
wavefront parallel processing is illustrated in Figure(c).

1.2.2 Coding

Residual coding A residual signal is coded for each CU. The supported transform sizes
are 32 32,16 16,8 8,and 4 4. The transform used is the discrete cosine transform
(DCT), with the exception of 4 4 luma residuals, where the discrete sine transform (DST)
is used. The change of transform leads to the bit-rate reduction of approximately 1% for
intra-predictive coding.

Transformed coe cients are then quantized, and the quantization parameter QP is
used to set the quantization stepq. QP can be an integer from 0 to 51, and it speci esq
through the following relationship:

QP 4

q=2 "5 . (1.10)

QP can be speci ed per sequence, frame, or CTU.
HEVC performs rate-distortion optimization (RDO) to select the best combination of
transform size and intra-prediction mode.

Intra prediction Intra prediction in a certain CU follows the TU tree. The prediction

is computed using the already decoded TUs that are spatial neighbours of the current one.
In HEVC there are 35 di erent intra modes for TU spatial prediction, with size ranging
from4 4to 32 32: 33 directional, one planar, and DC mode, as shown in Figurg 1.10.
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Figure 1.10 { Modes and directional orientations for intra prediction.

references current

Figure 1.11 { Multi-reference frame system of HEVC. PU can be taken from di erent reference
pictures to make a prediction for the current frame.

Inter prediction: motion estimation and compensation HEVC uses candidate list
indexing and it has two reference lists for motion estimation: LO and L1. Each list can
contain 16 references, however the maximum number of unique pictures is 8: a weighted
prediction is performed, so an image may occur more than once in the lists. Figure 1.111
illustrates a simple example of the multi-reference frame system.

The available prediction modes are \advanced motion vector prediction" (AMVP) and
\merge". In AMVP a list of candidate MVs is created, then the best candidate index
is transmitted, plus the di erence between the prediction and the real MV. In order to
reconstruct the MV the decoder has to build the same candidate list, pick the best candidate
MV, and add the di erence. In merge mode no delta MV is transmitted and the candidate
list is computed from neighbouring MVs; conceptually it is a sort of \SKIP" mode.

Inter-prediction uses PU samples taken from a reference picture, identi ed by the
reference picture index, dislocated by the components of the motion vector. The resolution
for the positioning of PB samples is of 1/4 the distance between the elements of the luma
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and for the chroma determined by its sampling. For example, motion vectors for the chroma
are speci ed in 1/8-pel for the format 4:2:0.

Sub-pixel precision increases the accuracy of the estimation, but it requires more
memory and computational power. Consequently in the HEVC standard some limits are
set: only intra-prediction is possible for4 4 regions, while4 8 and 8 4 regions are
limited to unidirectional (forward) inter-prediction, and the smallest region that allows
bidirectional prediction is 8 8.

1.2.3 In-loop lters

The HEVC standard provides two in-loop Iters: deblocking and sample adaptative o set.
The deblocking lter is performed on the 8 8 grid, deblocking rst the vertical
edges, and then the horizontal edges. Since the grid is xed and there is no lIter overlap,

parallelization is possible.

After the deblocking Iter, the sample adaptive o set(SAO) is applied in the prediction
loop to each CTU. This Iter aims at reducing the \banding" artifacts that may appear in
smooth areas by adding an adaptive o set to the decoded samples.

1.2.4 Entropy coding

Finally, HEVC performs the entropy coding using CABAC (context-adaptive binary
arithmetic coder). Entropy coding is discussed in detail in Sectior] 1.5 and with particular
attention to video codecs in Sectior_1.5.B.

1.3 3D video representation and coding

To o er a more realistic experience than the traditional video, 3D video formats (3DV
formats) were proposed, allowing 3D display systems to support the depth perception of a
visual scene. To create the illusion of depth, the display systems currently available use
hi-resolution displays and parallax barriers, special-purpose glasses, or a microprism array
in the case of auto-stereoscopic displayBWS™ 07]. Another goal of 3DV formats is to
provide free view-point video (FVV), a video where viewpoint and direction of the camera
can be set by the user.

While stereoscopic video requires only two views, multiview displays and free view-point
video require a higher number of views of the scene. Moreover, in FVV, it is possible to
synthesize novel views to allow the user to navigate freely in the scene.

Depth-based representations are a class of emerging 3D video formats: a depth map,
or the distance between the camera and the objects in the scene, is associated to a view
to provide geometry information. In Figure .12 a scene represented with the video plus
depth format is reported. Depth-image-based rendering techniques (DIBR) make use of
the depth information to synthesize novel views, to adjust the depth perception in some




1.3. 3D video representation and coding 19

(@) (b)

Figure 1.12 { Video plus depth format: texture (a) and depth map (b) from the same view point.

stereo displays, or advanced stereoscopic processing. The format that uses only one view
with its associated depth map cannot handle occlusions, thus thenultiview video plus
depth (MVD) has been considered for 3D video representation. In MVD a single scene is
recorded simultaneously by an array ofN cameras, arranged in di erent spatial positions,
while the depth information can be estimated from di erent views or obtained with special
range cameras. The drawback of MVD is that the amount of data required for storage
and transmission increases proportionally withN . However the redundancy of this class
of signals, present both in the spatial and time domain, can be exploited for compression
[VM13].

1.3.1 Depth representation

Depth maps provide a general geometric description of the scene for 3D video formats. The
distance information is generally recorded as a grayscale depth image.

For synthetic sequences the geometric information is directly available, while for natural
images it has to be either recorded by range cameras, that measure the time-of- ight of a
laser or light pulse, or estimated from di erent views. Depth estimation techniques rely
on the principle that the same point in two di erent views will be slightly displaced, and
the measure of the displacement (odisparity) is related to the distance from the camera
system. Let us consider a simple camera system with two parallel cameras, as depicted
in Figure [I.13. Be P a point with distance z from the camera system, which is composed
of two cameras at distance ¢, with focal length f. The point P will be projected on the
sensors of the two cameras with a displacement with respect to the center on the right
of d; for the rst camera, and to the left of d, for the second camera. So the following
relations can be extrapolated: g .

1

= -, 1.11
gz (1.11)
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Figure 1.13 { Relation between depth and disparity values.

for the camera on the left, and
d, f

TR (1.12)
S

for the camera on the right. The disparity d for each pixel is the sum of the two displacements

d; and dy:
d=d1+d2=f);d+f( e Xd):fzs. (1.13)

Leading to the following expression for the relationship betweerd and z:

d= : (1.14)

The inverse values ofz are usually quantized to operate with 8-bit resolution data, taking
in account znhin and zmax for optimal usage of the depth range. The inverse depth values

| 4(z) are de ned as: > 3
1
%5 (1.15)

Zmin Zmax

| 4(z) = round 4255

| Nl

If the two cameras are aligned, the disparity estimation is a 1-D problem because the
displacement can only be horizontal. The existent approaches for disparity estimation can be
distinguished in local and global methods. Local methods compute disparity independently
for each block of the image, minimizing the cost function. On the other hand, global
methods, other than minimizing the cost function per block, apply smoothness constraints
to deal with the problems caused by uniform areas or changes in illumination [EG14].
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Cam01 Synthesized view Cam02
1 k)d kd
c1(ug; v1) Ck (Ui 5 Vi) C2(Uz; V2)

Figure 1.14 { View synthesis with depth-image-based rendering (DIBR), from cam01 and cam02 to
a virtual view.

1.3.2 Depth-image-based rendering

The technique calleddepth-image-based renderingises the depth map and the texture
video of one or two views to generate a synthetic view in a di erent point in space. The
the rendering (or warping) process rst projects the reference image into a 3D space, then
it back-projects the scene onto the target image plane_ [Dar09] [McM97].

In current video solution, a strictly parallel camera scenario is enforced, and the DIBR
process is simpli ed to a horizontal sample shift problem, from the original frame to the
target frame. The shift values are calculated from the equation$ 1.74 anfl 1.15:

Ju@ 1 1, 1

d=f .
255  Znmin Zmax Zmax

(1.16)

The focal length f , the inverse depth valuesl 4(z), the baseline s and the valueszq,, and
Zmax have to be known.

In Figure an example of the synthesis principle is shown, where a novel view is
synthesized between the two camerasamO1 and cam02 k 2 [0; 1] is the parameter that
represents the relative position fromcam01 and cam02 c¢; and ¢, are the texture samples
from the two cameras, at positions(u1;vi) and (uy;v») respectively. The relations between
original and shifted versions ofc; and ¢, are:

(U vk) = ca(ur + (X K)d;vi) . cka(uk; Vi) = Co(uz + kd;vs) . 2.17)
Color blending can be applied if the two samples exhibit di erent color, resulting in:
Ck(Uks i) = (L K)cka(uk; i) + Keia(Uk; Vi) (1.18)

Using k < 0 or k > 1, one can also extrapolate a view outside the original range of the two
cameras. Moreover, if one of the two samples is not available due to occlusion problems or
because it is out of the view eld of one of the two cameras, the synthesized texture sample
ck(uk; vk) is obtained by shifting the available sample without color blending [MSD" 08].
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1.3.3 Compression

E cient compression of the 3D video signal requires the exploitation of all the existent
redundancy. To maintain a backward compatibility with existing 2D video services, a
standard 2D video coding technique is used for one of the views and then additional coding
tools are added for each 3D component to the 2D coding structureMM13]. 3D coding
schemes can be based on di erent paradigms, like:

inter-view prediction, given the high degree of similarity between di erent views,
pictures from other views are used to predict the current oneliAISMWO07a] [VWS11]
[PMCPP13] [MJCPP13c];

view synthesis prediction DIBR techniques are used to make a synthetic prediction
for the current picture [MBXVO06] [YV09]I[VCG *12] [PMC* 16];

depth resampling and Itering, a reduction of resolution for depth maps can lead to
substantial rate reduction, however ad-hoc resampling and lItering techniques are
then needed to achieve a good quality for synthesized depth maps [OYVHO09];

inter-component parameter prediction, the movement vectors for the depth map can be
inherited from its associated video WWSW12] [MJPPC13] [MJCPP13a] [MJCPP13D];

depth modeling the depth signal has di erent properties from 2D video, such as the
typical smooth areas and sharp edges, and many codecs are especially tailored for
this kind of characteristics. An overview of the di erent techniques proposed to code
depth maps is provided in Sectior 3.]L

1.4 MPEG-4 Visual: video objects

The Visual part of the MPEG-4 standard provides technologies to view, access and
manipulate video objectsrather than pixels. This paradigm is well-suited for Internet,
wireless and mobile interactive applications.

The scene in the MPEG-4 visual standard consists of one or more video objects. Each
video object is characterized by its temporal evolution, shape, motion, and texture. In this
context the MPEG-4 standard could bene t from the lossless contour coding technique
proposed in Chapter[2. Only some particular aspects of the standard are discussed in this
section, readers interested in more detailed explanations are invited to consult the excellent
references/[EHOO0] [VSQ1].

1.4.1 Structure

The audio-visual object is the fundamental unit of the MPEG-4 standard, and the foundation
of the object-based representation. The scene is described in a hierarchical way, using the
following structures:
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VS,...VSy
Video Session (VS) VS, VS,
VO ,..VO
Video Object (VO) VO, VO
VOL ,...VOL y

Video Object Layer (VOL) VOL 1 VOL »

GOV ,..GOV y
Group of VOPs (GOV) GOV 1 GOV 2
Video Object Plane (VOP) VOP 1 VOP g VOP k41 VOP 1 VOP ;,

VOP 1...VOP i VOP k41 ...VOP y VOP 1...VOP y
Layer 1 Layer 2

Figure 1.15 { Example of MPEG-4 video structure.

Visual Object SequencgVS): the complete MPEG-4 scene which may contain any
2D, 3D, natural or synthetic object;

Video Obiject (VO): it corresponds to a particular object in the scene;

Video Obiject Layer (VOL): each video object can be encoded in one or more layers,
to provide scalability functionalities;

Group of Video Object Planes(GQOV): this structure provides random access points
in the bitstream, using independently encoded groups of video object planes;

Video Object Plane (VOP): it is a video object at a certain time instant. VOPs
can be encoded independently the one from the other, or dependently using motion
estimation and compensation techniques.

The hierarchy is depicted in Figure[1.1%

A VOP can contain the encoded video data of a time sample of a video object, or a
sprite [KGS™ 08]. A sprite is a video object that has a wider extension than the video itself,
usually it represents static or quasi static backgrounds (also referred to as \background
mosaic"), to be slightly modi ed (warping, brightness changes) according to the framing of
the video. Both video data and sprites are coded usingnacroblocks A macroblock contains
the texture information (luma and chroma, in the format 4:2:0), motion information, and
shape information.
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In MPEG-4 each video object is coded separately, using for VOPs a hybrid coding
scheme for e ciency and backward compatibility.

1.4.2 Shape coding tools

The shape coding scheme in MPEG-4 visual relies on motion estimation to compress the
shape information. Only a general description of the scheme adopted by MPEG-4 natural
video standard for shape coding is in the scope of this manuscript. Interested readers are
referred to [JBB™ 98] [KKM * 98] for further information.

The shape information can be coded as binary or grayscale image. With binary shape
information each pixel is labelled with 1 if it belongs to the video object at that time
instant, and with 0 if it does not. The binary shape information is usually represented as
an image of the same size as that of the bounding box of a VOP.

Using more values other than 0 and 1 in shape information leads to gray scale shape
coding. It introduces the representation of transparent objects to reduce aliasing e ects.

Binary shape coding

In MPEG-4 visual, the shape of every VOP is coded along with its texture and motion.
The shape of the VOP is enclosed by a bounding box made up by blocks of size 1616.
The position of the bounding box is chosen in order to have the minimum number of blocks
16 16 with non transparent pixels. These blocks are callecbinary alpha blocks(BAB)
and can be transparent if they do not contain the VOP, opaque if they are completely
lled by the VOP, and \boundary" if they contain just part of the VOP. The basic tools
for encoding BABs are motion compensation and the Context based Arithmetic Encoding
(CAE) technique [BE97].

Grayscale shape coding

The structure for grayscale shape information is basically the same of the binary one, with
the di erence that every pixel can have a value from 0 to 255, according to the level of
transparency of the pixel. Gray scale shape information is lossy encoded using a block-based
motion compensated DCT, using binary shape coding for the coding of its support.

1.5 Lossless coding

The notion of information conveyed by a transmitted symbol is intuitively related to the
degree of uncertainty of the symbol. Resting upon this observation, a measure of the
information associated with an event in a probability space can be de ned. BeingX a
discrete random variable with valuesx 2 X and density function px (x), the self-information
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associated with the eventf X = xg is de ned as:

I(x)=logpx (x). (1.19)

The self-information can be seen as a random variable(X) =  logpx (X ), asx 2 X varies.
The mean ofl (X) is called entropy and can be seen as the measure of the uncertainty of
X . The entropy is de ned by:

X
H(X)= E[I(X)]= px (x) log px (). (1.20)
x2X

Using 2 as the base of the logarithm gives us a measure in bits [Sh&a48].

Information theory [[Sha4§ [CT91] shows us that the average number of bits needed to
code each symbol from a stationary and memoryless source, modelled with a R¢ cannot
be smaller than its entropy H (X ). Moreover, a sequence oN i.i.d. random variables X
can be compressed without information loss intoNH (X ) bits, as N tends to in nity, or
more bits in caseN is a nite number.

Entropy coding aims at reducing the average bit-rate needed to losslessly encode a
sequence of symbols, ideally up to its entropy. If a sequence is coded with xed-length
block codes, the average bit-rate would be = log, N. A simple approach to obtain a
better performing code is to use a unique pre x code to each unique symbol that occurs in
the input, where the length of the codewords is inversely proportional to the probability
of the symbol, i.e. short codewords are used for probable symbols and long codewords
for symbols with low probability. This approach is called variable-length coding (VLC).
Notable examples of this strategy are Hu man coding, an optimal pre x code Huf52],
Lempel-Ziv coding [ZL77], and arithmetic coding [Sha48][Abr63].

1.5.1 Arithmetic coding

Due to the fact that in Hu man coding the length of the codewords has to be integer,
there can be up to 1 bit of information ine ciency for each codeword. Blocks of input
symbols can be used to reduce this loss, but the complexity increases exponentially with
the length of the blocks. Arithmetic coding uses a totally di erent approach to achieve a
higher e ciency: the entire message is encoded as a whole into a single numbar, with
n 2 [0; 1[. The compression provided by an arithmetic coder is provably optimal for an
i.i.d. source, and near-optimal for sources that are not.i.d. [CT91]. In general the rst step
for compression algorithms that implement arithmetic coding is to estimate a model of the
probability mass function of the symbols. Source modelling also monitors the statistical
properties of the data for they may vary over time. As the estimation of the symbol
probabilities becomes more accurate, the output will be closer to optimal. To this purpose
statistics are gathered and data contexts identi ed.
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The arithmetic coding for a certain sequence of symbols proceeds as followld\J92]
[Sai04]:

1. the interval [0; 1] is set as current interval,
2. for each symbol:

(a) the current interval is divided into subintervals, whose number is equal to
the cardinality of the input alphabet and each segment is proportional to the
probability of the symbol it represents;

(b) the subinterval that corresponds to the symbol to code is selected as new current
interval;

3. the coder produces a string of bits that can distinguish the nal current interval from
all the others.

Some mechanism to indicate the end of the stream is needed, be it a end-of-stream symbol
coded at the end, or an external indicator of the length of the sequence.

Example Let us detail a practical example: to encode the sequence of symbola ¢ END],
emitted by a source described by the (static) probabilities of its output symbols:

p(a)=0:6; p(b)=0:2; p(c)=0:1; p(END)=0:1:

The arithmetic coding process proceeds as follows:

Current Subintervals
interval Action a b c END Input

[0.000, 1.000[| subdivide | [0.000, 0.600[ [0.600, 0.800[ [0.800, 0.900[ [0.900, 1.000[ a
[0.000, 0.600[| subdivide | [0.000, 0.360[ [0.360, 0.480[ [0.480, 0.540[ [0.540, 0.600[ c
[0.480, 0.540[| subdivide | [0.480, 0.516] [0.516, 0.528[ [0.528, 0.534[ [0.534, 0.540END
[0.534, 0.540][ stop

Once reached the nal interval [0.534, 0.540[, the encoder has just to output a single
number that identi es it. The nal interval is in binary [0.1000010110, 0.1000011100[, so
the number that allows the identi cation of the output interval with the minimum number

of bits is 0.10000110. The output of the encoder will then bel000011.

The decoding procedure starts by subdividing the main interval [0, 1] into 4 partitions,
proportional to the symbol probabilities, then locates the input number 1000011 (equivalent
in decimal to 0.538). The interval that contains the input number is again divided according
to the symbol probabilities and the process is repeated until theEND symbol is reached.
The decoding process is outlined in Figur¢ 1.16
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a b ¢ END
0 0.6 08 09 1
a
0 0.36 0.480.54 0.6
Cc
0.48 0.516 0.528 0.54
END
0.534

Figure 1.16 { Example of arithmetic decoding. The input number is 0.538, leading to the decoding
of [a ¢ END].

1.5.2 Context coding

This class of lossless compression techniques do not use prior assumptions on the statistics
of the data. Previously transmitted symbols provide a context to be exploited to compress

e ciently the data instead [ [Say1Z. These coding techniques analyse the history of the
sequence to estimate the probabilities of the symbol to be coded.

Example This technique is particularly suited for text coding for the inherent context
present in words and phrases. Let us consider an example where the the word to code is
probability. After the coding of the rst four letters p r o b, the next letter to code is a,
whose probability is estimated to be around 0.06 for the English language, without any
other prior knowledge. However, considering the fact that the preceding letter ish, the
probability values for letters like g or z become very little while the probability value for
the letter like a increases. In this exampleb is said to be the rst-order context for a, ob
the second-order context, and so on.

The probability of occurrence for the correct symbol increases with the length of the
context, reducing the number of bits required to encode the symbol. However a high order
of context is impractical, as the dictionary increases exponentially: if the input alphabet
has cardinality M, the number of rst-order contexts is M, for a second-order context the
number increases toM 2, for a third order M 2 and so on.

A popular class of algorithms that copes with this problem is based on therediction
with partial match (ppm), proposed by Cleary and Witten [CW84].

1.5.3 Entropy coding in video coding standards

In the H.264/MPEG4-AVC video coder the entropy coding stage is provided by a context-
adaptive variable-length code (CAVLC) for the Baseline and Extended pro les. Main and
higher pro les use a context-adaptive binary arithmetic coder (CABAC) [[MWSO06]. The
quite recent standard HEVC uses CABAC for all pro les [SOHW12].

In CAVLC [BL11] contexts, previously transmitted symbols, are used to improve the
entropy coding performance of the coder: an adaptive estimation of the context-conditional
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probability distributions allows the construction of di erent VLC tables, matching the
conditional probabilities of the context.

At the expenses of more processing and di culties in parallelization, CABAC [MSWO03]
has even better coding performances and leads to a bit-rate reduction of 10-2091WWS06]
compared to CAVLC. CABAC is composed of three components: binarization, context
modeling, and binary arithmetic coding. The binarization step maps non-binary symbols
into sequences of bits, which can in turn be processed by an arithmetic coder or a bypass
loop.
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Lossless contour coding
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In depth representation, arguably the most important information lies in object contours.

As a consequence, an interesting approach consists in performing a lossless coding of the
contour map, possibly followed by a lossy coding of per-object depth values.

In this context, a new technique for the lossless coding of object contours, based on
the elastic deformation of curves|EKJJ10Q], can be proposed: using the square-root velocity
representation for the elements of the space of curves, one can model a continuous evolution
of elastic deformations between two reference contour curves. An elastically deformed
version of the reference contours can be sent to the decoder with an extremely small coding
cost and used as side information to improve the lossless coding of the actual contour.
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Indeed, relevant results are achieved by using elastic deformation of curves to provide more
e ective context information to encode a curve in between the two reference ones: we use
the portion of the predicted curve corresponding to the a certain point on the curve we want
to code, along with already encoded samples, to estimate the most probable direction of the
following point of the contour. This direction is in turn used to parameterize the probability
distribution of the symbol corresponding to the next point in the curve representation.
Finally, this symbol is encoded with a context-based arithmetic encoder.
Experimental results show remarkable rate reductions with respect to standards (around

65% with respect to JBIG2), to commonly used algorithms (around 20% with respect
to arithmetic coding plus di erential chain coding), and to the state-of-the-art method in
[DCF12] (around 6:5%).

The outline of the chapter is as follows. We rst recall basic notions on shape representation,
elastic deformations of curves and how they are used in the context of depth map coding,
as well as the basics of arithmetic edge coding using the method dbCF12] in Section
[2.1. The proposed technique is then described in Sectidn 2.2, experimental results and
conclusions are presented respectively in Sectidn 2.3 and Sectipn 2.4.

2.1 Background notions

2.1.1 Shape representation and coding

The de nition of \shape" usually relies on practical, ordinary examples that consider an
object or a data set and one of its properties which is invariant to translation, rotation
and scaling [Emald [DM98]. The concept of connectivity can be used to provide a more
rigorous de nition: any connected set of points is a shapelCCOQ]. This de nition is valid
either in a continuous space or in a discrete one. The shapes considered in the following
chapters have the property of having been spatially quantized, as they are obtained from
the capture of the image of an object through a digital acquisition device €.g. a camera).
In the case of a digital image a discrete shape will thus correspond to a nite set of points
in the orthogonal lattice.

To represent a shape one needs to choose a set of characterizing features that allow the
reconstruction of the shape from such features, be it exactly or within a certain degree of
precision. Two shapes areequivalent if all their properties are equal. This notion can be
expressed using the feature vectors of the shapeE, If Fpo = Fg the shapesA and B are
equivalent. The similarity of two shapes can be de ned in a similar fashion, only the distance
between the feature vectors has to be smaller than a certain quantityjjFa Fgjj <".

Di erent kind of approaches can be used to represent shapes, in particular three
main groups can be distinguished: representation based on transforms, on regions, and on
contours.
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Transform-based techniquesare not only used for shape representation, as in the
transformed domain it can be easier to obtain descriptors for the shape. They can be linear
transforms (e.g. Fourier, Karhunen-Lave, cosine, wavelet, etc.) or non-linear g¢.g. Time-
frequency distributions, mathematical morphology, etc.)

Region-based techniquesan be distinguished into region-decomposition techniques,
bounding regions, and extraction of internal features. In region-decomposition techniques
the shape is decomposed in simpler structures, such as polygons, and represented with a
combination of them. Using a bounding region is another possibility to represent a shape:
an approximation is provided using a bounding box, a Feret box, or a convex hull. As for
the internal features, the shape is represented by a set of features extracted from its internal
region. Examples of this category are the skeleton transform and distance transform.

Contour-based techniqueswill be discussed in detail, as they will be used extensively in
Chapter [2. Three classes can be distinguished:

set of contour points: the shape is represented simply by a set of point, with no order
relationship between them;

parametric contours: a parametric representation can be attained by adding a se-
guential order to a set of points;

curve approximation: the shape outline is decomposed into a set of geometric primit-
ives, like straight line segments (polygon approximation) or splinesiQ'C97] [KKM * 98]
[KBEOQQ].

For a parametric representation a simple vector of valuegx(t); y(t)) can be used, where
x and y are the coordinates of the contour points andt is the parameter. An equivalent
complex representation can be de ned as:

u(t) = x(t) + ly (1), (2.1)

where u(t) is the contour signal, x(t) is its real part, y(t) its imaginary part, and | the
imaginary unit.

2.1.2 Chain-coding and di erential chain-coding

Chain-coding is the most common method to losslessly encode boundary pixels. A chain-
code follows the contour of an object and encodes the direction of the next boundary
pixel with respect to the current one [Fre61]. Since an object tends to have a quite regular
contour it is usually more convenient to code the di erence of direction with respect to the
previous one, thus leading todi erential chain-codes [Fre78. An example of di erential
chain-coding of the 8-connected contour of an object is given in Fid. 2]1: using the dotted
pixel as starting point, the contour of the object can be coded as: (3), 2, -1, 0, 3, -1, -1, 3,
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3 2 1 -3 -2 -1
0
4 0 4 0
prev. code
5 6 7 3 2 1
chain code di erential
chain code

8-connected neighbors

Figure 2.1 { Object contour, symbols of chain code with respect to a central pixel and the di erential
chain-code if the previous symbol was a\0".

-1, 2,0, 1, 0. The rst symbol, indicated in parenthesis, has to be coded separately from
the others and it belongs to the set of chain-code symbols.

To code a shape with a (di erential) chain-coding technigue the sequence of symbols is
fed into an entropic encoder, such as a variable length encoder or an arithmetic encoder,
possibly using contexts to improve its performance[CAB10].

2.1.3 Elastic deformation of curves

Srivastava et al. [SKJJ1Q] introduced a framework to model a continuous evolution of
elastic deformations between two reference curves. The referred technique interpolates
between shapes and makes the intermediary curves retain the global shape structure and
the important local features such as corners and bends.

In order to achieve this behavior, a variable speed parametrization is used, speci cally
square-root velocity (SRV), so that it is possible to bend one shape into another as well as
stretch or compress a certain part of it. Let us introduce some notation. The curve de ning
the shape is denoted byp, and t 2 [0; 1] is the curve parameter, leading to:

p:[0:1]! (xy)2 R (2.2)

where (X;y) are the coordinates of each point in the contour. Then,p is represented in the
SRV space byq:

q:[0;1]! (xy) 2 R?, (2.3)
o) = p=, (2.4)
ey
wherejj jj is the Euclidean norm in R? and p = % This transformation is reversible (up
to a translation): the curve p can reversely be obtained fromq by:
Z t
p(t) = . a(s)ija(s)iids. (2.5)

Introducing the SRV representation is very interesting because it can be shown that the
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Eb:2

b

Figure 2.2 { Geodesic path of elastic deformationd); from the curve ip to i3 (in dashed blue lines).
bs is one of the contoursh extracted from the intermediate frames between the two
reference ones, a good matching elastic curni@., along the path is highlighted.

simple L? metric in this space corresponds to an\elastic" metric for the original curve space
[MSJO7] i.e. a metric that measures the amount of \stretching" and 'bending" between two
curves, independently from a translation, scale, rotation and parametrization. Moreover,
using the SRV it is also relatively easy to compute the geodesic between the two curves:
according to the interpretation of the elastic metric, this geodesic consists in a continuous
set of deformations that transforms one curve into another with a minimum amount of
stretching and bending, and independently from their absolute position, scale, rotation
and parametrization [SKJJ10Q].

An example of the geodesic connecting two curves is shown in Fig. 2.2. We show in black
two contours extracted from the depth of the video sequence \ballet" using the Canny edge
detector. These depths correspond to the views 1 and 8, at time instant 2. In red we show
the extracted contours of intermediary views, while in dashed blue we show a sampling of
the elastic geodesic computed between the two extreme curves: it is evident that the elastic
deformations along the geodesic reproduce very well the deformations related to a change
of viewpoint. Similar results where obtained in the temporal domain: given the initial and
nal shapes, elastic deformations are able to represent the temporal deformation of the
contour of an object, at least in the case where there is a small temporal gap between the
initial and nal instants.

These observation lead us to conceive a lossless coding technique for object contours:
supposing that the encoder and the decoder share a representation of the initial and nal
shape, they can reproduce the exactly same geodesic path between them. Then, the decoder
will conveniently decide which point of the geodesic (one of the blue curves in Fig. 2.2)
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shall be used as context information to encode an intermediary contour (one of the red
curve in the same gure). The encoder will only have to send a values? 2 [0; 1] to identify
this curve. If this curve is actually similar to the one to be encoded, it is possible to exploit
this information to improve the lossless coding of the latter. However the use of elastic
deformation of curves for contour coding is not as easy as it appears, and the solution to
this problem is one of the main contribution of this thesis.

We observe that this use of the elastic deformation tool is quite di erent from what
it was proposed in the past. Classical applications of elastic deformations of curves are
related to shape matching and shape recognition, and the only previous paper using elastic
curves in compression iSAEDF * 15]. However, in that paper, elastic curves are used in the
context of distributed video coding, in order to improve the motion-compensated fusion of
background and foreground objects, while here it is used for the lossless coding of contours.

2.1.4 Arithmetic edge coding

One of the most recent and best-performing technique for lossless coding of edges was
introduced by Daribo et al. in [DCF12], and even though it is conceived in a block-
based coding environment, we retain it as a base to develop a part of our contour-based
coding technique. Their main idea is that contours of a physical object possess geometrical
structures that can be exploited to predict the direction of the next symbol, given a window
of consecutive previous samples. A chain code is used to represent a contour, and each
symbol is encoded with an arithmetic encoder that uses a probability distribution adaptively
computed using the previous symbols. The probability distribution is centred around the
estimated most probable direction, which in turn is obtained using linear regression on a
suitable window of previous samples: the underlying assumption is that contours exhibit
linear trends. The prediction of directions and the assignment of the probability values
can be reproduced at the decoder, provided that some parameters are transmitted as side
information.

For curves that represent object boundaries in MVD this method has much better
performance than other popular techniques/DCF12], however as we noticed in our study
further improvements are possible. On the one hand the linear regression can be replaced
with a more e ective estimator for the direction of the next symbol. On the other hand the
encoding algorithm does not take advantage from temporal correlation of contours and the
prediction of the most probable direction cannot cope with sudden changes of direction.

Our proposed method uses temporal correlation of contours to produce an elastic
estimation of the current curve; this curve is subsequently employed to improve the
statistical model of each symbol of the chain code, resulting in a remarkable improvement
of the coding rate. The two reference curves used to produce the elastic deformation are
encoded using a modi ed version of the arithmetic edge coding technique described by
Daribo et al. [DCF12], where the linear regression is substituted with the angle of the
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average direction of the symbols in the considered window of samples.

2.2 Proposed technique

We propose a technique to encode the contour of an object in a single view video sequence,
in a multiview set of images or in a multiview video sequence, and in any context where
two reference curves are available. The targeted application is depth coding in MVD
applications, and this for two reasons: rst, contour information is extremely important for
depth, and its lossless representation is necessary for obtaining a good subjective quality
for synthesized views; second, extracting contours from a depth map is relatively easy,
since they are typically made up of smooth regions separated by sharp discontinuities.
However, in this thesis we do not investigate the contour extraction from depth images,
but uniguely their lossless coding; moreover, we point out that our method can also be
applied on contours extracted from natural videos, as we show in the experimental results.
In this last case, contours are typically extracted from precise segmentation maps: our
method e ciently encodes both contours automatically extracted from depths and contours
obtained by segmentation.

As already mentioned, our method applies to the case where we have a set of contours
related to the same object, be them representing the temporal evolution of the object
borders or their deformation related to the change of viewpoint: the example in Fig[ 2.P
refers to the latter case. However, without loosing generality, we consider the following use
case. We have a set oK 3 contours (K =8 in Fig. R.2). We refer to the parametric

likewise, i1[n] with n 2 1;2;:::;N;, g is the parametric representation of the last contour,
and ky[n] with n 2 f1;2;:::;N{g the one of the generict-th intermediate curve, with
t2f1;,:::;K 1g. We propose an \intra method" (i.e. without temporal or inter-view

prediction) to encodeig and i1, and a\bidirectional method" (i.e. with prediction from
two already encoded curves) for the curvesy. We will refer to the intra-coded contours as
\l-contours" and to the K 2 intermediate contours, to which our prediction based method
is aimed, as \B-contours".

I-contours

Indeed, the I-contours are supposed to be available at the encoder and at the decoder
before the B-contours in order to develop a prediction method to code the latter. To encode
the I-contours ig and i1 we propose a small yet e ective modi cation to the arithmetic edge
coding technique described in[DCF12). In particular, we consider a window of previously
transmitted points, and we use them to estimate a probability distribution for the symbol
that represents the next point in the curve. The predictor for the most probable direction

of the next symbol is the angle of the average direction of the symbols in the window of
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samples, described in detail in Sectiop 2.2]2. An outline of the coder is given in Secti¢n 2.2.3.

B-contours

Let us now describe the proposed method for the B-contours. The basic idea is independent
from the value of K and from the structure of dependencies (or, borrowing the terms from
the classical hybrid video coding paradigm, from the GOP structure). More precisely, in
order to encodely, we consider the geodesic path betweeiy and i1. The elastic deformation
tool allows us to easily generate any intermediate curve on the geodesic (dashed blue curves
in Fig. , simply by specifying a position parameters 2 [0; 1]. Let us refer to &[n] the
parametric representation of a curve on the geodesic. We observe th& = ig and 8, = i;.
Sinceig and i; are available at the encoder and the decoder, they both can produce the
same curve®;, for any s, and use it as side information for the lossless encoding df.
Intuition suggests that the encoder and the decoder could agree in using = ﬁ as the
position on the geodesic used to predict.. However, as we will show in the experimental
section, a signi cant coding gain can be obtained if we let the encoder select a suitable
value for s, let it be s?, and use it for the encoding. Of courses? should be transmitted to
the decoder using a suitable number of bits. The choice &§? and the number of coding
bits will be discussed in the experimental section. Likewise, the problem of the optimal
\GOP structure" will be discussed in Section[2.3.4. In the rest of the current section, in
order to simplify the discussion, we will consider a simple IBIBIB: :: con guration. This
is equivalent to having K = 3: in other words, we encode an object contour knowing the
previous and the future curves. The proposed method can however be applied to any value
of K without major modi cations. Other coding structures are shown in the experimental
part at Section [2.3.4.

In the rest of this section we will explain how to select a suitable part of the elastic curve
8 to be used as context to encode the current edge symbol; how to use this information to
determine the most probable direction for the next symbol on the contour; and which side
information needs to be sent to the decoder such that it can replicate the same behaviour
as the encoder.

2.2.1 Correspondence function

In this section we consider the encoding of a single curvly using the elastic representation
8, with s? suitably selected by the encoder. The curves are sampled respectively d,
and Ng points. To simplify the notation, we will drop the subscript t and s? where this
does not give rise to ambiguities.

To use the suitable portion of the synthetic curve® as side information to code the
current point on b, it is essential to have a function that associates each point ob to
the corresponding point of 8. This function is generated at the encoder and has to be
transmitted to the decoder. In order to establish this association between the two curves,
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we use Dynamic Time Warping MO7] (DTW). First, it is needed to establish a feature
spaceF for the curves: a distance in this space will then be used to create the DTW
function. Since we want to link the parts of the curve that have the same characteristics in
terms of lobes, spikes and such, we tried several features such as curvature, direction of the
tangent vector, and its rst order derivative. The direction of the tangent vector proved to
be precise and reliable and was selected for the use with DTW.

Let us use a complex representation that associates to every pointx(y) the complex
number p= x + |y, and let us refer to the sequence of directions of the tangent vector of
the curve c= (X¢;Ye) as' ¢:

8n2fl, ;Ncg 'c[n]=arg(pn] pn 1)2F, (2.6)

whereF =[ ; [. Computing Eq. (2.6) for b and ® we obtain the sequences of features
"pand’ g dened on Ny and Ng points respectively.

A typical behavior of two feature sequences is shown in Fid. 2|3; while the two sequences
have similar shapes, they are not aligned. To perform the alignment we need a local
distance measure (or local cost measure), dened ag: F F! R*. The local distance
measured(’ p[n];" g[m]) should be small when the two features are similar, large otherwise.
Since in our caseF R, we can use as distance the square of the direction di erence:

I'b ' gl mod 2. By evaluating the local cost measure for every couple of elements in
the sequences, we obtain the cost matrixC 2 RN M where the generic element is de ned
as follows:

C(nim) = d( p[n];" g[m) = " p[n] *g[m] mod

We have to nd now the sequence , de ned as a sequence of couples:
[1=( % ?)2f1L ;Ngf 1 ;Mg,

such that: “
(% H=argmn  C([L D
G )

under the conditions:
boundary condition, [1]=(1;1) and [L]=(N;M);
monotonicity of ?[Jand 7[];
step size, [] [ 1]2f(0;1);(1;0);(1; 1)g.

In practice  is a sequence of indice§ °[']; ?[']) of the curves' pand' g, such that ' p[ [']]
and ' o[ ?I']] are best matched under the aforementioned constraints. The association by
DTW of the two sequences is shown in dotted black lines in Fig[ 2]3.
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Figure 2.3 { Example of association of two sequences by Dynamic Time Warping.

M

1
1 n N

Figure 2.4 { Ballet: correspondence function. In blue the association of the two curves using the
DTW of the direction of the tangent vector, in dashed red the approximation with a
rst order polynomial. While n and m are the indices of samples on the curveb and
8, respectively.

In our application the correspondence function obtained with DTW on the direction
of the tangent vector is very close to being a ne and it can thus be approximated with
a rst order polynomial. The approximation has two main e ects: rst it reduces the
number of bits needed to code the function; moreover it prevents sudden variations on the
correspondence function that are rather related to outliers than actual values. However,
one may wonder whether it is worth computing the exact DTW only for approximating
at a rst order: maybe a simple rescaling of the \temporal" axis from N points to M
points could be as e ective as the approximated DTW, without needing to compute the
correspondence function. We have dealt with this issue with a simple heuristic approach:
we compared the coding rate of our algorithm in two cases: in the rst, we use the rst
order approximation of the DTW function; in the second we use a rescaling oN=M . We
observed that using the DTW gives an average rate reduction of 5.33%. For this reason,
we kept the DWT in our system.

In Fig. P.4] there is an example of DTW and its linear approximation. The resulting
correspondence between the points of the two curves is shown in Fifj. 2.5. We see that
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Figure 2.5 { Ballet: correspondences between the elastic cunf (dashed blue) and the curve to
codeb (red).

all the main features of the curves are located and put in correspondence, so that for
each point of the actual curveb there is an associated point on the elastic curv®, whose
neighborhood is the side information we want to use to enhance the coding df

2.2.2 Context

The correspondence function allows to associate the current point to a portion of the elastic
curve, centered in the corresponding point. This information is used as side information to
have more accurate probability values for the next symbol. We called this information the
context, and for each point of the curveb, it is composed by:

Vo, a vector of Ng points of the curve b transmitted so far (in red in Fig. P.6);

V1p: the \past” on the elastic curve (in dashed blue in Fig.), a vector of N points
of 8 corresponding tovo; more precisely,v1p is constituted of the points between
those corresponding to the terminal points ofvg;

vy : the \future" on the elastic curve, a vector of N points of the elastic curve®
following the current correspondent point on® (in dark blue in Fig. .

Of coursevy, and vy are only available for B-contours, for I-contours only vg is available.
We use the context to obtain the most probable direction for the next symbol, then we use
this result to de ne a distribution using the von Mises statistical model [MJ99].
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Vit

1f

Vo

b

Figure 2.6 { Extracts from the curves b (red) and 8 (dashed blue). The correspondences between
the two curves are indicated with thin dotted black lines. The dashed lines represent
the extracted direction for the vectors of points v, vy, and vis .

Direction extraction

For all the set of points of the di erent curves we have to estimate the direction of the
next symbol. In the case of the I-contours only the set of pointspg are used, while in the
case of B-contours all the three sets of pointsg, vy, and v are used.

Several approaches can be used to extract a direction from a set of ordered points.
E.g. in [DCF12] a linear regression onvg is used. We found that the angle of the average
direction is even more e ective. Using the same complex representation as in 2.2.1, the
estimated direction can be obtained using the following formula:

I

W)=arg " i vin 1) 2[ ; [ 2.7)

where v is the complex representation of a generic vector oN points, and is de ned as
V=[x1+ |y1; X2+ |y2; ;XN + |Yn]; arg is the argument of a complex number.

Most probable direction

Applying Eq. P.7] on the complex representation ofvg, we obtain o, the angle of the
average direction based solely on the previously transmitted samples. Likewise,;, and

1+ are the average directions based on the vectors;, and vis of the curve 8. We develop
a method to estimate , the most likely direction of next symbol of b: we use s to adjust
the direction . In this way, we manage to seize the sudden changes and go along the long
trends.

A simple and intuitive formula to take into account the context for the prediction of

the most probable direction is:

=(1 9 o+q 1, (2.8)
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with g2 [0; 1]. This way we can weight the directions of the past of the curveb and the
future of the curve 8. To decide the weight g, we observe that the side information of the
elastic curve is not essential when the curves are regular, while it becomes fundamental
next to the occurrence of a sudden change. Sg should be small if for the current point the
directions extracted from the two curves are similar (so that is close to ), and close to

1 if they are not (so that is close to 11 ):

_maxfi o 1pjij o 1fid

(2.9)

The value of q is related to the modulus of the di erence of directions, and it is large if ¢
is very dierent from 1, or s because a dissimilarity in the neighborhood of the current
point suggests a change which is not predicted solely fromg.

Adaptive statistical model

We retain the statistical model described in DCF12] to assign values to the symbols for

the next edge. It is based on the von Mises distribution and the distribution parameters
are set according to the information extracted from the curvesb and ®. The von Mises
distribution is the Gaussian distribution for angular measurements and it is de ned as
[MJ99]:

e cos( )
21 0( )’

where I () is the modi ed Bessel function of order 0, is the mean and in this case it

p( j; )= (2.10)

coincides with the estimated direction , 1= is the variance of the distribution. As in
reference DCF12|, we set as a function of the predicted direction : when is aligned
with the axis of the pixel connection grid, intuition tells us that it is more convenient to

give a higher probability value to the symbol that represents that direction. So is set to:

= cos(?), (2.11)

where " = minfj ijg, and  are the angles of the pixel connection grid (0; g; %;

in the case of an 8-connected grid). The parameter represents a\con dence level" of the
prediction: as it grows it makes the distribution more unbalanced, so the more precise is
the prediction based on the context, the larger it should be to achieve higher coding gains.

2.2.3 Cading

The curve b, represented with a di erential chain code, is encoded with a context-based
arithmetic coder [Sai04 which for each symbol uses the probability vector assigned by the
adaptive statistical model. The encoder needs to transmit to the decoder the parameters
involved in the coding process:
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Figure 2.7 { Synthetic scheme of the coder for the lossless contour coding technique for I-contours.

s?, the selected point on the geodesic path;

the correspondence function, approximated by a rst order polynomial, so two
parameters;

the parameter ;
No and Ns.

With this information the decoder can reproduce the behavior of the encoder and it will
compute the same probability values for each point of the curveb. We observe thatN,
does not need to be sent, since it is deduced by applying the correspondence function to
Vo.

The proposed technique to code the I-contours (i.e. the reference contouig and iq) is
summarized in Fig.[2.7. The computation of the probability distribution for each symbol

is done using a window of previously encoded symbols of lengtN, using Eq.[2.7 as the
estimator for the most probable direction, and the adaptive statistical model described in
[2.2.2. The decoder for the I-contours is exactly the same as the encoder: using a window of
already received symbols, the probability distribution for the next symbol can be computed
and the bit-stream correctly decoded.

The lossless contour coding technique for B-contours is summarized in Fi§. 2.8: to code
the curve bwe rst use the reference curvedy and i; to make an elastic prediction. Then the
dynamic time warping is performed to establish a correspondence function betweeln and
the selected elastic deformatiors. The curve 8, along with the correspondence function,
provides a useful context to estimate with more accuracy the probability distribution for
each symbol ofb. The symbols of the curve to codeb and their probability distributions
are then fed to an arithmetic encoder that produces the bit streamBS;,.

The decoder side of the contour coding technique for B-contours is summarized in
Fig. 2.9. The rst step is again the elastic prediction from the reference contoursig and i,
which is used in conjunction with the correspondence function and the parameteriNg, Ns,

and s, to estimate for each symbol the same probability distribution as the encoder. The
bit stream BS, is thus decoded into the symbols that compose the curvé.
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Figure 2.8 { Synthetic scheme of the coder for the lossless contour coding technique for B-contours.
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Figure 2.9 { Synthetic scheme of the decoder for the lossless contour coding technique for B-contours.
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2.3 Experimental results

The proposed method has been evaluated using the multiview sequencdsllet, a real
world sequence provided by Microsoft Research with resolutiorl024 768 mobile, a
synthetic sequence provided by Philips, its resolution is 720 540; lovebird, a real world
sequence provided by the ETRI/MPEG Korea Forum, with resolution 1024 768 and
beergarden a sequence where the two main actors are real and the background is synthetic,
whose resolution is1920 1088and it was provided by Philips. We encoded the curves
corresponding to the main object in the depth sequences for a xed time instant or view. To
test our algorithm we used also masks extracted from the real world monoview sequences
such asstefan and foreman, which have CIF and QCIF resolutions: 352 288and 176 144
respectively.

The curves for ballet, mobile, lovebird and beergardendepths were obtained using the
Canny edge detector/Can8€. Depth maps are not as complex as texture images and the
use of the Canny edge detector produced very good results in our test cases. We extracted
the contours of very precise segmentation maps for the sequencstefan [CBS09], [CB09]
and foreman [Lin].

The coding scheme concentrates almost all the computational load at the encoder side. In
particular for the B-contours the choice of the values of(Np; Nt ; ;s) can be made by trying
out every possible combination and selecting the one that gives the least bit-rate. This
full search method, however optimal, is extremely costly in terms of time and complexity.
We thus introduced a greedy algorithm that optimizes one variable at a time to nd a
sub-optimal solution.

2.3.1 Caoding of I-contours and B-contours

To code the I-contours we replaced the linear regression (LR) with the more e ective
average direction (AD) in the technique described in[DCF12], whereas for the coding of
the B-contours we can take advantage of the context provided by the elastic curves (EC),
thus achieving better coding gains. In Tab.[2.] are shown the results for a set of images
taken from the test sequences. The reported values take into account the side information
cost needed by each method. We notice that just altering the direction extraction method
from LR to AD the average coding cost is reduced by 4.88%, while passing from AD to
AD with EC context leads to a reduction of 1.82%, for a total reduction of 6.53%. If on
the other hand we use the LR with the EC context, the rate reduction is 2.25%.

2.3.2 Side information cost

We will now account for the cost to transmit the four parameters s, N7, N7 and 7, as

well as the correspondence function.




2.3. Experimental results 45

linear regression average direction

linear regression average direction + EC context + EC context

ballet 1428.20 1375.20 1386.94 1338.78

beergarden 1687.67 1610.33 1656.67 1575.58

lovebird 1424.82 1370.73 1382.08 1341.73
mobile 711.71 642.29 697.15 639.12
foreman 411.73 396.82 398.15 390.20
stefan 745.33 701.00 738.33 700.00
average 1068.24 1016.06 1043.22 997.57

Table 2.1 { Coding results (in bits) for the di erent contributions of the developed tools to the
technique proposed in [DCF12], applied to object contours. Two di erent methods
to extract the probable direction from a set of points: linear regression, and average
direction, without and with EC context.

The correspondence function is the result of a linear approximation and experiments
show that 10 bits are enough to code the two parameters of the straight line with su cient
precision.

For Ng and Nf? we decided to use 1 bit for the range oN (f5; 6g), and 2 bits for the
range ofN¢ (f 6;7;9;11g), once again based on experimental results. On the other hand
the optimal has a wider range of values, and we observed that typical values can be
represented by the setf6:6 + k g, with =0 :1andk=0;:::;31, for a cost of 5 bits.

We observe that the accuracy of the representation of the position on the geodesg’
has a quite large in uence on the coding e ciency. Using for example 2 bits to code the
possible positions we have 4 curves to use as side information to code the curveusing 3
bits leads to 8 curves, in general using a xed length representation withbs bits permits us
to choose among 2 di erent curves. The chance of nding a good matching curve to use
as a side information increases withos, but for every bit added the complexity doubles, and
we are increasing the cost of the representation too. If some values are more probable than
others it is worth to consider a variable length code to reduce the cost of the representation.

We thus used an experimental approach and compared two di erent ways to cods’: a
xed length coding, with length from 2 to 10, and an Exponential-Golomb code. In Tab.[2.3
we see that, performing the average on di erent curves and on di erent sequences, a xed-
length coding leads to better performance if the number of bits used for the representation
of s? approaches to 6 or more. To compare the proposed method to other techniques we
choose the best performing 10 bits xed length coding.

For the I-contours we only have to transmit as side information the parametersNg
and ?, corresponding to an overall cost of 6 bits. On the other hand the decoding of the
B-contours needs the correspondence function as well as the four parametd\lsg, Nf'-’, ?
and s?, corresponding to an overall cost of 28 bits.
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Sequence 2 bits 3 bits 4 bits 5 bits 6 bits
ballet 1338.20 1329.00 1323.80 1323.80 1323.40
beergarden 1573.33 1565.33 1559.33 1560.33 1559.00
lovebird  1370.45 1347.18 1336.73 1334.18 1331.27
mobile 638.29 635.29 63543 635.57 634.57
foreman 390.27 388.27 388.45 388.91 387.00
stefan 705.00 695.67 693.00 693.00 691.67
average 1002.59 993.46 989.46 989.30 987.82

Sequence 7 bits 8 bits 9 bits 10 bits Exp-Golomb
ballet 1321.40 1319.80 1318.20 1316.20 1320.80
beergarden 1559.67 1554.67 1554.33 1554.00 1559.00
lovebird 1328.73 1328.18 1324.73 1323.91 1332.09
mobile 634.86 635.71 635.00 634.71 635.71
foreman 386.82 387.09 386.55 387.09 388.09
stefan 689.33 688.33 689.33  690.00 694.00
average 986.80 985.63 984.69 984.32 988.28

Table 2.2 { Average coding cost (in bits) for di erent ways of coding s”: xed length coding up to
10 bits and Exp-Golomb.

2.3.3 Greedy algorithm

Resting on experimental results for each variable we selected a range of typical values. We
initialize the greedy algorithm (GA) with a starting point (Npo; Nfo; o; So), corresponding
to the solution in which every value is the closest to the center of the coded range, and then
the GA optimizes the variables in the orderNp, N¢, , s. Keeping xed N¢o, o and sg the
GA runs the proposed technique to select theN, that minimizes the bit rate. Once Np?
has been found the algorithm starts again to optimizeN from the point (Np?; Nto; 0;So)-
Then again for and s, until it reaches the solution (N7;N¢; ?;s?).

The search order for the parameters is set according to our observations of the optimum
parameter distributions after the full search for many sequencesNg has a very peaked
distribution, so the selected value after the rst step of the GA should actually be the
best one.N/, on the contrary, has an almost uniform distribution, thus making di cult to
locate the best value; it is however required to select it before ? because the best value of

is in uenced by the selected values ofN, and Ny . Still based on our observations, the
last parameter to select iss.

As we can see in Tab[ 23, the average loss with respect to the full search is 0.82%, but
the number of calculations the encoder has to do is approximately reduced by a factor of
250.

Regarding the overall time needed for the coding of a curve, we can distinguish xed
and variable time contributions. The elastic estimation is xed but we can decide how
many frames to leave in between the two reference ones. On the other hand the execution
time for the choice of the parameters can vary greatly: a full search is very costly, and even
if the greedy algorithm speeds up the whole process, one can also decide to keep the same
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Sequence Full Search Greedy Algorithm

ballet 1309.60 1316.20
beergarden  1548.00 1554.00
lovebird 1305.18 1323.91
mobile 631.43 634.71
foreman 380.82 387.09
stefan 684.00 690.00
average 976.51 984.32

Table 2.3 { Average coding cost (in bits) for the full search and the greedy algorithm.

parameters (or a subset of the parameters) for a certain number of frames.

2.3.4 Comparisons

We compare our technique to various methods to code the di erential chain code of the
contours: Adaptive Arithmetic Coder (AAC), Context Based Arithmetic Coder (CBAC),
and the technique proposed in[[DCF12].

In the compression of B-contours we achieve gains up to 10% compared to the method
of [DCF12], but to make a fair comparison we have to consider for our technique both
I-contours and B-contours of the GOP structure. To study the in uence of the GOP
structure on the coding performance we used the following:

IBIBIB. . .is very e ective for the B-contours, since the two reference frames are very
close and the prediction is very accurate, but the I-contours have a non negligible
cost on the nal outcome. Using this GOP structure produced in our experiments an

average bit rate of 1000,19 bits per contour;

IBBIBB...and IBBBIBBB... are non-hierarchical structures with fairly distant I-

contours, they produced an average bit rate of 1004.03 and 1010.28 bits per contour
respectively;

11B1B>B3sl,...is a hierarchical structure with 5 frames in the GOP, in which B, is

predicted using |1 and |, B; using l1 and B,. It produced an average bit rate of
997,57 bits per contour.

The hierarchical structure proved to be the most e ective GOP structure: the cost of
the I-contours is low and the elastic prediction for B, is just slightly less accurate than
the ones for B, and Bs. This result is expected, given the previous study on depth map
compression with traditional hybrid techniques that shows the importance of the prediction
order [MPPQ8].
In Tab. P.4]the average results for the test sequences are shown, and in every case our

technique performs better than the references. The overall average gain with respect to the
second best coding technique in the group, the one proposed iIDCF12], is 6.53%. If we
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Sequence # symbols JBIG2 AAC CBAC [DCF12] Proposed Gain
ballet 1125.00  3968.00 1715.40 1585.60 1428.2Q1338.78 6.26%
beergarden  1369.00  4226.67 2052.33 1882.67 1687.671575.58  6.64%
lovebird 1302.09  3153.45 1886.55 1740.36 1418.821341.73 5.43%

mobile 661.86 191543 837.14 696.00 711.71 639.12  10.20%
foreman 330.00 1776.73 517.18 522.91 411.73 390.20 5.23%
stefan 565.00 2106.67  859.33 877.33 745.33 700.00 6.08%

average 892.16 2857.82 1311.32 1217.48 1067.24 997.57 6.53%

Table 2.4 { Average coding cost (in bits) for various sequences in the view domairb@llet) and in
the time domain (mobile, lovebird, beergarden stefan). The tested methods are: JBIG2,
Adaptive Arithmetic Coder (AAC), Context Based Arithmetic Coder (CBAC) with 1
symbol context, the one proposed in[DCF12], and the proposed technique (all the side
information cost accounted). In the last column are reported the gains of the proposed
technique over the other best performing one in the group.

consider instead the gain of the proposed technique with respect to JBIG2, which is not
optimized for this kind of data but has been chosen to code the boundary information in
[GLG12], it is 65.09%. Over other standard techniques, such as AAC and CBAC (with one
symbol context, the best choice in our tests) the average gains are of 23.93% and 18.06%,
respectively.

2.4 Conclusions

In this chapter, we have described a novel technique for lossless coding of object contours for
MVD, originally proposed in [[CCPP14]. Using elastic deformation between two reference
contour curves, we obtained a useful side information for the coding of the actual contour.
The price paid with the coding cost for the side information is fully rewarded with signi cant
gains with respect to the reference techniques and to the state of the art. We have also
improved the technique described in[DCF12] by substituting its prediction method with

the average direction method.

The technique and results presented in this chapter are published in the journal article
[CCPP14]. So far only a monodimensional elastic interpolation has been considered, but we
expect a more precise estimation if we can take into account 4 or 8 reference curves from
di erent views and di erent times, thus leading to further improvements of the technique.
This will be the subject of further study.

In the next chapter we will examine some application of this contour coding technique
to depth map coding, showing that this approach can give interesting results, even if
compared to state-of-the-art techniques, such as HEVC Intra.
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Depth maps can be represented by means of grayscale images and the corresponding
temporal sequence can be thought as a standard grayscale video sequence and thus
compressed with standard video coding techniques. However depth maps have di erent
properties from natural images: representing the distance from the camera and the objects
in the scene, they present large areas of smooth surfaces (high level of redundancy)
separated by sharp edges. In terms of compression performance, arguably better results
can be obtained by exploiting ad-hoc approaches tailored to the speci c properties of this
representation. In this chapter we present two novel coding schemes where the depth data
is represented by a set of contours de ning the various regions together with a compact
representation of the values inside each region.

As we will see in Sectiorf 3.]1, segmentation information has been widely used for depth
compression but the coding of the segments shape is critical and most available approaches
are not able to propagate the information across multiple frames. In order to exploit
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the temporal or inter-view redundancy of object contours and code more e ciently the
contour information, we use for the two presented coding schemes the lossless contour
coding technique with elastic deformation of curves described in Chaptelr|2. After the main
discontinuities have been captured by the contour description, the depth eld inside each
region is rather smooth.

We proposed and tested two di erent techniques for the coding of the depth eld inside
each region. The rst one is very simple and uses the Shape Adaptive Wavelet Transform,
followed by SA-SPIHT (Set Partitioning In Hierarchical Trees). The second one on the
other hand is more complex and uses a 3D surface prediction algorithm in order to obtain
an accurate estimation of the depth eld from the contours and a subsampled version of
the data. Follows an ad-hoc coding strategy for the low resolution data and the prediction
residuals. Experimental results prove how the proposed approaches are able to compete
with, and in some cases outperform, the state of the art. Moreover it is important to notice
that in the proposed techniques is performed a lossless contour coding: preserving the
sharp edges between the various surfaces is a relevant property since the positive impact
of contour-preserving compression techniques on synthesized images, obtained through
DIBR (Depth Image Based Rendering) approachesieh04], has been con rmed by means
of subjective tests. A detailed discussion on the subject is reported in Chaptdr]4.

The outline of the chapter is as follows. We rst make a short overview of di erent
codecs speci cally targeted at depth maps in Sectiof 3]1, then we will describe the proposed
techniqgues EC+SA-SPIHT and EC+3D surface prediction, along with experimental results,

in Sections[3.2 and 3.B, respectively.

3.1 Related work

The vast majority of the techniques speci cally targeted at depth map compression exploits
the key idea that depth maps are made of smooth regions divided by sharp edges. To
attempt a simple classi cation of the many approaches proposed in the literature we can
divide them into two main categories: block-basedcoding techniques andnon block-based
coding techniques|[CPD13].

Block-based coding techniques

Among the block based coding techniques we can take as example the work by Morvan
et al. [MEAWQ7]: a quad-tree decomposition divides the depth image into blocks of di erent
size and each block is approximated with a function. To model the signal in each block
are used a constant function, a linear function, a piece-wise constant function (wedgelet),
or a piece-wise linear function (platelet), if the approximation provided by these function
for the block is not good enough, the block is then divided into four sub-blocks, and the
modelling functions are checked again against the sub-block. The process is repeated until
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each leaf of the quad-tree is approximated. This technique has been further explored in
[MMS™ 08] and enanched and re ned in[[SBB11].

To better adapt to the content, in particular to the sharp edges that characterize depth
maps, many transforms have been proposed. IIKN* 10] Shenet al. describe edge-adaptive
transforms (EAT) that can be used for any edge structure. For each block the rst step is
to locate the edges in between adjacent pixels. Then the pixels of the block are mapped
on a graph, where each pixel is connected to its neighbours unless they are separated by
an edge. Finally an EAT can be applied on this graph. The main idea is to have sets of
pixels separated by an edge in di erent graphs, thus avoiding Itering across the edges by
applying a transform only to the values of the connected pixels.

The idea of graph-based transform (GBT), along with transform domain sparsi cation
(TDS) has been discussed inCKO* 11] by Cheung et al. Again, to code blocks that contain
relevant edges in depth maps, the GBT is used: avoiding the Itering across the edges,
that results in large non-zero high frequency coe cients, compensate for the graph coding
overhead. TDS was proposed to de ne per-pixel sensitivity of the synthesized view to
errors in the depth map. After computing this metric a search is performed for a sparse
depth signal in an orthogonal transform domain, achieving compression gain introducing a
controlled distortion in the synthesized view. The combination of GBT and TDS is used
for the blocks of the depth image, under a uni ed optimization framework.

The coding of depth videos has also been considered, e.g., DTF12] the idea that
pixels with similar depth have similar motion is exploited: whether a block presents an edge,
it is divided in two sub-blocks before performing motion estimation, and the estimation is
done separately for each sub-block. In this case the overhead caused by the need of lossless
coding of the contour is compensated by the very small prediction residuals. Another
possibility is to exploit adaptive interpolation schemes able to correctly handle edge regions,
for example the approach in[DYVHO9] by Oh et al. subsamples the depth information and
then reconstructs it with an adaptive interpolating lter.

Non block-based coding techniques

Traditional block-based coding paradigms, widely used for natural images, are less e ective
for depth map coding as a consequence of their distinctive characteristics. As a result many
ad-hoc techniques that do not follow a block-based coding scheme have been proposed.
An example for a novel representation of depth maps was proposed by Fariet al.

in [EPdWOQ7]. To obtain a high compression for an elevated number of views triangular
meshes are produced to provide a 3D scene representation. To avoid evident artefacts
along the borders in view synthesis, the mesh is constructed to have no triangle placed
along the discontinuities, and to each node two values are assigned to better model depth
discontinuities.

The same approach of just one 3D representation for a large number of views was adopted
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by Maceira et al. in [MMRH15], only instead of a mesh, a 3D plane-based representation
is used. The similarity between the texture and the depth signals is used in order to build
a partition of the depth, then a plane tting is performed to approximate each region.

The aforementioned techniques, although well adapted to the sharp edges of depth
images, are not able to provide a pixel-wise accuracy of the object boundaries, fundamental
for a high quality synthesis of novel views. Another possible solution is thus to exploit a
segmentation of the depth map in order to decompose it into a set of homogeneous regions
that can be represented by simple models or low resolution approximations. Examples of
approaches belonging to this family arel$S009, [ZC09],[MC10], [Jagl]], and [GLG12].
The segmentation or edge information they all use can have a relevant impact on the total
bit-rate, for this task e cient contour coding schemes are needed. Typical contour coding
techniques rely for contours on chain coding and di erential chain coding KKM_* 9§], on
polygon approximation [KBEOOQ], on Hausdor -distance constrained coding HMS13g], and
more frequently on JBIG [ISO93] to encode the whole segmentation map. Even if they are
quite e ective, these techniques do not exploit the temporal redundancy of contours of the
same objects in di erent time instants or views.

Sanchezet al. in [SSO09 propose a wavelet-based scheme, in combination with an
edge-preserving lifting scheme to avoid Itering across the edges. The cost of sending the
contour map to the decoder is balanced with the reduction of larger coe cients generated
typically near the edges. The solution proposed by Zanuttigh and Cortelazzo in[ZCQ09 still
exploits segmentation, but followed by a linear prediction scheme: a subsampled version of
the depth map is used to perform a 3D surface prediction for the points inside the regions
recorded on the segmentation map. A further re nement layer encodes the residuals with
a JPEG2000 coder. Milani and Calvagno in[MC10] proposed a scheme that exploits a
scalable decomposition into progressive silhouettes: the regions obtained by merging of the
segmentation elements are approximated with their relative average, this representation
provides a rst approximation of the depth map. Again a re nement layer codes the
residuals with a standard H.264/AVC coder. In a similar fashion, in [Jagl]], Jager uses
piecewise-linear functions to approximate the surfaces, which are not necessarily parallel to
the image plane but are generally characterized by linear gradient in depth images. Another
method, proposed by Gautieret al. in [GLG12], transmits to the decoder the map of the
contours, the values of the pixels along the edges, and a subsampled version of the depth
map. The decoder uses the received depth values as seeds to perform an interpolation by
means of a di usion algorithm.

The idea of exploiting crack-edges is used in [TSA14] by Tabust al. Crack-edges are
de ned as the lines that separate pixels of di erent values and are used to de ne regions
of constant depth value. To have a e cient representation of the depth map with these
elements redundancy between adjacent regions is exploited, as well as edges positions.
Crack-edges are used also in the approach proposed by Mathest al. in [MTZ13], where a
breakpoint eld representing crack-edges is exploited, in order to avoid Itering across the
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edges in the wavelet reconstruction.

Other techniques

Depth maps and texture images are highly correlated, so it is possible to use the texture
component to achieve high compression gains for the coding of depth maps. To give some
examples, color data has been used to assist the compression of depth information in the
works [FLWM15], [MZZF11], [MC114], [HMS13h] and [GBG15]. In addition, the approach
in [MC11Db] performs an object classi cation on the scene and adapts the depth coding
strategy according to the motion characteristics.

The approach of ZJZ* 09], while coding jointly texture and depth, also adopts a
segmentation of the depth image followed by region-based coding scheme because of the
impact that depth values along object borders have on the rendered virtual view images.

3.2 Depth map coding with elastic deformation of contours
and SA-SPIHT

The depth map coding technique presented in this section has been proposed in our paper
[CCPP14], and even though its main goal was to show the potential of the lossless contour
coding based on elastic deformation, we found that a relatively simple codec based on this
tool may be competitive with the state of the art. This may be considered a validation of
the elastic deformation-based approach.

3.2.1 Technique description

We resort to an existing object-based technique since it can immediately benet from
an improved contour coding method. Despite the simplicity of the approach the results
are satisfying, due to the nature of the data we want to compress. In summary, the new
object-based compression technique is composed of:

lossless coding of the segmentation map. We apply the lossless contour coding
technique described in Chaptef 2 with the contours of the objects. We use a hierarchical
GORP structure 11B1B>B3l», in which B> is predicted using k and I, B1 using |1
and By, and so on, as described ih 2.3]4. This part provides a lossless coding with
inter-frame prediction;

Shape Adaptive Wavelet Transform (SA-WT) for each object, followed by SA-SPIHT
(Set Partitioning In Hierarchical Trees), followed by an arithmetic coder [[CPVZ04].
We remark that for the inner part of the objects we thus have an entirely \Intra"
technique. We have chosen this technique because it is reasonable and simple, and it
complements perfectly with our lossless coding technique.
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Figure 3.1 { Coder and decoder schemes of the proposed technique EC + SA-SPIHT.

A synthetic scheme of the proposed depth map coding technique is shown in Fify. 3.1.
While the lossless contour coding technique has been widely discussed in Chapfér 2, a brief
description of the technique to code the inner parts of the object is provided here.

Once the depth map has been segmented in homogeneous regions, we use a transform
coding technique based on the shape-adaptive wavelet transform: SA-WT, using the
algorithm of Li and Li [[LLOQ], whose good performance and simple implementation make
it adopted in the MPEG-4 standard. The number of level decomposition is set to 5 and
Daubechies 9/7 biorthogonal Iters are used. The most relevant features of the SA-WT are
that no new redundancy is introduced and the number of coe cients is the same as the
number of pixels in the original object. Moreover the spacial relationship among pixels is
retained and there are no new frequencies introduced in the transform domain. Finally, for
rectangular objects the SA-WT is equivalent to the regular WT.

The SPIHT [[SP9q algorithm follows the SA-WT, in the shape-adaptive extension
proposed in [CPVZ04]. The SPIHT algorithm is a bit-plane coder of the wavelet coe cients
that exploits the similarities across the sub-bands in a wavelet decomposition of an image.
For each bit-plane there are essentially two tasks, locating the signi cant bits, and specifying
their value and sign. The most important coe cients are coded rst, and increasingly all
the coe cient to obtain a more re ned copy of the original image can be coded. The shape-
adaptive version of SPIHT proposed in [CPVZ04] is very similar to the basic algorithm
with the di erences that only active nodes, that is nodes belonging to the support of the
SA-WT transform, are considered, and that the tree of coe cients has a single ancestor in
the lowest frequency band.
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After the encoding of the coe cients of the di erent objects, the RD curves of all
objects are analysed to allocate among them the available bits for a desired encoding rate.
This step is necessary for a object-based coder, and although RD criteria are usually used
for bit allocation, there is another degree of freedom as the allocation could be done also
according to di erent criteria.

3.2.2 Experimental setting

To make a meaningful comparison we used HEVC Intra to compress the depth maps.
We believe that the comparison is fair because in the case of HEVC Intra the arithmetic

coder for the lossless coding part takes advantage of the context updating, and there is
no temporal prediction. Likewise, in our technique, the lossless coding part exploits the

temporal redundancy, while the object coding is totally \Intra". Moreover it would not

be fair to make a comparison with HEVC Inter because we have no temporal prediction

for the objects, neither would be easy to develop an object-based coder with temporal
prediction.

Once de ned the compression technique, we use the decoded depths to synthesize new
views and make a comparison with the images generated by the uncompressed depth maps
using the 3D-HTM software renderer version 6.2 as DIBR software. Given any two adjacent
views of the multiview sequence, we generated three equally spaced synthetic intermediate
views. To test our depth maps compression technique we used the multiview sequences
ballet, beergarden lovebird and mobile, synthesizing 6, 15, 30 and 54 frames, respectively. In
order to assess the quality of the virtual views, we compared them to synthesized images
obtained by applying the same DIBR algorithm to the uncompressed depths and views,
and thus we obtained the RD points related to our techniques and to HEVC Intra.

3.2.3 Results

A rst comparison between the proposed technique EC + SA-SPIHT and HEVC Intra can
be done by computing the PSNR of the compressed depth maps. For the sequenballet
there is a signi cant gain of the proposed technique over HEVC Intra, up to 3.5 dB, in the
range of 0.01 to 0.05 bpp, as reported in Figurg 3]|2(a). For the sequendeergarden starting
from 0.075 bpp, there is an almost constant gain of 1.3 dB of the proposed technique over
HEVC Intra, as reported in Figure B.2[b). The two techniques perform equally good for
the sequencdovebird, where the proposed technique reaches the same PSNR of HEVC
Intra starting from 0.01 bpp. The Figure B.2[c) depicts the behaviour of the two codecs
in the bit-rate range. Finally, there is a signi cant advantage of HEVC Intra over the
proposed technique for the sequenceobile, as shown in Figure[3.2(d). This is due to the
fact that the edges are already blurred in the original depth map, reducing the e ectiveness
of coding strategies based on the assumption of sharp edges between di erent regions.
These comparisons are informative about the e ectiveness of the proposed coding strategy,
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(a) ballet (b) beergarden

(c) lovebird (d) mobile

Figure 3.2 { Depth map coding technique EC + SA-SPIHT: PSNR of the compressed depth maps
for the sequencedallet (a), beergarden(b), lovebird (c), and mobile (d).

but they do not provide any clue about the validity of the approach for DIBR use.

The compressed depth maps are used in conjunction with the DIBR engine to synthesize
novel views. The synthesized images obtained with depth maps compressed with the
proposed technique are compared to the synthesized images obtained with depth maps
compressed with HEVC Intra. In order to take into account the artifacts introduced by the
DIBR software, the reference for this kind of images are the synthesized images obtained
with uncompressed depth maps[EYUHG10].

PSNR and SSIM are computed and showed in Figurg 3|3 and Figure 3.4, respectively.
In particular, concerning the PSNR of the synthesized images, the Bjontegaard metric
[BjoO1], computed on the RD points showed in the graphs, points out that the proposed
technique outperforms HEVC Intra for ballet, beergardenand mobile, achieving respectively
+2.6 dB, +0.16 dB and +0.88 dB, while the PSNR was practically identical for lovebird.

The SSIM metric, more re ned than the PSNR as it takes into account some perceptual
phenomena of the human visual system, shows that for the sequencésergarden lovebird
and mobile, the performance of the two codecs is very similar, as shown in Figure 3.4(b),
(c) and (d). The two codecs however introduce very di erent artifacts. The HEVC Intra
codec introduces typical fragmentation artifacts along the borders in the synthesized view,
as shown in Figure[3.5(b1) and put in evidence in the detail in Figure 3.5(b2). On the
other hand, the artifacts produced by the proposed EC + SA-SPIHT codec are more subtle
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(a) ballet (b) beergarden

(c) lovebird (d) mobile

Figure 3.3 { Depth map coding technique EC + SA-SPIHT: PSNR of the synthesized images
obtained using the compressed depth maps for the sequenchballet (a), beergarden(b),
lovebird (c), and mobile (d).

(a) ballet (b) beergarden

(c) lovebird (d) mobile

Figure 3.4 { Depth map coding technique EC + SA-SPIHT: SSIM of the synthesized images
obtained using the compressed depth maps for the sequenchballet (a), beergarden(b),
lovebird (c), and mobile (d).
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to detect. Due to the coarse representation of the geometric information of the scene, the
object textures or the background may be slightly misplaced, as shown in Figures 3.5(c1)
and (c2). This kind of errors a ect heavily the PSNR, while a human observer may not
perceive any di erence if the synthesized images obtained using depth maps compressed
with the proposed method are compared to the reference, synthesized images obtained
using uncompressed depth maps. The reference image for the example of Figlire|3.5 are
reported as Figure[3.5(al) and (a2).

These results, however pertinent to quite speci ¢ test conditions (limited set of sequences,
limited range), show that our technique can perform at least as well as HEVC Intra, or
even better depending on the sequence: these results imply that the proposed approach is
worth considering. This is even more relevant in sight of the fact that in general, object-
based coding techniques achieve not very good results in image compression. It has been
shown that the cost of lossless contour coding is one of the elements that undermine these
techniques the most [CPPVOT].
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(al) uncompressed (a2) uncompressed, detail
(b1) HEVC Intra (b2) HEVC Intra, detail
(c1) EC + SA-SPIHT (c2) EC + SA-SPIHT, detail

Figure 3.5 { Sequencdovebird: di erent artifacts introduced by HEVC Intra (b) and the proposed
technique EC + SA-SPIHT (c). The reference image (a), obtained using uncompressed
depth maps, is reported to show the artifacts introduced by the rendering. HEVC

Intra is used at QP 44, and the bit-rate of the technique EC + SA-SPIHT is set to
match exactly the one of HEVC.
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3.3 Depth map coding with elastic deformation of contours
and 3D surface prediction

The technique presented in Section 3.2]1 is very e ective when the objects have a distance
from the camera that ranges from medium to high. In that case the coarse representation
of the geometry of the inner part of the objects does not cause any problem in the synthesis
of novel views. On the other hand, when an object is very close to the camera, it can have
a uneven depth region, which would require a large amount of bits to be coded with an
acceptable quality for synthesis purposes. We therefore developed a novel coding scheme
where the depth data is represented by a set of contours de ning the various regions
together with a compact representation of the values inside each region. A 3D surface
prediction algorithm is then exploited in order to obtain an accurate estimation of the
depth eld from the contours and a subsampled version of the data. The low resolution
data and the prediction residuals are compressed with ad-hoc strategies.

3.3.1 Technique description

The general work ow of the proposed approach is shown in Figur¢ 3]6. The rst step is
the segmentation of the depth maps in order to extract the main objects and structures
in the scene. The segment contours are then compressed using the approach described
in [CCPP14] and the average depth value in each segment is stored. The depth maps
and the segmentation data are subsampled and the di erence between the subsampled
representation and the segment averages is compressed using a di erential prediction
scheme followed by the HEVC coder. Then a surface prediction algorithm derived from
[ZCQ9] is used to predict the input depth maps from the subsampled data and the contours.
Finally, the residuals between the prediction and the input depth map are lossy compressed
using the HEVC coder.

After the segmentation and the coding of the segment contours, the next step is the
subsampling of depth data. The depth map is simply subsampled according to a regular
grid (see Fig.[3.7c) and the average depth values in the segments are subtracted from the
subsampled data. The sampling factor is selected according to the resolution and the
amount of detail of the depth data. In the experimental set-up presented i 3.3.R, sampling
grids of 16 16 or 32 32 were used. The subsampled data is basically a low resolution
depth map of size W=) by ( H=), where W and H are the dimensions of the original
depth map. This information is compressed in lossless way in order to prevent blurring on
the edges and averaging between neighboring samples of di erent segments, which would
make useless the bene ts of the segmentation step. In order to obtain a high coding gain,
the samples of the rst depth image (Intra depth frame) are rst scanned on a raster
order and converted into a sequence of coupled;|) according to a run-length coding
strategy. Then, both runs and lengths are coded using a Lempel-Ziv 78 algorithm, which
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Figure 3.6 { Coder and decoder schemes for the depth map coding technique EC + 3D surface
prediction.
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permits obtaining good coding gains with a limited complexity. For the following frames, a
DPCM strategy is tailored in order to exploit temporal redundancy. Depth samples are rst
predicted from the previous frames (zero-motion prediction), and the prediction residual
is coded like depth samples of the Intra depth frame. We resort to this simple technique
because due to the very low resolution of the input images the size of the produced les is
minimal.

The high resolution contour information and the low resolution depth data can be used
to produce a very accurate prediction of the input high resolution depth map. For this
step we used an approach derived fromi4CQ9] that here we brie y report. The key idea
is that the depth map is made of a set of smooth surfaces represented by the segmented
regions. For each region a set of samples is available, i.e., the subsampled depth map pixels
belonging to that region. Each pixel p; of the high resolution depth map is thus surrounded
by 4 samples of the grid (see Fig. 3]8) and the idea is to predict it by interpolating only
the grid samples belonging to the same region. If all the 4 samples belong to the same
region of p;, the estimation of p; is simply given by the bilinear interpolation of the 4
samples. When instead the sample is close to the contour of one of the segmented regions,
some of the 4 samples could belong to di erent regions and the value qf; is estimated by
interpolating only the values of the grid samples that belong to the same region. Up to the
symmetry and excluding the trivial case of samples that correspond to grid points, there
are 5 possible cases (see Fi@.S).

a) If all the 4 samples are inside the same regiom; is simply given by the bilinear
interpolation of the 4 samples.

b) If p;i is surrounded by 3 samples belonging to the same region it is estimated by
assuming that it lies on the plane de ned by the 3 points.

c) If p; is surrounded by 2 neighbors in the region and 2 outside (e.g., when it is close to
an edge) a prediction of the two points outside of the region is performed by assuming
that each of them lies on the line passing through the closest available point and the
symmetrical point with respect to the available one (the orange points in Fig.[3.8c).
These points are used to computey; by bilinear interpolation.

d) If pi has just one neighbor in the same region the value of this sample is taken as
estimate.

e) If pi has no neighbors the average depth value of the region is used.

This approach allows to obtain a very accurate prediction of the input depth map, with
only some small artifacts typically on the edges not captured by the segmentation.

Finally, the residual di erence between the estimated and actual depth map is computed
and lossy compressed using the HEVC coding engine. In this case, the main REXxt pro le
is used, enabling rate-distortion optimization.
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(@)

(b)

()

(d)

Figure 3.7 { (a) Sample depth map from the dancer sequence; (b) segmented depth map; (c) detail
of the segmented depth map with the subsampling grid (red dots represent the position
of the grid samples); (d) depth map predicted from the contour and the low resolution
samples.
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(@) (b) (©) (d) (e)

Figure 3.8 { Grid samples: the 5 possible con gurations. The unknown yellow pixel is estimated by
using only the green pixels (plus the orange ones in case c).

3.3.2 Experimental setup

The performance of the proposed approach was evaluated on three di erent sequences with
di erent resolutions and characteristics. The rst is the dancer sequence, an high resolution
(1920 1088) synthetic scene, the second is thivebird sequence, a real world sequence
with a resolution of 1024 768 and the third is the mobile sequence, another synthetic
scene with resolution720 540. We compared the proposed approach with the HEVC
standard video coder (Intra mode, main pro le) and with the segmentation-based depth
coding approach of ZC09]. Sampling grids of 16 16 (sequencesovebird and mobile) or
32 32 (sequencedancer) were used.

3.3.3 Results

Figure [3.9(a) shows the performance of the proposed and competing approaches on the
dancer sequence. There is a large performance gain (up to 4 dB) with respect t&ZLC09] in

the considered bit-rate range. The two approaches share the idea of exploiting segmentation
and low resolution approximation, but the contour coding strategy of this work is more

e cient than the arithmetic coder of [ [ZC09 and the proposed low resolution samples and
residual compression strategies largely outperform the JPEG2000 based coding used in
that work. The comparison with HEVC is more though: at low and medium bit-rates (up

to 0:01 bpp) the proposed approach is able to outperform HEVC thanks to the e cient
representation of the contours and to the very low information content of the residuals.
The performance gain reaches around 2 dB at around:006 bpp. Notice how the contours
remain sharp and not blurred on the whole bit-rate range while HEVC achieves this result
only at high bit-rates. Figure B.9(b) shows the results for thelovebird sequence: even if
the resolution is di erent and the scene is a real world one (not synthetic), the results are
very similar to the previous one, with the proposed approach able to outperformZC09] at

all bitrates and HEVC for bitrates up to 0:02 bpp corresponding to around53 dB. The
mobile sequence (Figurg 3]9(c)) is more challenging for our approach since the edges are
already blurred in the input depth maps. This reduces the e ectiveness of coding strategies
based on the assumption of sharp edges between the various regions like the proposed one
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(a) dancer (b) lovebird

(c) mobile

Figure 3.9 { Comparison of the performances of the proposed approach with the HEVC coder and
with the method of Zanuttigh et al. [ZCQ9]. The test sequences arelancer, lovebird,
and mobile.

and [ZCQ9] (that on this sequence has very poor performances). However our approach is
still able to outperform HEVC at low bitrates. The maximum gain is around 3 dB in the
bit-rate that goes from the minimum to 0:022 bpp.

The compressed depth maps are used in conjunction with the DIBR engine to synthesize
novel views. The synthesized images obtained with depth maps compressed with the
proposed technique are compared to the synthesized images obtained with depth maps
compressed with HEVC Intra. In order to take into account the artifacts introduced by the
DIBR software, the reference for this kind of images are the synthesized images obtained
with uncompressed depth mapsEYUHG10]. In order to assess the quality of the virtual
views, we compared them to synthesized images obtained by applying the same DIBR
algorithm to the uncompressed depths and views. The 3D-HTM software renderer version
6.2 has been used as DIBR software. The comparison can be done either visually or by
objective metrics.

From a subjective point of view the edge preserving capabilities of the proposed approach
are particularly in uential when the depth is used for view warping and interpolation.

At the same time the proposed algorithm can introduce non-perceptible or non-annoying
artifacts and objective metrics can assign low scores for them even if for a human observer
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the degradation is relatively acceptable.

Figure [3.10 shows a synthesized view of thiovebird sequence. Depth data compressed
at around 0:008 bpp with both HEVC Intra and the proposed approach. From the gure it
is clear how depth compressed with the proposed approach leads to a better interpolation,
in particular notice how the regions close to the people edges have much smaller artifacts.

A frame from views 1 and 5 of thedancer sequence have been used to reconstruct view
3. Depth data compressed at around MO5 bpp with both HEVC Intra and the proposed
approach. In Figure[3.1] the synthesized images are reported. Again HEVC coding leads
to more edge artifacts in proximity of the borders.

Figure [3.12 shows the PSNR of the synthesized images obtained using the depth maps
compressed with the proposed technique and with HEVC Intra, while in Figure[3.1B is
shown the SSIM. For the sequencedancer and lovebird the synthesized images produced
with depth maps compressed with HEVC have a higher PSNR and SSIM in the considerate
bit-rate range, while at low bit-rates (up to 0:017 bpp) the proposed approach has an
advantage (up to 3 dB at the minimum bit-rate).
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(al) uncompressed (a2) uncompressed, detail
(b1) HEVC Intra (b2) HEVC Intra, detail
(cl) EC + 3D surface prediction (c2) EC + 3D surface prediction, detail

Figure 3.10 { Sequencdovebird: di erent artifacts introduced by HEVC Intra (b) and the proposed
technique EC + 3D prediction (c). The reference image (a), obtained using uncom-
pressed depth maps, is reported to show the artifacts introduced by the rendering.
HEVC Intra and the technique EC + 3D prediction are used at around 0.008 bits
per pixel.
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(al) uncompressed (a2) uncompressed, detail
(b1) HEVC Intra (b2) HEVC Intra, detall
(cl) EC + 3D surface prediction (c2) EC + 3D surface prediction, detail

Figure 3.11 { Sequencedancer: di erent artifacts introduced by HEVC Intra (b) and the proposed
technique EC + 3D prediction (c). The reference image (a), obtained using uncom-
pressed depth maps, is reported to show the artifacts introduced by the rendering.
HEVC Intra and the technique EC + 3D prediction are used at around 0.005 bits
per pixel.
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(a) dancer (b) lovebird

(c) mobile

Figure 3.12 { Depth map coding technique EC + 3D surface prediction: PSNR of the synthesized
images obtained using the compressed depth maps for the sequenaencer (a),
lovebird (b), and mobile (c).

(a) dancer (b) lovebird

(c) mobile

Figure 3.13 { Depth map coding technique EC + 3D surface prediction: SSIM of the synthesized
images obtained using the compressed depth maps for the sequenaencer (a),
lovebird (b), and mobile (c).
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3.4 Conclusions

This chapter focuses on segmentation-based coding of depth maps, introducing the concepts
of elastic deformation of curves in the context of depth map coding. Two depth map
coding techniques have been discussed. Both of them use the lossless contour coding
technique discussed in Chaptef |2 to describe the object contours of a segmented scene,
while the approaches to represent the inner part of the objects are on SA-SPIHT for the
rst technique, and a prediction from a subsampled version of the original depth map for
the second one.

The results obtained with the proposed technigques show that with smart contour coding
even segmented coding approaches are able to compete with HEVC Intra. Moreover the
preservation of the contour information allows a very high quality synthesis of novel views.

The technigue EC + SA-SPIHT presented in this chapter is published in the journal
article [CCPP14], while the technique EC + 3D surface prediction is published in[CZM* 16].
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The video-plus-depth representation for multi-view video sequences (MVD) consists
of several views of the same scene with their associated depth information, which is the
distance from the camera for every point in the view DPPC13]. Depth information allows
synthesizing virtual view points, for such applications as 3D television and free-viewpoint
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video, but it requires ad-hoc compression techniques, since those developed for texture
images are not well suited for depth maps.

A key point in depth image compression is that depth maps are not meant to be
visualized but only used for rendering of virtual views. Various techniques have been
speci cally proposed to code the depth information associated to the views and recent
approaches include contour-based and object-based coding of depths, as we have seen in
Section[3.1. This approach seems reasonable because the properties of depth maps di er
greatly from the ones of texture images. Objects within a depth map are usually arranged
along planes in di erent perspectives. As a consequence there are areas of smoothly varying
levels, separated by sharp edges which correspond to object boundaries. It is generally
recognized that a high-quality view rendering at the receiver side is possible only by
preserving the contour information [GLG12], [DCF12], [SKN* 10], since distortions on
edges during the encoding step would cause a sensible degradation on the synthesized view
and on the 3D perception. In case the edges of the depth map are losslessly compressed and
the inner part is coarsely compressed, the typical artifact consists in a slight displacement
of an object, with clear sharp edges. This leads to low scores for objective metrics like
PSNR, which are very sensitive to this kind of errors, while it should leave a low impact
on the perceived quality. To the best of our knowledge no study has been done so far
to validate this claim [BPLC* 114] [BKP* 11] [BPLC™* 12| [DJC™* 15], so we conducted a
subjective test to assess the quality of synthesized images, obtained using DIBR software
and depth maps compressed either with an object-based technique, or a hybrid block-based
technique.

In Chapter P]a lossless contour coding technique that uses elastic deformation of curves
to losslessly encode the object contours is described, while in Sectipn 32.1 is described
a technique that uses the shape-adaptive wavelet transform to represent the inner parts
of the objects. In a practical bit-rate range the combination of these two techniques
proved to be competitive, in terms of objective quality metrics (PSNR and SSIM), with
HEVC [[SOHW17], state-of-the-art technique for hybrid block-based coding. Just like other
contour-based methods, the technique EC + SA-SPIHT presents totally di erent artifacts
in synthesized images with respect to HEVC, and their impact is di cult to evaluate with
classical metrics like the PSNR.

The results of the subjective test show that the contour information is indeed relevant
in the synthesis step: preserving the contours and coding coarsely the rest typically leads to
images that users cannot tell apart from the reference ones, even at low bit rate. Moreover,
our results show that objective metrics that are commonly used to evaluate synthesized
images may have a low correlation coe cient with MOS rates and are in general not
consistent across several techniques and contents.

The rest of the chapter is organized as follows: in Sectioh 4,1 the basics of subjective
visual quality assessment are given; in Section 4.2 an overview of the coding techniques
used for the preparation of the test is presented; the Sectioh 4]3 deals with the test design,
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the participants, the test environment, the used stimuli and the test procedure; nally the
Section[4.4 contains the results, followed by the conclusions.

4.1 Background notions on quality assessment

The evaluation of lossy compression techniques for videos and images can be conducted
through objective or subjective methods [Ric0O4]. Objective metrics are simply computed
from the signals' values and they can be distinguished into perceptual and non-perceptual
metrics. Subjective methods on the other hand ask a group of people to judge the quality
of the signal.

The most common objective metrics for video quality evaluation are described in
Section[1.1.4.

4.1.1 Subjective quality assessment tests

In a subjective visual quality assessment test, the viewers, usually calledparticipants”,
provide a set of responses to the receivedstimuli *, the images or video sequences. To
consider these responses as a reliable measure of perceptual impressions, the experimenter
must control a set of external conditions. The experimenter in particular has the choice of
the stimuli, as well as their order and repetitions; the number and the characteristics of the
subjects; the environment for the experiment, as well as its methodology, which includes
the question that the subject has to answer, along with the rating scale. The variables that
the experimenter controls are calledindependent variables

The response of a subject to a stimulus is thelependent variable and the whole test is
designed so that the variation in the subjective responses is caused only by the prompted
stimuli.

The experimenter formulates a question to be answered in order to con rm or reject
the null hypothesis which indicates how likely it is that the research hypothesis is true or
false. Example of null hypothesis is that the images compressed with technique \A" and
the images compressed with technique \B" have the same quality at equal bit-rate.

As only a limited number of people can participate to a subjective test, the experiment
has to be correctly designed to generalize the con rmed or rejected hypothesiBEZ07]. In
order to verify whether a test is correctly designed we can check the two properties of
objectivity and reproducibility. Objectivity property refers to the fact that if we perform
another test in another laboratory, with another test method and other subjects but
using the same stimuli, we should get statistically similar results. While if for our test the
reproducibility property is veri ed, a test that uses the same stimuli and test methodology,
in another laboratory, with di erent people, produces statistically comparable data. To
obtain objective and reproducible results, all the external conditions and the research
guestion must be carefully determined and the collected results reported in all the details
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[Win05] [BHH78] [SC67].

4.1.2 Design of a subjective test

The aim of the experiment de nes the research question, which can be focused either on a
speci ¢ characteristic of the stimuli, or on the overall impression that the subjects receive
from the stimuli [[ntO5].

An image or a video is a complex signal, and when such a stimulus is presented to a
subject it is likely that he perceives multiple attributes (such as sharpness, contrast, etc.)
at the same time. A perceptual measurementaims to measure a speci c attribute of the
stimuli, thus the question to be asked to the participants will not be about the overall
perceived quality of the pictures or video sequences, but just about the speci ¢ attribute
under study, with a detailed and clear formulation. To measure di erent attributes, it is
recommended to evaluate them separately.

Unlike perceptual measurements, thea ective measurement has the purpose of quanti-
fying the general impression of the stimulus, such as acceptance, liking, or annoyance. All
the attributes, the environment and the context, the state of mind of the subject, are all
blended into a single impression. A short training is needed to explain the experimental
design and the research question. Three classes of a ective measurement can be de ned:
acceptance tests, where the subject is asked to report the degree of liking of the stimulus;
appropriateness tests, where the degree of liking is contextualized; preference tests, where
a preference choice has to be made between di erent stimuli.

Stimuli and subjects

The test material has to be representative of the data used in a realistic scenario and at the
same time its characteristics should be challenging for the attributes that the experimenter
wants to take into analysis [TU12b]. The number of stimuli to be used in a test is variable

and depends on the factors that the experimenter is considering. Ideally every combination
of treatments should be showed to the subjects (full factorial design), but this approach
leads to a very large number of stimuli. Given that every session should not last more
than 30 minutes, a fractional factorial design is preferred: the stimuli set contains a just a
signi cant fraction of all possible stimuli [BHH78].

As the test material has to be relevant for a use in a realistic scenario, the same is true
for the subject who participate in the test. We can distinguish two categories: expert and
untrained (or naive). Concerning their area of expertise, the experts represent a sensitive
part of the total population and they take part in a subjective test when the experimenter
wants a detailed evaluation of the stimuli. On the other hand for a ective tests the untrained
subjects are preferred, as they reproduce a random sampling of the populatioib517
[ITU12b]. Depending on the nature of the study, nave or experienced participants are used
for the assessment.
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Experimental set-up

In order to perform a meaningful test for quality assessment, the experimental set-up
should recreate the usage conditions for the targeted application. At the same time all the
external experimental parameters that could bias the impression of the subjects must be
restrained.

A standardization e ort has been done in order to facilitate the test reproducibility.
Recommendations and set-up parameters for the reproduction system and the environment
where the test is performed are indicated in[TU12b] and [ITU12a]. However, as the
technology evolved very rapidly over the last years, the experimenter can de ne an ad-hoc
con guration to study a particular application, as long as he provides a detailed description
of the test environment in his report.

Test methods

Once decided the target application and the aim of the test, the experimenter has to choose
a test method: the question to be asked to the subjects, and how the subjects have to
answer. Rating scales are used to translate the impression perceived by the subject from a
stimulus into a measure.

Scaling methods are either direct or indirect. In direct scaling methods the overall
impression perceived by the subject is directly translated into a category or a number,
proportional to the magnitude of the sensation caused by the stimulus/$te4€. Regarding
indirect scaling methods, they are used to measure the perceived impression by comparing
the e ects of two stimuli: the more they are di erent the more the subject will perceive
di erent sensations. By indicating the stimulus that is considered better than the other, if
they are not perceived as equal, the experimenter can construct a matrix of probabilities
that can in turn be converted into scores on interval scales [BZQ7].

Among common test methods we can mention double stimulus, single stimulus, and
stimulus comparison methods, all accurately described in the ITU recommendations
[ITU12b], [ITUO7] and [ITU99]. Double stimulus methods belong to the direct scaling
methods family. Two stimuli are presented to the subject, at the same time or sequentially,
one of the two being the reference and the other the test stimulus. The subject has then to
evaluate both, or just the test stimulus, to measure the delity of the test stimulus to a
reference one.

A common implementation of double stimulus methods is theDSIS test (Double Stimulus
Impairment Scale): the viewer is asked to evaluate only the test stimuli using a rating
scale composed of ve intervals (ITU-R ve-grade discrete impairment scalel[TU12b]). An
example of the scale is reported in Figur¢ 4]1, and it can be discrete or continuous.

In single stimulus methods there is no reference and only one stimulus is shown at the
time. The user will have to choose the degree of acceptance of the stimulus on a discrete or
continuous scale. This kind of methods have the advantage of being closer to real-world




76 4. Quality assessment

Excellent Excellent Imperceptible Imperceptible
Good Good Egtr Cn%p%tg)rl]%oying EStr %%p[tg)rlﬁoying
Silhe S

Poor Poor Annoying Annoying

Bad Bad Very annoying Very annoying

(a) (b) (c) (d)

Figure 4.1 { Rating scales: ITU-R 5 grade discrete (a) and continuous (b) quality interval scale,
ITU-R 5 grade discrete (c) and continuous (d) impairment interval scale.

application than double stimulus methods, but at the same time small di erences may not
be perceived.

On the other hand, stimulus comparison methods allow to precisely discriminate
di erent stimuli. Pairwise-comparison methods are considerate the most precise: stimuli
are presented in pairs and the subject has to use a scale to establish a better-worse relation
between the two. The problem related to this approach is that the sessions tend to be very
long.

4.1.3 Analysis of subjective results

Once the results have been collected, a pre-process is needed to detect and potentially
remove the outliers. The data can then be analysed using appropriate statistics, depending
on the experiment design and the nature of the study. Common statistics, as reported in
[ITU12b] and [ITUO4], are Spearman's correlation coe cient, root mean square error and
mean opinion score.

Outlier detection and removal

The data the experimenter deals with is a collection of scores. There are many ways to
perform the outlier detection, a common one is that if the experimenter cannot make any

assumption on the score distribution, a scorex is considered as an outlier if its value is out

of the interquartile range by a distance of more 1.5 times the interquartile range.

x isoutlier: x< Q1 15 IQR j x> Q3+1:5 IQR 4.1

whereIQR = Q3 Q1, and Q1 and Q3 are the rst and third quartile, respectively. Then,
if the number of outliers among the scores of a subject is greater than the threshold of 10%
or 20%, he is labelled as an outlier and all of his scores are discarded [DSGLE11] [DS12].
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Mean opinion score

To summarize the collected data the experimenter can compute and report the value of
descriptive statistics like mean, standard deviation or variance, as well as the box-plot
diagram, which graphically describe the score distribution through its quartiles.

The opinions of the subjects are also averaged into thean Opinion Score (MOS) to
provide a concise representation of the appreciation for each stimulus. Given a stimulug,

its MOS can be calculated as: "

MOSJ' = Ni an; (4.2)
1=n
where N is the number of subjects left after the outlier removal, andxp; is the rating given
by subject n to the stimulus j [ITU12b].

To measure the general agreement between the participants, MOS values should always
be reported with their con dence interval. Since the number of participants is usually
small compared to the whole population, the Cl must be calculated with the Student's
t-distribution.

S.
Clj =t 19%; (4.3)

wheret . 1 is the t-value corresponding to a two-tailed t-student distribution with N 1
degrees of freedom (the number of independent observations in the set of data) arsj is
the standard deviation of the scores assigned to the stimulug. The signi cance level for
the 100 (1 )% ClI is usually set to 0.05, i.e. a degree of con dence of 95%.

4.2 Depth map coding techniques

To produce the test material for our analysis we will compress the depth maps using
three di erent techniques: HEVC, the state-of-the-art hybrid block-based technique, the
technique described in Section 3.2]1, and a simple control technique.

4.2.1 Depth map coding with elastic deformation of contours and SA-
SPIHT

The technique described in Sectioni 3.2]1 uses the elastic prediction as a context for an
arithmetic coder, to improve the probability distribution for each symbol that composes
the curve. The lossless coding of the contour is performed through an arithmetic coder,
and the input symbol probability distribution is modi ed on the y according to the elastic
prediction, as we have seen in Chaptefr|2.

A segmentation map of the scene with di erent objects can be coded with our lossless
contour coding technique, and this map can be used in conjunction with an object-based
coding technique to code the depth images. The proposed method relies on the SA Wavelet
Transform [LLOOQ], followed by SA SPIHT (Set Partitioning In Hierarchical Trees) [[CPVZ04],
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Figure 4.2 { Coding scheme for the technique NR (No Re nement).

followed by an arithmetic coder for the SPIHT symbols (memoryless, without context).
This provides an entirely Intra technique for the inner part of the objects. From now on we
will refer to this technique as\CC", contour coding.

4.2.2 Advantages of lossless coding - Simple control technique

The validity of the object-based approach is suggested by the relevance of the contour
information in the synthesis step. A minimum bit budget is needed for alosslessrepresent-
ation of contours and this initial cost may be a relevant fraction of the total rate dedicated
to the depth map. One question that arises is whether the bene ts of a lossless contour will
actually be perceived as relevant against its bit-rate cost. We investigated on this subject
by simply skipping the lossless coding part in our coding technique and using the elastic
prediction to directly generate the segmentation map to feed the object-based coder. We
rely on the SA SPIHT block to correct the possible imprecision of the coded depth map.

This control technique allows the rates to be lowered dramatically, however the quality
of the synthesized images obtained from the depths compressed with this simple technique
must be carefully evaluated. From now on we will refer to this technique as \NR", no
re nement.

A concise scheme of the NR method is shown in Fig. 4.2. As inputs we have a depth
image and the two reference contours needed for the elastic interpolation. First the elastic
prediction is performed and the generated contours are used to arrange a segmentation
map. The resulting objects are coded with a SA wavelet transform, followed by SA SPIHT.

4.3 Subjective test

4.3.1 Test design

The subjective evaluation has been performed following the Double Stimulus Impairment
Scale (DSIS) methodologyITU12b]. For each \round" a pair of images has been proposed
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content \ frames | view L goal view R \ crop

beergarden| 54-58 5 5.25 6 840 896
lovebird 1-5 6 7 8 1024 768
mobile | 43-47 3 3.75 4 720 536

Table 4.1 { Frames used for compression and synthesis for each sequence.

to the user, stimuli A and B, in which the stimulus A was always the reference, and stimulus
B was the image to be evaluated. The reference image is obtained using uncompressed
depths in the synthesis step, while the image to be evaluated is obtained with compressed
depths. The viewer was informed of the presence of the reference image in the pair, and
was asked to rate the drop of quality of the second image with respect to the rst one,
using a continuous scale ranging from 0 to 100, in which ve ranges were associated with
ve distinct adjectives (\Very annoying", \Annoying", \Slightly annoying", \Perceptible",
\Imperceptible").

4.3.2 Participants

A panel of twenty people took part in our test, 6 female and 14 male, aged from 23 to 32,
with an average of 27.65 years. The subjects reported normal or corrected-to-normal visual
acuity.

4.3.3 Test environment

The images were displayed on a DELL P2210 screen at their original resolution (reported in
Tab. [4.1). The test space was set up with mid gray non re ective background, and isolated
from external sources of light, as recommended in[TU12b], [ITU12a]. To avoid direct
light sources in the eld of view of the user, except for the screen, we placed a lamp at
6500K color temperature behind the screen to provide ambient illumination. The resulting
ambient light measured in front of the screen, when this was o, was approximately of 10
cd=n?. Viewers participated to test sessions one at the time, sitting in front of the screen
at a distance of its diagonal approximately, which corresponds roughly to three times the
height of the images used for the test. The angular resolution from that distance is about
35 pixels per degree.

4.3.4 Stimuli

The multiview sequenceshbeergarden(provided by Philips), lovebird (ETRI/MPEG Korea
Forum) and mobile (Philips) have been used for test. An example for each content is shown
in Fig. B.3l We produced the test material by synthesizing novel views from uncompressed
texture videos and compressed depth maps For each sequence a target view and time
instant is chosen. Depth maps are then compressed using the techniques CC, NR, and
HEVC.
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beergarden (1920 1080) lovebird (1024 768)

mobile (720 536)

Figure 4.3 { Contents of the di erent sequences and their resolution.

QP 51 44 38 27

HEVC bit-rate
CcC bit-rate
NR bit-rate

Figure 4.4 { Coding rate scheme for the di erent techniques used in the test.
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(@) (b)

Figure 4.5 { Example of artifact introduced by the compression with the \no re nement” (NR)
technique: imprecise contours will produce in the synthesized image a gap between the
objects. The whole image is reported (a), along with a detail (b).

For HEVC, used in mode Intra, we have chosen as QPs: 27, 38, 44, 51. QP 51 is the
maximum level of compression allowed, corresponding to the smallest bit-rate for HEVC.
For CC, the use of SA-SPIHT allows to chose the exact bit-rate, so we have chosen the
lowest possible rate and the bit-rates corresponding to QPs 51, 44, and 38. And as for NR,
we have chosen again the lowest possible rate and other two to match the low rates of the
two other techniques. A simple scheme on how the rates are selected for each technique is
shown in Figure[4.4. For each sequence, 11 synthesized images are used in the test, leading
to a total of 33 comparisons in the whole test. Details about the frames and views used for
each sequence are reported in Taly. 4.1.

The use of the technique NR for this test is important to evaluate the e ects of contour
coding on the synthesized image. It will be shown that the precision of the contour leads to
remarkable gains in terms of perceived quality. Moreover we used this technique at a very
low bit rate as the reference for the \very annoying" quality, for the evident artifacts that
it produces on the synthesized image. If the predicted contour lies outside the object and
the interior part is coded very coarsely, we will produce a change in the geometry of the
scene, that will result in a gap in between the objects of the synthesized image, as shown
in Figure §.5.

Once the depths are compressed for two views, we used them to generate new synthetic
views in between the two with the Depth-Image-Based Rendering (DIBR) softwarelFeh04],
as shown in Fig.[4.6. The 3D-HTM software renderer version 6.2 has been used as DIBR
software. The use of synthesized images for the test is justi ed by the plausible scenario of
Free Viewpoint Video (FVV) [BPLC * 11b].

To perform the elastic prediction we need two reference curves, be them from two
di erent views or two di erent time instants of the same view. These curves represent a sort
of\intra" curves and they are coded independently from the others (and losslessly, for the
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Figure 4.6 { Elastic prediction and synthesis scheme.

techniques CC and NR). The gap or distance between the two reference curves along the
view or the time axis a ects the nal rate: the accuracy of the prediction decreases with the
distance, but at the same time a wider gap between the two reference curves allows a lower
bit-rate. The distance of the reference curves for the elastic prediction has to be chosen
for the techniques CC and NR. To better illustrate this concept, in Fig. .6 we marked
with a blue R the frames used to extract a reference curve, a blue arrow representing the
geodesic path from one to another, and the distance from a reference curve to the other is
de ned as the number of frames that exist in between the two. For both the techniques
the chosen value is three frames in between the two reference ones and we perform the
elastic prediction along the time axis. The synthesis is then performed using the compressed
depths of two views and their associated texture images.

Regarding the reference images, the unavailability of intermediate views and the presence
of evident synthesis artifacts lead us to the use of synthesized reference images, obtained
with the original uncompressed depths, as suggested in [EYUHG10].

4.3.5 Procedure

Each image was shown for 7 seconds and preceded by a gray screen to indicate the stimulus
(A or B) for 1.5 seconds. Every round was composed of: stimulus A, stimulus B, stimulus
A, stimulus B, voting screen, as shown in Figure[ 4.]/. The voting screen is a pop-up
window on mid gray background. The voting window contains a continuous slider with
the ve adjectives on its side, and a text box that reports the rating value and again the
correspondent adjective with a larger font size to be more evident, as shown in Fifj. 4.8. The
pairs of stimuli were presented in random order. The whole test took around 22 minutes to
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Figure 4.7 { Procedure for each round of the test.

Figure 4.8 { Voting window used in the test.

complete for each user.

4.4 Results

The subjective scores were screened in order to detect and remove possible outliers, subjects
whose scores dier greatly from the others'. We followed the procedure described in
[ITU12b] for the DSIS test methodology. As we have not done any assumption on the
distribution characteristics, values outside the interquartile range (from the 25% and the
75% percentiles) for more than 1.5 times are labeled outliers, and if there is an incidence
of outliers in a subject's score of more than the 10%, he is considered an outlier and his
scores are not taken in account. In our results three subjects have been marked as outliers
and their scores have been discarded.

After the outlier removal, we veri ed that for each stimulus the score distribution is
unimodal and we computed the Mean Opinion Scores (MOS), along with the 95% con dence
interval (CI), with the assumption that the scores are following a t-Student distribution.

Objective measurements and perceived quality . In addition to the MOS, the images
were also evaluated through di erent objective metrics. We considered pixel-based metrics:
Peak Signal-to-Noise Ratio (PSNR) and Weighted Signal-to-Noise Ratio (WSNR)MV93];
as well as non-pixel-based metrics: Multi-scale Structural Similarity (MSSIM) [WBSS04
and Visual Information Fidelity (VIF) [ [SBOf. In Figures [4.9,[4.10 and 4.1]1 the results of
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beergarden

Figure 4.9 { Sequencebeergarden mean opinion scores (MOS) with the 95% con dence inter-
val and di erent objective metrics: Peak Signal-to-Noise Ratio (PSNR), Weighted
Signal-to-Noise Ratio (WSNR), Multi-scale Structural Similarity (MSSIM), and Visual
Information Fidelity (VIF). The techniques used are the simple control technique \no
re nement" (NR), the contour coding technique (CC), and HEVC Intra (HEVC).
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lovebird

Figure 4.10 { Sequencdovebird: mean opinion scores (MOS) with the 95% con dence interval and
di erent objective metrics: Peak Signal-to-Noise Ratio (PSNR), Weighted Signal-
to-Noise Ratio (WSNR), Multi-scale Structural Similarity (MSSIM), and Visual
Information Fidelity (VIF). The techniques used are the simple control technique \no
re nement" (NR), the contour coding technique (CC), and HEVC Intra (HEVC).
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mobile

Figure 4.11 { Sequencemobile: mean opinion scores (MOS) with the 95% con dence interval and
di erent objective metrics: Peak Signal-to-Noise Ratio (PSNR), Weighted Signal-
to-Noise Ratio (WSNR), Multi-scale Structural Similarity (MSSIM), and Visual
Information Fidelity (VIF). The techniques used are the simple control technique \no
re nement" (NR), the contour coding technique (CC), and HEVC Intra (HEVC).
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our subjective test and all the considered objective metrics are reported. The computed
MOS scores are reported with their 95% con dence interval (CI). As we can tell by the ClI,
the MOS scores exhibit a limited level of dispersion.

As we can see in Figure§ 4]9, 4.10 ar{d 4]11, HEVC exhibits very regular trends in
its MOS scores. The resulting visible artifacts reported by the participants are mainly
edge fragmentation and blocking e ect, which disappear as the bit-rate increases. MOS
scores of HEVC generally vary from the \perceptible" to the \imperceptible" range. The
technique CC exhibits in general very high scores compared to the other techniques (most
of its scores are in fact in the \Imperceptible" range), thus the coding of the contours is
generally worth its cost for the perceived quality of the resulting synthesized images. This
is especially true if we compare the MOS scores of CC to the ones of NR at the same
bit-rate: imperfections in the contour can lead to annoying artifacts and make the nal
guality drop, even if they are diminished by a ner coding of the interior part. Moreover
we see that at low bit-rates a perfect contour and a coarsely coded interior part tend to
lead to an excellent perception of the synthesized image. In contrast to this assertion we
nd slightly lower scores at low bit-rates for the content beergarden where the proximity of
the objects to the camera demands a less coarse coding of the interior part to reach a very
high level of perceived quality.

Dealing with objective metrics, again in Figures[4.9,[4.1D and 4.11, at low bit-rates
HEVC generally shows better results. Pixel-based metrics like PSNR are in fact very
sensitive to the most prominent artifact produced by the CC coding technique: the di erent
geometry of the scene, given by the coarsely coded interior part, results in a slightly di erent
disposition of the objects, with respect to the image synthesized from uncompressed depths.
To a human observer it can be very di cult to tell apart the two images, but even the
shifting of few pixels for an object or the background can cause a low PSNR. On the other
hand, in terms of PSNR, the technique NR proves to be competitive with the technique
CC. The explanation lies in the fact that very localized errors, especially if they a ect
the shape of the objects, are perceived as annoying by a human observer, and the tested
objective metrics are not able to take this e ect into account.

Apart from PSNR, also the more re ned objective metrics WSNR, MSSIM and VIF
produce scores that can di er greatly from the scores produced during the subjective test.
The table reports the Spearman correlation coe cients (in modulus) and p-values,
calculated between the MOS and the objective metrics. Each column reports either a content
or a technique: when a content is indicated the coe cients are calculated considering all
the techniques, conversely when a technique is indicated the coe cients are calculated
considering all the contents. The metrics with the highest overall correlation coe cient are
WSNR (0:68) and MSSIM (0:62), followed by the PSNR (056) and nally the VIF (0 :55).
While dealing with some of the techniques or some of the contents these objective metrics
could provide a good subjective MOS prediction, but they are not consistent across several
techniques and contents, in particular they showed a low correlation coe cient and a
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i overall | beergarden lovebird mobile NC CC HEVC
MSSIM | 0.62 0.97 0.52 0.46 | 0.75 0.13 0.80
VIF 0.55 0.97 0.50 0.37 | 0.52 0.02 0.79
PSNR 0.56 0.96 0.50 0.35 | 0.52 0.15 0.75
WSNR | 0.68 0.99 0.63 0.45 [ 0.80 0.14 0.79
p-value | overall | beergarden lovebird mobilef NC CC HEVC
MSSIM | 0.00 0.00 0.11 0.15 | 0.03 0.68 0.00
VIF 0.00 0.00 0.12 0.26 | 0.16 0.96 0.00
PSNR 0.00 0.00 0.12 0.30 [ 0.16 0.64 0.01
WSNR | 0.00 0.00 0.04 0.17 | 0.01 0.67 0.00

Table 4.2 { Spearman correlation coe cients (in modulus) and p-values, calculated between the
MOS and the objective metrics, for each content and technique.

high p-value for the method CC, indicating a very low correlation.
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45 Conclusions

This chapter addresses the issue of evaluating the e ects of contour-preserving compression
techniques on synthesized images by means of a subjective test. We compared, with
subjective results and objective metrics, HEVC, the technique proposed inCCPP14], and
the presented simple techniqgue NR. The positive impact of contour preserving depth coding
on the perceived quality of synthesized images was con rmed by our study. Moreover
by the comparison of subjective results and objective metrics it is also clear that the
quality assessment of synthesized images in MVD through objective metrics presents
unresolved problems: algorithms can introduce non-perceptible or non-annoying artifacts
and commonly used objective metrics can assign low scores for them even if for a human
observer the degradation is relatively acceptable. Further experiments should be conducted
to take into account also temporal artifacts and 3D video perception.

This work has been published in[CCPP15g], while the original simple control technique
NR (described in Section4.2.P) has been introduced in the short paper [CCPP15b].
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Conclusion and future work

Objectives of the thesis

In the multiple-view video plus depth context, the goal of this thesis was to develop a
framework for depth map compression that delivers lossless contour coding for segmented
objects in the depth map, taking advantage of the temporal and inter-view redundancy of
the MVD format.

Three main parts of the development can be distinguished: rst an original technique
aimed at lossless encoding of contours has been developed. The proposed coding scheme is
based on elastic deformation of curves, which make possible to compactly represent the
contours exploiting the temporal consistency in di erent frames.

The second part is the nalization of the framework with an e ective technique to code
the inner depth eld of the objects, given the contours coded with the lossless contour
coding technique. Two di erent codecs have been developed: a simple one that makes use
of the shape-adaptive wavelet transform, followed by the shape adaptive version of SPIHT
(set partitioning in hierarchical trees), and a more re ned technique that uses a 3D surface
prediction algorithm to estimate the depth eld from the coded contours and a subsampled
version of the data.

The third part is a quality assessment study that compares, by means of a subjective
test, the synthesized images obtained using depth maps compressed with a hybrid-block-
based coder (HEVC Intra) and depth maps compressed with the rst of the proposed
contour-preserving codecs.

Summary

Contour coding

A new technique aimed at lossless coding of object contours, based on the elastic deformation
of curves, has been proposed. A continuous evolution of elastic deformations can be modelled
between two reference contour curves and An elastically deformed version of the reference
contours can be sent with a reduced coding cost to the decoder, to be used as side
information to improve the lossless coding of the actual contour. To use the suitable portion
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of the elastic curve as side information to code the current point, the two curves are coupled
by a function obtained with dynamic time warping. An accurate estimation of the symbol
probabilities is achieved \following" the elastic curve. The current curve, represented by a
di erential chain code, is then encoded with an arithmetic coder that takes as input also
the vector of symbol probabilities. To perform the decoding, just a few parameters have to
be sent to correctly estimate the symbol probabilities.

Experimental results on contours extracted from several multiview video sequences
show remarkable gains with respect to the reference techniques and to the state of the art.

Depth map coding

In the context of segmentation-based coding of depth maps, two depth map coding
techniques have been proposed, bringing the concepts of elastic deformation of curves in
the context of depth map coding. Both the codecs use the lossless contour coding technique
discussed in Chapter 2 to describe the object contours of a segmented scene, while the
approaches to represent the inner part of the objects are based on the shape-adaptive
wavelet transform followed by the shape-adaptive version of SPIHT for the rst technique,
and a 3D surface prediction from a subsampled version of the original depth map for the
second one.

For the rst technique we resorted to an existing object-based technique since it can
immediately bene t from an improved contour coding method. Despite the simplicity of
the approach the results are satisfying, due to the nature of the data we want to compress.
This rst technique is very e ective when the objects have a distance from the camera that
ranges from medium to high. In that case the coarse representation of the geometry of the
inner part of the objects do not cause any problem in the synthesis of novel views because
the depth region is rather smooth. On the other hand, when an object is very close to the
camera, it can have a uneven depth region, which would require a large amount of bits to
be coded with an acceptable quality for synthesis purposes.

We therefore developed a second coding scheme where the depth data is represented by
a set of contours de ning the various regions and a compact representation of the values
inside each region. A 3D surface prediction algorithm is then used in order to obtain an
accurate estimation of the depth eld from the contours and a subsampled version of the
data. The low resolution data and the prediction residuals are compressed with ad-hoc
strategies.

The results obtained with the proposed techniques show that with smart contour coding
even segmented coding approaches are able to compete with HEVC Intra. Moreover the
preservation of the contour information allows a very high quality synthesis of novel views.
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Quality assessment

It is generally recognized that a high-quality view rendering at the receiver side is possible
only by preserving the contour information, since distortions on edges during the encoding
step would cause a sensible degradation on the synthesized view and on the 3D perception.
To the best of our knowledge no study had been done to validate this claim. A subjective
test was then necessary to assess the quality of synthesized images, obtained using DIBR
software and depth maps compressed either with an object-based technique, or a hybrid
block-based technique.

Three techniques have been considered: HEVC Intra, the proposed technique that
makes use of elastic deformation of contours and shape-adaptive wavelet transform and
shape-adaptive SPIHT, and a simple control technique that uses just the elastic prediction
for the contours, to evaluate the e ects on the synthesis image of an inaccurate contour.

A double stimulus impairment scale test was set up, where the participants were asked
to evaluate the drop of quality of a stimulus, with respect to the reference. The results of the
subjective test show that the contour information is indeed relevant in the synthesis step:
preserving the contours and coding coarsely the rest typically leads to a slight displacement
of the objects, but from the user's perspective this kind of artefact is not noticeable. In most
of the cases even at low bit-rates the participants could not tell apart the images synthesized
with the depth maps compressed with the proposed technique from the reference ones.

Future works

At the time of nalizing this manuscript, several interesting perspectives can be proposed
to expand the work of this thesis.

Contour coding

So far only a monodimensional elastic interpolation has been considered, but we expect a
more precise estimation if we can take into account 4 or 8 reference curves from di erent
views and di erent times, thus leading to further improvements of the technique.

Depth map coding

To improve the coding of the inner eld of the object in a depth map, the 3D surface
prediction algorithm can be used also without a proper segmentation: the prediction can be
done if just the most relevant contours are extracted from the scene. This process should
be faster than a segmentation, moreover the association of the contours in di erent views
or time instants can also be done performing the elastic deformation and looking for the
minimum distance in the curve space between two contours.
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Quality assessment

So far only still images have been considered for the quality assessment. Further experiments
should to be conducted to take into account also temporal artifacts and 3D video perception.

Moreover the research of an objective metric able to assess the quality of the synthesized
images (and video) should be conducted: algorithms can introduce non-perceptible or non-
annoying artifacts and most of the commonly used objective metrics could assign low scores
for them even if for a human observer the degradation is relatively acceptable.
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Annex A

Resune de these

A.1 Introduction

La repesentation viceo-plus-profondeur pour squences viceo multi-vues ( MVD ) se
compose de plusieurs vues de la méme s@ne avec l'information de profondeur assocee,
qui est la distancea la canera de chaque point de vue. La repesentation MVD permet
des fonctionnalies telles que la eévision 3D et avec point de vue libre [MWSO06, VWS11,
GPT " 07). De gros volumes de donrees qui doivent &tre comprine pour le stockage et
la transmission sont gerees durant ce processus. De ce fait, la compression MVD a
attie uneenorme quantie d'e ort de recherche durant ces derneres anrees. En paraléle,
I'ISO et I'UIT elaborent conjointement un standard pour le codage de la vikeo MVD
[ISO11). La compression doit exploiter toutes sortes de dependances statistiques pesentes
dans le format : spatiales, temporelles et inter-vues, mais aussi les cependances entre les
composantes, par exemple entre la couleur ( ou texture ) et les donrees de profondeur
[MSMWQ7b| DPPC13].

Cette these est cente sur la compression des cartes de profondeur. Les cartes de pro-
fondeur ne sont pas destireesa étre visualiees par l'utilisateur, elles sont majoritairement
utilisees par un logiciel de rendering ( DIBR, Depth-Image-Based-Rendering ) pour syn-
tretiser de nouveaux points de vue. Les techniques classiques, ceveloppees pour les images
de texture, ne prennent pas en compte les e ets causes par lesetapes de compression sur
la vue syntletique. De plus, une technique de compression faite sur mesure pour les cartes
de profondeur peut exploiter leurs propretes : les objets dans une carte de profondeur sont
cereralement arranges sur des plans avec des perspectives dierentes ; en consquence, il
y a des zones au le niveau varie progressivement et ces zones sont £paes par des arétes
vives correspondantes aux limites d'objets. Ces caraceristiques suggerent un codage pecis
de l'information de contour.

Certaines des approches proposes dans la literature incluent la moctlisation du signal
de profondeur par des polynébmes par morceaux, tels que les platelets et les wedgelets
IMMS™ 09|, ai les parties lisses sont spaees par les contours de I'objet. Toutefois, il
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est gereralement reconnu que, pour avoir un rendu de haute qualie coe ecepteur, la
peservation de l'information de contour est recessaire. En e et, les distorsions sur les
bords lors de letape de codage introduisent une visible cegradation sur la vue syntletiee
et la perception 3D. De plus, la segmentation de la carte de profondeur est faciliee par
la nature du signal, et I'extraction des contours peut étre obtenue avec des techniques de
segmentation speci ques [ZRS" 12].

La repesentation sans pertes est gereralement tes colteuse en termes de ckbit
[CPPVQY]. Un des objectifs de cette these est donc detudier un nouveau paradigme
qui e ectue un codage sans perte du contour des objets, en exploitant la redondance tem-
porel et inter-vue pesents dans le signal. Une fois l'obetention d'une technique permettant
de coder les contours des objets, une repesentation appropree pour la partie inerieure
doit étre recherctee.

A.2 Notions de base

Dans le chapitre[] des notions de base leesa la compression viceo sont pesenees, y compris
le concept de codeur viceo hybride et levaluation de la qualie par des mesures objectives.
Ensuite une description cetailee du High E ciency Video Coder, ou codeur viceoa haute

e cacie ( HEVC ), actuellement utiliees dans letat de I'art pour la compression video
hybride a blocs est donree. Il servira de base de comparaison aux expgeriences ccrites
dans ce manuscrit. En n, la repesentation viceo 3D, la viceo multi-vues, ainsi que la
notion de profondeur et les techniques de rendering bases sur les cartes de profondeur
sont introduites. Une section dedeea la compression sans perte et au codeur arithnetique
clot le chapitre.

A.3 Codage de contours sans perte

Le chapitre[2 decrit la technique de codage des contours sans perte, base sur la ceformation
elastique des courbes. C'est la base du codage de profondeur et il est expliqee en cktail
pour chaqueetape : le calcul de la ggodesique d'une courbe de ekrencea l'autre, comment
etablir une correspondance entre la courbe pedite et la courbe actuelle, et comment utiliser

la pediction comme contexte pour aneliorer la performance du codeur arithnetique. Des
experiences et des comparaisons avec d'autres techniques de codage de contour populaires
et avec les techniquesA letat de l'art sont cktailees.

Nous nous concentrons en particulier sur la compression des cartes de profondeur. I
est gereralement reconnu que, pour avoir un rendu de haute qualie coe ecepteur, la
peservation de l'information de contour est recessaire [GLG12)], [SKN™ 10]. En e et, les
distorsions sur les bords, lors de letape de codage, introduisent une visible degradation sur
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la vue syntheti®ee et pour la perception 3D. En d'autres termes, un codage sans perte du
contour est pratiquement obligatoire.

Pour ces raisons, nous nous concentrons sur le codage sans perte de contours, et nous
ciblons comme application naturelle la compression des cartes de profondeur. Cependant,
nous observons qu'un algorithme e cace de codage des contours peut &tre egalement
kere que pour d'autres applications telles que le codage oriente aux objets d'images et de
vickos.

La pertinence du codage sans perte de profondeur de contour aee reconnue dans de
peedents travaux. Gautier et al. [GLG12] usent JBIG [ISO93] pour coder les contours
d'objets, ainsi qu'un algorithme de inpainting base sur la di usion pour remplir I'inerieur,

a partir d'une version sousechantillonree de l'image et des valeurs limites.

Dans [GLG12] I'importance d'une repesentation sans perte des contours des cartes de
profondeur est souligre, méme si le probeme de I'e cacie du codage sans perte n'est pas
dans son champ d'application.

Recemment, le probeéme de codage de contour pour cartes de profondeur aet exploe
par Daribo et al. [DCF12] : leur nethode tente de pedire la prochaine direction de bord
avec la connaissance des symboles transmis peedemment, sous I'hypotlese que les bords
des objets pesentent une tendance lireaire. Cette approche a permis d'obtenir une grande
anelioration par rapporta letat de I'art de lepoque. Cependant, méme cette technique
performante peut étre anelioee en prenant en compte de meilleurs moctles de contours
d'objets et en exploitant la corelation temporelle : ces eements sonta la base de la
technique propose.

Dans l'article [CCPP14], nous avons propos une nouvelle technique de codage sans
perte des contours d'objets pour MVD. En utilisant la deformationelastique entre deux
courbes de etrence de contours, nous avons obtenu une information complementaire utile
pour le codage du contour eel. Le prix pay avec le colt de codage de cette information
complementaire est enterement ecompeng par des gains signi catifs en ce qui concerne
la ekrence aux techniques eta letat de I'art. De plus, nous avons anelioe la technique
cecrite dans [DCFE12] en substituant sa nethode de pediction avec la nethode de direction
\moyenne" .

Jusqua pesent, seule une interpolationelastigue monodimensionnel aet consicee.
Nous nous attendonsa une estimation plus pecise si iletait possible de prendre en compte
4 ou 8 courbes de etrence, des dierents points de vue et moments, tout en aneliorant
plus la technique.

A.3.1 Technique propo®e

Nous avons ceveloppe une technique pour coder le contour d'un objet dans une fquence
vickoa vue unique, dans un ensemble d'images multivues ou dans une squence Vviceo
multivues. L'application cibke est le codage des cartes de profondeur dans le cas de la
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Figure A.1 { Chemin geodesiques des deformationselastiquest; de la courbeipa i ( lignes bleu
pointilees ). bs est I'un des contoursh, extraite des images interrmediaires entre les
deux ceux de ekrence, une bonne correspondance des courbeselastiquigs, le long
du chemin est mis enevidence.

MVD. De plus, notre nethode de codage est e caceegalement pour comprimer les contours
des cartes de segmentation extraites de viceos naturelles.

Courbeselastiques

Srivastava et al. [SKJJ1Q] introduisent un cadre pour mockliser uneevolution continue des
ckeformationselastiques entre deux courbes de etrence. Cette technique interpole les formes
et impose aux courbes internediaires la forme de la structure globale et les caraceristiques
locales importantes telles que les coins et les virages. De plus, il est relativement facile
de calculer la geocesique entre les deux courbes de ekrence : selon l'interpetation de la
nmetrique elastique, cette geodesique consiste en un ensemble continu de deformations qui
transforme une courbe en l'autre avec un minimum detirage et de plies, et incependamment
de leur position absolue,echelle, rotation et paranetrisation [SKJJ10]. Des applications
classiques de deformations elastiques de courbes sont leesa la reconnaissance eta la
correspondence des formes.

Commercons donc avec l'observation de la gurg A.1. Il y a, monte en noir, deux
contours extrait ( avec le cetecteur de bord Canny )a partir de la profondeur de la quence
viceo \ballet" . Ces profondeurs correspondent aux vues 1 et 8,a l'instant de temps 2. En
rouge, nous montrons les contours extraits de vues internmediaires, tandis qu'en pointiles
bleu nous montrons unechantillonnage de la geodesiqueelastique, comme dansSKJJ1(Q],
calcuke entre les deux courbes extrémes : il est bienevident que les ceformationselastiques
le long de la geodesique reproduisent tes bien les ceformations leesa un changement
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de point de vue. Des esultats similaires sont obtenus dans le domain temporel : les
ceformationselastiques sont bien adapees pour representer la deformation temporelle d'un
contour de l'objet,etant donre les formes initiales et nales.

Ces observations nous conduisenta concevoir une technique de codage sans perte
pour les contours de I'objet : en supposant que le codeur et le decodeur ont la Afme
repesentation de la forme initiale et nale, ils peuvent reproduire exactement le méme
chemin geodesique entre eux. Ensuite, le decodeur cecide quel point de la geodesique ( une
des courbes bleues dans la gurg A]1) doit etre utili’e comme information de contexte
pour coder un contour internediaire ( une des courbes rouges dans la méme gure ).

Notre methode applique au cas ais nous avons un ensemble de contours les au méme
objet, soit que elles representent levolution temporelle des fronteres de I'objet ou de leur
ceformation lee au changement de point de vue : I'exemple de la gure[A.] fait erencea
ce dernier cas. Cependant, sans perdre de greralie, nous consicerons les cas d'utilisation
suivants.

Nous avons un ensemble d& 3 contours ( K = 8 dans la gure [A.1]). Nous
nous eteronsa la repesentation paramnetrique du premier contour commea ig[n] =

cereriques teme courbes internediaires, avect 2 f 1;:::;K  1g. Nous avons ceveloppe
une \nrethode intra" ( sans pediction temporelle ) pour coder ig et i1, et une \nethode
bidirectionnelle" ( avec pediction de deux courbes dea encockes ) pour les courbesh.
Nous nous ekrerons aux contours intra-coces comme \l contours” et aux K 2 contours
intermediaires, pour qui notre methode basee sur la pediction est destire, comme \B-
contours" .

En e et, les contours | sont censes étre disponibles au niveau du codeur et au decodeur
avant que les contours B, a n de cevelopper une nethode de pediction pour coder celui-ci.
Pour coder les I-contoursig et i1 nous avons propose une modi cation petite mais e cace
pour la technique decrite dans [DCF12]. La dierence entre la modi cation et la version
originale eside dans la pediction de la direction du symbole suivant.

Decrivons maintenant la nethode propose pour les B-contours, l'icee de base est
incependante de la valeur de K et de la structure des dependances ( ou, empruntant
les termes du paradigme de codage hybride classique, de la structure du GOP ). Plus
peciement, a n de coder b, nous consicrons le chemin ggodesique entreg et i;. L'outil
de dceformationelastique permet de gererer facilement des courbes internediaires sur la
geocksique ( courbes bleues en pointiles sur la gure[A.] ), en speci ant simplement un
paranetre de position s 2 [0;1]. Rekrons-nousa $[n], la repesentation paranetrique
d'une courbe sur la geockesique. Nous observons qui, = ig et 8 = i;. Commeig et i; sont
disponibles coe encodeur et coe cecodeur, les deux peuvent produire les mémes courbes
8, pour chaques, et les utiliser comme informations complementaires pour le codage sans
perte dely. L' intuition suggere que I'encodeur et le decodeur peuvent convenir d'utiliser
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s= ﬁ comme position sur la geodesique pour pedire ky. outefois, un gain de codage
signi catifs peut &tre obtenus si nous laissons le codeur slectionner une valeur appropree
pour s, nomne s’, et |'utiliser pour le codage. Bien sor, s* devraient étre transmis au
decodeur en utilisant un nombre appropre de bits. Le choix de s?, le nombre de bits de
codage et le probeme de la\ la structure GOP optimale" sera discue dans la sectiorf A.3.2.
Dans le reste de la section en cours, a n de simpli er la discussion, nous allons considcerer
une con guration IBIBIB :::. Ceci estequivalenta avoir K =3 : en autres termes, nous
codons un contour de I'objet connaissant la courbe pe®dente et future. Cependant la
nethode propose peut étre appligleea toute valeur de K sans modi cations majeures.

Nous allons maintenant expliquer comment slectionner une partie appropree des
courbeselastiques®s pour &tre utili® comme contexte pour coder le bord de symbole en
cours, comment utiliser cette information pour determinates la direction la plus probable
pour le symbole suivant sur le contour, et de l'information complementaire qui doit étre
envoye au cecodeur de telle sorte qu'il peut eproduire le méme comportement que le
codeur.

Fonction de correspondence

Consicerons le codage d'une seule courbb en utilisant la repesentationelastique s,
avecs’ convenablement choisi par le codeur. Pour I'encodage dg et i; nous n'utilisons
pas la deformationelastique.

Pour simpli er la notation, nous allons abandonner l'indice t et s” lorsque cela ne donne
pas lieua ambigwts.

Pour utiliser la partie appropree des courbes synthetiques 8 comme informations
complementaire pour coder le point courant deb, il est essentiel d'avoir une fonction qui
associe chaque point dé au correspondant point de®. Cette fonction est gereee coe
codeur et doit &tre transmis au decodeur.

A n detablir une association entre les deux courbes, nous utilisons une deformation
temporelle dynamique IM0O7] ( Dynamic Time Warping - DTW ). D'abord, il est recessaire
detablir une fonction d'espace F pour les courbes : une distance dans cet espace sera
alors utiliee pour ceer la fonction DTW. Puisque nous voulons lier les parties des courbes
qui ont les mémes caraceristiques en termes de lobes et de pointes, nous avons utilie la
direction du vecteur tangent comme fonction. Les squences de la fonction pour les deux
courbes sont indicato par' p et ' ¢ et 'association par DTW est repesenee en traits noirs
pointiles sur la gure A.2.]

Dans notre application, la fonction de correspondance obtenue avec le DTW sur la
direction du vecteur tangent est tes proche d'une ligne droite, et elle peut étre approxinee
par un polynébme de premier ordre. L'approximation a deux e ets principaux : premerement,
elle eduit le nombre de bits recessaires pour coder la fonction ; de plus, elle empéche les
variations soudaines sur la fonction de correspondance qui sont les aux valeurs aberrantes
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Figure A.2 { Exemple d'association entre deux courbes avec la DTW.
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Figure A.3 { Ballet : fonction de correspondance. En bleu I'association des deux courbes en utilisant
la DTW de la direction du vecteur tangent, en rouge pointile I'approximation avec
un polyndéme de premier ordre.n et m sont respectivement les index desechantillons
sur les courbesb et 8.

plutdét quea des valeurs eelles. Cependant, on peut se demander si c'est convenant de
calculer la DTW lorque on va faire une approximation au premier ordre. Nous avons aborde
cette question avec une approche heuristique simple : hous avons compak le taux de codage
de notre algorithme dans deux cas : dans la premere, nous utilisons I'approximation au
premier ordre de la fonction DTW ; dans le deuxeme, nous utilisons un simple recalage de
N=M . Nous avons obsene que l'utilisation de la DTW donne une eduction du taux de
5.33%. Pour cette raison, nous avons garce la DWT dans notre syseme.

Dans la gure A3]il y a un exemple de DTW et son approximation lireaire. La
correspondance esultant entre les points des deux courbes est repesente sur la gurg Al4.
Nous voyons que toutes les principales carackristiques des courbes sont locali®es et mis en
correspondance, de sorte que pour chaque point des courbes eelled y a un point sur la
courbeelastique 8, dont les voisins sont I'information complementaire que nous voulons
utiliser pour aneliorer le codage deb.
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Figure A.4 { Ballet : correspondances entre les courbeselastiqué®s( en bleu pointile ) et la courbe
a encoder b ( en rouge ).

Contexte

La fonction de correspondance permet d'associer le point couranta une partie de la
courbeelastique, centee sur le point correspondant. Cette information est utilisse comme
information complementaire pour avoir des valeurs de probabilie plus pecises pour le
symbole suivant. Nous avons appek ces informations, leontexte et pour chaque point de
la courbeb, il est compos par :

Vo, un vecteur de points de la courbeb cep transmis au decodeur ( en rouge dans la
gure A5)) ;

V1p : le\pase” sur la courbeelastique, un vecteur de points de la courbeelastiqueB,
peedents au point courant sur 8 ( en bleu pointile en gure. ;

vy : le\future" sur la courbeelastique, un vecteur de points de la courbeelastique 8,
suivants le point correspondant actuel sur® ( en bleu fon@ dans la gure).

Bien sOr v, et vys sont uniquement disponibles pour les B-contours, pour les I-contours
seulementvg est disponible. Nous utilisons le contexte pour obtenir la direction la plus
probable pour le symbole suivant, et en suite nous utilisons ce esultat pour e nir une
distribution avec le mockle statistique de von Mises [MJ99].

Extraction de la direction . Pour tout I'ensemble des points de dierentes courbes nous
devons estimer la direction du symbole suivant. Dans le cas des | contours seulement
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Figure A.5 { Extraits des courbesb ( en rouge ) et® ( en bleu pointile ). La correspondence
entre les deux courbes est indiguee par des nes lignes noires. Les lignes en pointile
repesentent la direction extraite des points pour les vecteursvg, vy, et vis .

I'ensemble des pointspg est utilies, alors que dans le cas de B-contours les trois ensembles
de points vg, Vip et vis sont utilises.

Plusieurs approches peuvent étre utiliees pour extraire une directiona partir d'un
ensemble de points tres. Par exemple dansDCF12] une egression lireaire survg est utilis,
mais nous avons trouve que la simple direction moyenne est plus e cace. Utilisons une
repesentation complexe qui associea chaque pointX;y) le nombre complexep= x + |y.
La direction estiree peut étre obtenu en utilisant la formule suivante :

I

" |
=arg o ol vin 1) 20 ;[ (A1)

n=2

al v estun vecteur de points de contour, de nicommev = [X1+ |[y1;X2 + |y2; XN * lYn]
et arg est I'argument d'un nombre complexe.

Direction plus probable . Nous appelons ¢ = (po), I'angle de la direction la plus
probable base uniquement sur lesechantillons peedemment transmis ( par rapport au
point courant ) de la courbe b, 1p= (p1p) €t 1 = (pir), baswes respectivement sur les
echantillons peedents et suivants de la courbe 8. Nous ceveloppons une nethode pour
estimer , la direction la plus probable du prochain symbole deb : nous utilisons ¢ pour
modi er la direction . De cette facon, nous parvenonsa saisir les changements soudains
et aller le long des longues tendances.

Une formule simple et intuitive pour prendre en compte le contexte pour la pediction
de la direction la plus probable est la suivante :

=1 9 otq 1, (A.2)

avecq 2 [0; 1]. De cette facon, nous pouvons poncerer les directions du pass de la courbe
b et le futur de la courbe®. Pour decider le poidsg, nous observons que l'information de la
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courbeelastique n'est pas essentiel lorsque les courbes sont eguleres, mais qu'elle devient
fondamental quand il y a un changement soudain. Donaj devrait avoir une valeur faible si
pour le point courant les directions extraites des deux courbes sont similaires ( de sorte
gue soit proche de o), et pes de 1 si elles ne le sont pas ( de sorte que soit proche de

1) . . .
_maxfi o 1pjij o 19

(A.3)

La valeur de q est lee au module de la dierence des directions, et elle est grand si o est
tes dierent de 1, ou 3¢ Parce que une dissemblance dans la voisinage du point courant
suggere un changement qui n'a pas pu étre pedit seulement par .

Moctle statistique adaptatif . Nous gardons le moctle statistique decrit dans DCF12]
pour attribuer des valeurs aux symboles pour le bord suivant. Il est base sur la distribution
de von Mises et ses paramnetres son s selon les informations extraites a partir des
courbesb et 8. La distribution de von Mises est la distribution gaussienne pour les mesures
angulaires et elle est e nie comme [MJ99] :

e cos( )

2100 (A.4)

p( j; )=
al lg() est la fonction de Bessel modiee d'ordre 0, est la moyenne et, dans ce cas, elle
concide avec l'estimation direction , 1= est la variance de la distribution. Comme dans
la eerence [[DCE12], nous avons » en fonction de la direction pedite : quand est
aligre avec l'axe de la connexion sur la grille des pixels, l'intuition nous dit qu'il est plus
pratique de donner une valeur de probabilie pluselewee pour le symbole qui repesente
cette direction. Donc est »ee comme :

= cos(?), (A.5)

a "= minfj ijg, et i sontles angles de connexion sur la grille des pixels { 0; 5; %; g
dans le case d'une grill 8-connecke ). Le paranetre repesente un\niveau de con ance"
de la pediction : plus il est grand, plus il rend la distribution asynetrique. Donc plus la
pediction base sur le contexte est pecise, plus il devrait &tre grand pour ealiser des
gains de codage pluselees.

Codage

La courbe b, repesente par un code de chame de dierentiel, est code avec un codeur
arithrretique qui pour chaque symbole utilise le vecteur de probabilie attribiee par le
mockle statistique adaptatif. Le codeur doit transmettre au decodeur les paranetres
impligqes dans le processus de codage :

s?, le point ®lectionre sur le chemin geodesique ;
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la fonction de correspondance, approchee par un polynéme de premier ordre ( deux
paramnetres ) ;

p et f, le nombre dechantillons pedents et suivants par rapport au point courant ;
le paranetre

Avec ces informations, le cecodeur peut reproduire le comportement du codeur et il va
calculer les mémes valeurs de probabilie pour chaque point de la courbb.

A.3.2 PResultats expgerimentaux

La nethode propose aeteevallee en utilisant les quences multivues ballet ( fournie
par Microsoft Research ), mobile ( Philips ), lovebird ( ETRI/MPEG Korea Forum ) et
beergarden( Philips ). Nous avons encock les courbes correspondanta l'objet principal
dans les £quences de profondeur pour un temps > ou une certaine vue. Nous avons
utilie pour tester notre algorithmeegalement des masques extraits des fquences monovue
standard stefan et foreman.

Le sctema de codage concentre presque toute la charge de calcul du coe du codeur.
En particulier pour les B-contours le choix des valeurs d€(p;f; ;s ) peut &tre faite sim-
plement en essayant toutes les combinaisons possibles et choisissant celle qui donne le
meilleur esultat. Cette methode de recherche compkte est optimal mais au méme temps
extréemement colteux en termes de temps et de complexie. Nous avons donc introduit
un algorithme glouton qui optimise une variablea la fois pour trouver une solution sous-
optimale.

Codage de I-contours

Pour coder les I-contours, nous avons remplae la egression lireaire par la plus e cace
direction moyenne dans la technique cecrite dansIDCF12]. Dans la table[A.]] sont pesenes

les esultats de diverses images prisesa partir des squences de test. Nous remarguons que
avec cette simple modi cation, le co0t moyen est eduit de 4,88%.

Codt de l'information complementaire

Nous allons maintenant tenir compte du colt pour transmettre les quatres paranetress?,
p’, f? and 7, ainsi que la fonction de correspondance.

La fonction de correspondance est le esultat d'une approximation lireaire et les
exgeriences montrent que l'utilisation de 10 bits pour coder les deux paranetres de la ligne
nmenea la méme performance que les coder avec double pecision.

Pour p’ et f ? nous avons cecice d'utiliser 1 bit pour la gamme de p ( 5;6g ), et 2 bits
pour la gamme def (6;7;9;11g ), encore une fois sur la base de esultats experimentaux.
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egression lireaire

direction moyenne

ballet 1428.20 1375.20
mobile 711.71 642.29
lovebird 1424.82 1370.73
beergarden 1687.67 1610.33
stefan 745.33 701.00
foreman 411.73 396.82
moyenne 1068.24 1016.06

Table A.1 { Resultats du codage ( en bits ) en utilisant la technique propose dans[DCF12]. Deux
nmethodes dierentes pour extraire la direction probable d'un ensemble de points :
egression lireaire, et direction moyenne.

Dailleur, le  optimal a un plus largeeventail de valeurs, et nous avons obsene que les
valeurs typiques peuvent étre repesenes par l'ensemblef6:6 + k g, avec =0 :1 et
k=0;:::;31, pour un colt de 5 bits.

Nous avons obsene que la pecision de la repesentation de la position sur la geodesique
s? a une tes grande in uence sur I'e cacie du codage. Pour comparer la methode propose
a d'autres techniques nous avons choisi un codagea longueur xe de 10 bits.

Pour les I-contours, nous avons seulementa transmettre les informations relatives aux
paranetres p’ et ?, qui corresponda un codt global de 6 bits. D'ailleur, le cecodage des
B-contours a besoin de la fonction de correspondance ainsi que des quatre parametrp$
f?, ?ets?, qui correspondenta un codt global de 28 bits.

Algorithme glouton

Nous avons lectionre une gamme de valeurs typiques pour chaque variable, base sur
des esultats exgerimentaux. On initialise I'algorithme glouton ( AG ) avec un point de
epart ( po;fo; o;So), correspondanta la solution en cui chaque valeur est la plus proche
du centre de la gamme de valeurs encocks, puis I'AG optimise la variables dans I'ordrp,
f, ,s.Engardant 2 fqo, o etspl'AG execute la technique propose pour ®lectionner
le p qui minimise le cebit binaire. Une fois trouve p?, l'algorithme recommence du point
(p’;fo; 0;So) pour optimiser f . Puisa nouveau pour et s, jusqua quand il atteigne la
solution (p?;f?; 7:s?).

L'ordre de recherche pour les paranetres est » selon nos observations des distributions
de paranetres optimaux apes une recherche compete sur des nombreuses quencep” a
une distribution tes pointu, connatre la valeur ®lectionree apes la premereetape de I'AG
devrait e ectivement &tre le meilleur. f ?, au contraire, a une distribution presque uniforme,
ce qui rend di cile de trouver la meilleure valeur ; toutefois il est recessaire de le lectionner

? avant, parce que la meilleure valeur de est in uenaee par les valeurs ®lectionrees dep

et f . Toujours base sur nos observations, le dernier paranetrea slectionner ests.

La perte moyenne de l'algorithme glouton par rapporta la recherche compkte est de
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0,82%, mais le nombre de calculs que le codeur doit faire est environ eduite par un facteur
de 250.

En ce qui concerne le temps total recessaire pour le codage d'une courbe, on peut
distinguer des contributions de temps xes et variables. L'estimation elastique est xe
mais nous pouvons cecider combien de trames laisser entre les deux de ekrence. D'autre
part le temps d'execution pour le choix des paranetres peut varier consicerablement : une
recherche compete est tes colteuse, et méme si l'algorithme glouton aceére I'ensemble du
processus, on peutegalement cecide de garder les mémes paranetres ( ou un sous-ensemble
les paranetres ) pour un certain nombre de trames.

Comparaisons

Nous avons compae notre techniquea diverses nmethodes pour coder le code de la chame
dierentielle des symboles des contours : codeur adaptative arithretique ( Adaptive
Arithmetic Coder, AAC ), codeur arithnetique base sur le contexte ( Context Based
Arithmetic Coder, CBAC ), et la technique propose dans [DCF12].

Dans la compression de B-contours nous ealisons des gains jusqua 10% par rapporta
la methode de [DCF12], mais pour faire une comparaisonequitable, nous devons consicerer
dans notre technique et les I-contours et les B-contours de la structure du GOP. Pour
etudier I'in uence de la structure du GOP sur les performances de codage, nous avons
utiliee les structures suivantes :

IBIBIB. .. est tes e cace pour les B-contours, comme les deux trames de etrence
sont tes proches et la pediction est tes pecise, mais les I-contours ont un cot non
regligeable sur le esultat nal. En utilisant cette structure GOP dans nos exgeriences
nous avons produit un debit moyen de 1000.19 bits par contour ;

IBBIBB...et IBBBIBBB...sont des structures plates avec des I-contours assez
eloigres, elles ont produit un cebit binaire moyen de 1004,03 et 1010,28 bits par
contour rispectivement ;

11B1B2Bs3l,. .. est une structure herarchique avec cing images dans le GOP, dont
B, est predit en utilisant | et I, By en utilisant | ; et By, et ainsi de suite. Elle a
produit un cebit binaire moyen de 997,57 bits par contour.

La structure herarchique a prouwe d'etre la structure de GOP la plus e cace : le co(t des
I-contours est faible et la pedictionelastique pour B , est juste un peu moins pecise que ces
de B; et B3. Ce esultatetait attendu, etant donre letude peedente sur la compression
des cartes de profondeur avec des techniques traditionnelles de compression qui montre
l'importance de l'ordre pour la pediction [MPPQO8]!

Dans le tableau[A.2 sont pesentes les esultats moyens pour les fquences de test, et,
dans tous les cas, notre technique fonctionne mieux que les autres. Le gain moyen global par
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rapporta la deuxeme meilleure technique de codage dans le groupe, celle propose dans
[DCE12] est de 6,53%. Si on consicere le gain de la technique propose par rapporta JBIG2,
qui n'est pas optimige pour ce type de donrees, mais aet choisi pour coder l'information
de contour dans [GLG12], c'est de 65,09%. Compaee avec des autres techniques standard,
comme AAC et CBAC ( avec le contexte d'une seule symbole, le meilleur choix dans nos
tests ), les gains moyens sont respectivement de 23,93% et 6,18%.

Sequence # symboles JBIG2 AAC CBAC Methode [DCF12] Propose Gain

ballet 1125.00 3968.00 1715.40 1585.60 1428.20  1338.78 6.26%
mobile 661.86 191543 837.14 696.00 711.71 639.12 10.20%
lovebird 1302.09 3153.45 1886.55 1740.36 1418.82 1341.73  5.43%

beergarden  1369.00 4226.67 2052.33 1882.67 1687.67 1575.58 6.64%

stefan 565.00 2106.67  859.33 877.33 745.33 700.00 6.08%

foreman 330.00 1776.73  517.18 522.91 411.73 390.20 5.23%
moyenne 892.16 2857.82 1311.32 1217.48 1067.24 997.57 6.53%

Table A.2 { Coat moyen de codage ( en bits ) pour di erentes sequences dans le domain des vues
( ballet ) et du temps ( mobile, lovebird, beergarden stefan ). Les nethodes tesees
sont : JBIG2, codeur arithmetique adaptatif ( AAC ), codeur arithmetique bas sur le
contexte ( CBAC ) avec le contexte d'une symbole, la technique propose danfdCF12],
et notre technique ( avec le codt de l'information complementairea transmettre ). Dans
la dernere colomne les gains de la technique propose sont compaes avec la technique
la plus performante du group.

A.4 Shape-based depth map codecs

Le chapitre [ decrit les deux techniques de codage de carte de profondeur ceveloppees,
bases sur la technique de codage de contour sans perte pesenee dans le chapifre 2.
D'abord une breve pesentation des techniques de compression speci quement cibkees pour
les cartes de profondeur est donree. Ensuite, les techniques ceveloppees sont cetailees,
avec les exgeriences sur les cartes de profondeur et sur des images synttetisees, pour
valider les techniques dans un cas pratique. Avec les netriques objectives, certaines images
synttretisees sont rapporees pour donner au lecteur un indice visuel des dierents artefacts
introduits par les techniques de compression examirees.

Les informations de segmentation ontee largement utilisees pour la compression des
cartes de profondeur mais le codage des formes des segments est critique et la plupart des
approches disponibles ne sont pas capables de propager l'information sur plusieurs trames.
Pour exploiter la redondance temporelle ou inter-visuelle des contours d'objet et coder plus

e cacement l'information de contour, nous utilisons la technique de codage de contour
sans perte avec ceformationelastique des courbes decrite dans le chapitrp]2 pour les deux
sctemas de codage pesenes. Apes que les discontinuies principales ontee saisies par la

description de contour, le champ de profondeura l'inerieur de chaque egion est plutot
lisse.
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Le premier sctema de codage propos est tes simple et utilise la transformee en
ondelettes adaptative de forme, suivie de SA-SPIHT ( Set Partitioning In Hierarchical
Trees ). Le second est plus complexe et utilise un algorithme de pediction de surface
3D pour obtenir une estimation pecise du champ de profondeura partir des contours et
d'une version sousechantillonree des donrees. Suit une straegie de codage ad hoc pour
les donreesa basse esolution et les esidus de pediction. Les esultats exgrimentaux
prouvent que les approches proposes sont en mesure de concurrencer et, dans certains
cas, de surpasser letat de l'art. De plus, il est important de noter que dans les techniques
proposes est eali® un codage de contour sans perte : la peservation des bords entre
les dierents objets est une propreke importante puisque l'impact positif sur les images
synthetiees, obtenu par DIBR [[Feh04], des techniques de compression avec peservation
des contours, aet con riree par des tests subjectifs. Une discussion cktailee sur le sujet
est rapporee dans le chapitre[4.

A.4.1 Codage de cartes de profondeur avec akformationelastique des
contours et SA-SPIHT

Nous utilisons une technigue existante base sur le paradigme de codage a objets car
elle peut imnediatement kere cier d'une rmethode anelioee pour le codage des contours.
Malge la simplicie de I'approche, les esultats sont satisfaisants, en raison de la nature
des donrees que nous voulons comprimer. En esune, la nouvelle technique de compression
par objets se compose de :

codage sans perte de la carte de segmentation. Nous appliquons la technique de
codage de contour sans perte cecrite dans le chapitrg] 2 pour les contours des objets.
Nous utilisons une structure GOP herarchique 1:B1B2B3l», dans laquelle B est
pedit en utilisant | 1 et |, By en utilisant | ; et By, et ainsi de suite, comme decrit
dans[2.3.4. Cette partie fournit un codage sans perte avec pediction inter-trame ;

Transfornee en ondelette adaptative de forme ( Shape Adaptive Wavelet Transform,
SA-WT ) pour chaque objet, suivie par SA-SPIHT ( Set Partitioning In Hierarchical
Trees ), suivie d'un codeur arithnetique [CPVZ04]. Nous remarquons que pour la
partie interne des objets, nous avons donc une technique enterement Intra. Nous avons
choisi cette technique car elle est raisonnable et simple, et elle compékte parfaitement
notre technique de codage sans perte.

Un sctema synttetique de la technique propose pour le codage des cartes de profondeur
est repesene dans la gure A.6] Une fois que la carte de profondeur aet segmenee
en egions homogenes, nous utilisons une technique de codage par transfornee base sur
la transformee en ondelette adaptative de forme : SA-WT, en utilisant l'algorithme de
Li et Li [[LLOQ], dont la bonne performance et la mise en uvre simple I'ont amere a
étre adopee dans la norme MPEG-4. Le nombre de niveaux de decomposition est >ea
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Figure A.6 { Sysemes de codage et de cecodage de la technique propoee EC + SA-SPIHT.

5 et les ltres biorthogonaux Daubechies 9/7 sont utiliees. Les caraceristiques les plus
importantes du SA-WT sont qu'aucune nouvelle redondance n'est introduite et que le
nombre de coe cients est le méme que le nombre de pixels dans I'objet d'origine. De plus,
la relation spatiale entre les pixels est conseree et il n'y a pas de nouvelles fequences
introduites dans le domaine transforme. En n, pour les objets rectangulaires, le SA-WT
estequivalent au WT egulier.

L'algorithme SPIHT [ISP9q suit la SA-WT, dans I'extension adaptative de forme
propoxe dans [CPVZ04]. L'algorithme SPIHT est un codeur bit-plan des coe cients
d'ondelettes qui exploite les similitudesa travers les sous-bandes dans une dcecomposition en
ondelettes d'une image. Pour chaque bit-plan il ya essentiellement deux taches, la localisation
des bits signi catifs, et leur valeur et le signe. Les coe cients les plus importants sont
d'abord cocks, et on peut coder de plus en plus tous les coe cients pour obtenir une
copie plus raree de l'image originale. La version adaptative de SPIHT propose dans
[CPVZ04] est tes similairea l'algorithme de base avec les dierences que seuls les noeuds
actifs, c'esta-dire les noeuds appartenant au support de la transformation SA-WT, sont
consicees et que l'arbre des coe cients a un seul ancétre dans la bande de fequence la
plus basse.

Apes le codage des coe cients des dierents objets, les courbes RD de tous les objets
sont analyses pour allouer entre elles les bits disponibles pour un taux de codage souhait.
Cetteetape est recessaire pour un codeur base sur les objets, et bien que les crieres RD
soient habituellement utilises pour l'attribution des bits, il existe un autre dege de libere
car l'allocation pourrait &tre e ectieeegalement selon dierents crieres.
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(a) ballet (b) beergarden

(c) lovebird (d) mobile

Figure A.7 { Technique de codage de cartes de profondeur EC + SA-SPIHT : PSNR des cartes de
profondeur comprinees pour les £quencedballet (a), beergarden(b), lovebird (c) et
mobile (d).

Pour faire une comparaison signi cative nous avons utilise HEVC Intra pour comprimer
les cartes de profondeur. Une fois les paranetres ce nis pour les techniques de compression,
nous utilisons les carted de profondeur decodees pour synttetiser de nouvelles vues et faire
une comparaison avec les images gereees par les cartes de profondeur non comprinees.

Une premere comparaison entre la technique propose EC + SA-SPIHT et HEVC Intra
peut étre e ectlee en calculant le PSNR des cartes de profondeur comprinees. Pour la
£quenceballet il y a un gain signi catif de la technique propose sur HEVC Intra, jusqua
3,5 dB, dans la plage de 0,01a 0,05 bpp, comme indique dans la guré¢ AJ7(a). Pour la
equencebeergardena partir de 0,075 bpp, il y a un gain presque constant de 1,3 dB de
la technique propose sur HEVC Intra, comme indiqe dans la gure [A.7[b). Les deux
techniques se comportent aussi bien pour la ssquendevebird, ai la technique propose
atteint le meme PSNR de HEVC Intraa partir de 0,01 bpp. La gure A.7(¢) repesente le
comportement des deux codecs dans la plage de cebit binaire. En n, il y a un avantage
signi catif de HEVC Intra par rapporta la technique proposee pour la ssquence mobile,
comme le montre la gure[A.7|(d). Ceci est d0 au fait que les bords sont cep ous dans
la carte de profondeur d'origine, ce qui eduit I'e cacie des strakgies de codage bases
sur I'hypotrese d'arétes vives entre dierentes egions. Ces comparaisons sont informatives
sur I'e cacie de la stratgie de codage propose, mais elles ne donnent aucune icce de la
validie de l'approche pour I'utilisation avec DIBR.
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(a) ballet (b) beergarden

(c) lovebird (d) mobile

Figure A.8 { Technique de codage de cartes de profondeur EC + SA-SPIHT : PSNR des images
syntletiges obtenuesa l'aide des cartes de profondeur comprimees pour les quences
ballet (a), beergarden(b), lovebird (c), and mobile (d).

Les cartes de profondeur comprirrees sont utilies conjointement avec le logiciel DIBR
pour synttetiser de nouvelles vues. Les images syntletiees obtenues avec des cartes de
profondeur comprimees avec la technique propose sont compaees aux images syntletiees
obtenues avec des cartes de profondeur comprinees avec HEVC Intra. A n de prendre en
compte les artefacts introduits par le logiciel DIBR, la etrence pour ce type d'images sont
les images syntretiees obtenues avec des cartes de profondeur non comprime£yJUHG10].
Le PSNR aA ctA ¢ calcuk et il est monte dans la gure

Ces esultats, tout enetant pertinents pour des conditions d'essai tes pecises ( ensemble
limie de 'quences, gamme de debit binaire limiee ), montrent que notre technique peut
fonctionner au moins aussi bien que HEVC Intra, voire mieux en fonction de la squence :
ces esultats impliquent que l'approche propose est valable d'étre consicke. Ceci est
d'autant plus pertinent que, en gereral, les techniques de codage par objets n'obtiennent
pas de tes bons esultats en compression d'image. Il aee cemonte que le codt du codage
de contour sans perte est I'un desekments qui sapent ces techniques le plus [CPPVO7].

A.4.2 Codage de cartes de profondeur avec cformation elastique des
contours et pediction de la surface 3D

La technique pesenee dans la section 3.2.]1 est tes e cace lorsque les objets ont une
distance de la canera qui varie de moyenneaelewee. Dans ce cas, la repesentation grossere
de la geonretrie de la partie interne des objets ne pose aucun probeme dans la syntlese
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de vues nouvelles. Toutefois, lorsqu'un objet est tes proche de la canera, il peut avoir
une egion de profondeur assez irregulere, ce qui recessiterait une grande quantie de
bitsa coder avec une qualie acceptable pour la syntlese. Nous avons donc cevelopge un
nouveau sctema de codage ai les donrees de profondeur sont repesentes par un ensemble
de contours ¢k nissant les dierentes egions avec une repesentation compacte des valeurs

a l'inerieur de chaque egion. Un algorithme de pediction de surface 3D est alors exploie

a n d'obtenir une estimation pecise du champ de profondeura partir des contours et une
version sousechantillonree des donrees. Les donreesa basse esolution et les esidus de
pediction sont compresss avec des strakgies ad hoc.

Le ux de travail ereral de I'approche propose est repesene dans la gure A.9.]La
premereetape est la segmentation des cartes de profondeur a n d'extraire les principaux
objets et les structures de la s@ne. Les contours de segment sont ensuite compresss en
utilisant I'approche decrite dans [[CCPP14] et la valeur de profondeur moyenne dans chaque
segment est stoclee. Les cartes de profondeur et les donrees de segmentation sont sous-
echantillonrees et la dierence entre la repesentation sousechantillonree et les moyennes
de segment est comprinee en utilisant un screma de pediction dierentielle suivi par le
codeur HEVC. Ensuite, un algorithme de pediction de surface cerive de [[ZC09] est utiliee
pour pedire les cartes de profondeur d'enteea partir des donrees sousechantillonrees et
des contours. En n, les esidus entre la pevision et la carte de profondeur d'entee sont
compresses avec perte en utilisant le codeur HEVC.

Les informations de contoura haute esolution et les donrees de profondeura basse
esolution peuvent etre utiliees pour produire une pediction tes pecise de la carte
de profondeur. Pour cetteetape nous avons utili une approche cerivee de [EZC09] que
nous pesentons brevement ici. L'icke ck est que la carte de profondeur est faite d'un
ensemble de surfaces lisses repesentes par les egions segmenees. Pour chaque egion,
un ensemble dechantillons est disponible, c'esta-dire les pixels de la carte de profondeur
sousechantillonres appartenanta cette egion. Chaque pixel p; de la carte de profondeura
haute esolution est donc entoue de 4echantillons de la grille ( voir gure et l'icke
est de le pedire en interpolant uniquement lesechantillons de grille appartenanta la méme
egion. Si tous les 4echantillons appartiennenta la méme egion de p;, I'estimation de p;
est simplement donree par l'interpolation bilireaire des 4echantillons. Lorsque lechantillon
est proche du contour d'une des egions segmentes, certains des 4echantillons pourraient
appartenira des egions dierentes et la valeur de p; est estinee en interpolant uniquement
les valeurs desechantillons de grille qui appartiennenta la méme egion.a l'exclusion du
cas trivial desechantillons qui correspondent aux points de grille, il ya 5 cas possibles ( voir

gure A.11]).

a ) Sitous les 4echantillons sonta l'inerieur de la m&me egion p; est simplement donre
par l'interpolation bilireaire des 4echantillons.
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Figure A.9 { Sysemes de codage et de cecodage pour la technique de codage de carte de profondeur
EC + pediction de surface 3D.
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(a) (b)

(c) (d)

Figure A.10 { (a) Exemple de carte de profondeura partir de la ssquencedancer ; (b) carte de
profondeur segmente ; (c) cetail de la carte de profondeur segmente avec la grille de
sousechantillonnage ( les points rouges repesentent la position desechantillons ) ; (d)
carte de profondeur peditea partir du contour et desechantillonsa basse esolution.

b) Sip est entoue de 3echantillons appartenanta la méme egion, il est estine en
supposant gu'il se trouve sur le plan ce ni par les 3 points.

c) Sip est entoue par 2 voisins dans la egion et 2 en dehors ( par exemple, quand
il est proche d'un bord ), une pediction des deux pointsa I'exerieur de la egion
est e ectiee en supposant que chacun d'eux se trouve sur la ligne Passant par le
point le plus proche disponible et le point synetrique par rapporta celui disponible
(les points orange de la gure[A.1](c) ). Ces points sont utilies pour calculerp; par
interpolation bilireaire.

d ) Sip; aque un voisin dans la méme egion, la valeur de cetechantillon est prise comme
estimation.

e ) Sip; n'a pas de voisins, la valeur de profondeur moyenne de la egion est utiliee.

Cette approche permet d'obtenir une pevision tes pecise de la carte de profondeur
d'entee, avec seulement quelques petits artefacts typiqguement sur les bords non captues
par la segmentation.

Finalement, la dierence esiduelle entre la carte de profondeur estinee et la profondeur
eelle est calcuke et comprinmee avec perte en utilisant le moteur de codage HEVC. Dans
ce cas, le pro | RExt principal est utilie, permettant une optimisation taux-distorsion.
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(@) (b) (©) (d) (e)

Figure A.11 {echantillons sur la grille des pixels: les 5 con gurations possibles. Le pixel jaune
inconnu est estire en n'utilisant que les pixels verts ( plus les oranges dans le cas c ).

La gure A.12{a) montre la performance des approches proposes et concurrentes sur
la ®quencedancer. Il ya un gain de performances important ( jusqua 4 dB ) par rapport
a [[ZC0O9] dans la plage de cebit binaire consictee. Les deux approches partagent l'icee
d'exploiter la segmentation et l'approximation basse esolution, mais la strakgie de codage
de contour de ce travail de these est plus e cace que le codeur arithrretique deZC09] et
les strakgies de compression pour lesechantillonsa basse esolution et le residuel cepassent
largement le format de codage JPEG2000, quietait utilisa lepoque. La comparaison avec
HEVC est cependant plus importante :a des cebits faibles et moyens ( jusqua 0,01 bpp ),
I'approche propose peut surperformer HEVC gracea la repesentation e cace des contours
et au tes faible contenu informatif des esidus. Le gain de performance atteint environ
de 2 dBa environ 0,006 bpp. Notez comment les contours restent nettes et non oues sur
toute la plage de ckbit binaire tandis que HEVC atteint ce esultat uniquementa des cbits
binaireselews. La gure b) montre les esultats pour la sequence lovebird : méme si
la esolution est dierente et la sene est eelle ( non synttetique ), les esultats sont tes
semblablesa ceux de la quence peedente, et I'approche propose capable de surpasser
[ZC0O9)a tous les cebits et HEVC pour les cebits jusqua 0:02 bpp, correspondanta environ
53 dB. La £quencemobile ( gure c) ) est plus di cile pour notre approche puisque
les bords sont cep ous dans les cartes de profondeur d'entee. Ceci eduit I'e cacie
des strakgies de codage bases sur I'hypothese d'arétes vives entre les dierentes egions
comme celle proposee etlAC09] ( qui pesente sur cette quence des performances tes
nmediocres ). Cependant, notre approche est encore en mesure de surpasser HEVCa faible
cebit. Le gain maximum est d'environ 3 dB dans la gamme de cebit binaire qui va du
minimuma 0 :022 bpp.

Les cartes de profondeur compresses sont utilies conjointement avec le moteur DIBR
pour synttetiser de nouvelles vues. Les images syntletiees obtenues avec des cartes de
profondeur comprimees avec la technique propose sont compaees aux images syntletiees
obtenues avec des cartes de profondeur compresees avec HEVC Intra. A n de prendre
en compte les artefacts introduits par le logiciel DIBR, la etrence pour ce type d'images
sont les images synthetiees obtenues avec des cartes de profondeur non compresses
[EYUHGI1Q]. A n devaluer la qualie des vues virtuelles, nous les avons compaeesa des
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(a) dancer (b) lovebird

(c) mobile

Figure A.12 { Comparaison des performances de I'approche propose avec le codeur HEVC et avec
la nethode de Zanuttigh et al. [ZC09]. Les fquences de test sontlancer, lovebird,
et mobile.

(a) dancer (b) lovebird

(c) mobile

Figure A.13 { Technique de codage de carte de profondeur EC + pediction de surface 3D : PSNR
des images synttetiees obtenuesa l'aide des cartes de profondeur compresses pour
les quencedancer (a), lovebird (b), et mobile (c).
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images synthetises obtenues en appliqguant le méme algorithme DIBR aux profondeurs
et vues non compresses. La comparaison peut étre faite soit visuellement, soit par des
nmetriques objectives.

D'un point de vue subjectif, les capacies de peservation des limites de I'approche pro-
pose sont particulerement in uentes lorsque la profondeur est utilie pour l'extrapolation
et l'interpolation des vues. En méme temps, l'algorithme propos peut introduire des arte-
facts non perceptibles ou non-ennuyeux et des netriques objectives peuvent assigner des
scores faibles pour eux méme si pour un observateur humain la degradation est relativement
acceptable.

La gure A.I3]montre le PSNR des images syntretiees obtenues en utilisant les
cartes de profondeur compresses avec la technique propose et avec HEVC Intra. Pour les
fquencesdancer et lovebird, les images synttetises produites avec des cartes de profondeur
compresses avec HEVC ont un PSNR et un SSIM pluselewes dans la plage de cebit
binaire consictee, tandis qua des cbits faibles ( jusqua 0,017 bpp ), I'approche propose
pesente un avantage ( jusqua 3 dB au debit binaire minimum ).

A.5 Codage de cartes de profondeur ba® sur le contour :
uneetude subjective devaluation de la qualie

Le chapitre [4 rapporte les cetails de letude subjective devaluation de la qualie e ectwee
pour valider l'une des techniques decrites dans le chapitr¢ 3 du point de vue de I'utilisateur.
D'abord une beve introduction aux bases de levaluation subjective de la qualie visuelle
est fournie, suivie d'un apercu des techniques de codage utilisees pour la peparation du
maeriel d'essai. Ensuite, la conception du test est discuee et son montage cecrit. A partir
des esultats pesenges, une nouvelle validation de lI'approche proposeemerge.

A.5.1 Techniques tesees

Pour produire le maeriel de test pour notre analyse, nous comprimerons les cartes de
profondeura l'aide de trois technigues dierentes : HEVC Intra, la technique decrite dans
la section[3.2.1, et une simple technique de controle.

La technique cecrite dans la section[3.2.1 utilise la pediction elastique comme un
contexte pour un codeur arithnetique, et la distribution de probabilie des symboles
d'entee est modieea la voke, comme nous l'avons vu dans le chapitre [2. Une carte de
segmentation de la sene avec des objets dierents peut étre codee avec notre technique
de codage de contour sans perte, et cette carte peut étre utilie en conjonction avec une
technique de codage par objet pour coder les images de profondeur. La nethode propose
utilise la transfornee en ondelette adaptate a la forme [LLOO|, suivie par SA SPIHT
[CPVZ04], suivie par un codeur arithrretique pour les symboles SPIHT ( sans memoire,
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Figure A.14 { Sctema de codage pour la technique NR.

sans contexte ). Ceci fournit une technique enterement Intra pour la partie interne des
objets. Desormais, nous dsignerons cette technique comme \CC", codage de contour.

La validie de l'approche par objet est suggeee par la pertinence de l'information
de contour dans letape de synttese. Un minimum de budget est recessaire pour une
repesentation sans perte de contours et ce colt initial peut &tre une fraction pertinente
du taux total cedea la carte de profondeur. Une question qui se pose est de savoir si les
avantages d'un contour sans perte seront eellement percus comme pertinents par rapport
a son colt de cebit binaire. Pour epondrea cette question nous avons ignoe simplement
la partie de codage sans perte dans notre technique de codage et en utilisant la pevision
elastique pour gererer directement la carte de segmentation pour alimenter le codeura
objets. Nous cependons du bloc SA SPIHT pour corriger lI'impecision possible de la carte
de profondeur cocke. Cette technique de contrble permet de baisser consicerablement les
taux, mais la qualie des images syntletiees obtenuesa partir des profondeurs comprinees
par cette technique simple doit étre soigneusementevaliee. Doenavant, nous parlerons de
cette technigue comme \NR" ( No Re nement, pas de ra nement ). Un sctema concis de
la methode NR est monte dans la gure A.14]

A.5.2 Test Subjectif

Levaluation subjective aek e ectiee selon la methode de lechelle de deeriorationa double
stimulus ( DSIS, Double Stimulus Impairment Scale ) [TU12b]. Pour chaque \round", une
paire d'images aet proposea l'utilisateur, les stimuli A et B, dans lesquels le stimulus A
etait toujours la eerence, et le stimulus Betait I'imageaevaluer. L'image de etrence est
obtenue en utilisant des profondeurs non comprinees dans letape de synttese, tandis que
l'imageaevaluer est obtenue avec des profondeurs comprinees. Le spectateur aee informe
de la pesence de I'image de etrence dans la paire et aet inviea noter la ceerioration

de qualie de la deuxeme image par rapporta la premere, en utilisant uneechelle continue
allant de Oa 100, dans laquelle cing plagesetaient assoceesa cing adjectifs distincts (\tes
ennuyante", \ennuyante", \egerement ennuyante", \perceptible", \imperceptible").
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Setup

Un panel de vingt personnes a particigea notre test, 6 femmes et 14 hommes, ages de 23a
32 ans, avec une moyenne de 27,65 ans. Les sujets ont declae une acuit visuelle normale
ou corrigeea normale.

Les images ontet achees sur unecran DELL P2210a leur esolution d'origine.
L'espace de test aet mis en place avec un fond gris non eechissant et isok de sources
exerieures de luméere, comme recommancde dans[[TU12b], [I[TU12a]. Les observateurs
ont particige una la fois aux eances de test, assis devant lecrana une distance de sa
diagonale approximativement, ce qui correspond approximativementa trois fois la hauteur
des images utilies pour le test.

Stimuli

Les quences multiviewbeergarden lovebird et mobile ontet utilises pour le test. Nous
avons produit le matriel de test en synttetisant de nouvelles vuesa partir de viceos de
texture non comprinees et de cartes de profondeur comprinees Pour chague fquence, une
vue cible et un instant sont choisis. Les cartes de profondeur sont alors comprinees en
utilisant les techniques CC, NR et HEVC.

Pour HEVC, utilie en mode Intra, nous avons choisi comme QPs : 27, 38, 44, 51. QP
51 est le niveau maximal de compression permis, correspondant au plus petit cebit binaire
pour HEVC. Pour CC, l'utilisation de SA-SPIHT permet de choisir le debit binaire exact,
nous avons donc choisi le cebit le plus bas possible et les cebits binaires correspondant aux
QPs 51, 44 et 38. Et pour NR, nous avons choisia nouveau le taux le plus bas possible et
les deux autres pour correspondre aux faibles taux des deux autres techniques.

Pour chaque fquence, 11 images syntletiees sont utiliees dans le test, conduisanta
un total de 33 comparaisons dans I'ensemble du test.

L'utilisation de la technique NR pour ce test est importante pourevaluer les e ets du
codage de contour sur lI'image syntretisee. La pecision du contour conduita des gains
remarguables en termes de qualie percue. De plus, nous avons utilie cette techniquea tes
faible cebit comme eErence pour la qualie \tes ennuyeuse”, pour les artefactsevidents
gu'elle produit sur I'image synthetiee. Si le contour pedit se trouvea l'exerieur de I'objet
et que la partie inerieure est cocke tes grosserement, on produira un changement dans la
cgeonetrie de la s@ne, qui se traduira par un espace entre les objets de I'image syntletiee,
comme monte dans la gure

Une fois que les cartes de profondeur sont compresses pour deux vues, nous les avons
utiliees pour gererer de nouvelles vues syntletiques entre les deux avec le logiciel de DIBR
[Feh04. Le logiciel 3D-HTM version 6.2 aet utilie comme logiciel de DIBR. L'utilisation
d'images syntletises pour le test est justiee par le senario plausible de Video a point de
vue libre ( Free Viewpoint Video, FVV ) [BPLC * 11h].

En ce qui concerne les images de ekrence, l'indisponibilie de vues intermediaires et la
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(@) (b)

Figure A.15 { Exemple d'artefact introduit par la compression avec la technique NR : des contours
impecis produiront dans l'image synttetise un espace entre les objets. L'image
entere est rapporee (a), avec un cetail (b).

pesence d'artefacts de syntleseevidents nous anenenta utiliser des images de etrence
syntletiees, obtenues avec les profondeurs originales non comprinmees, comme suggee
dans [EYUHGI0].

Pro@dure

Chagque image aet montee pour 7 secondes et pe@dce d'unecran gris pour indiquer le
stimulus ( A ou B ) pour 1,5 secondes. Chaque touretait compos de : stimulus A, stimulus
B, stimulus A, stimulus B,ecran de vote. Lecran de vote est une fenétre pop-up sur fond
gris moyen. La fenétre de vote contient un curseur continu avec les cing adjectifs sur le coe
et une zone de texte qui rapporte la valeur de notation et encore I'adjectif correspondant.
Les paires de stimuli ontee pesenees dans un ordre akatoire et le test entier a due
environ 22 minutes pour chaque utilisateur.

A.5.3 Resultats

Les scores subjectifs ontet evies a n de detecter et deliminer leseventuels outliers,
sujets dont les scores dierent grandement de ceux des autres. Nous avons suivi la proedure
cecrite dans [ITU12b] pour la nmethodologie de test DSIS. etant donre que nous n‘avons
pas fait d'hypothese sur les caraceristiques de distribution, les valeurs hors de la fourchette
interquartile pour plus de 1,5 fois sont des valeurs aberrantes et, s'il y a une incidence de
valeurs aberrantes dans le score de plus de 10%, il est consicee comme anomalie et ses
scores ne sont pas pris en compte. Dans nos esultats, trois sujets ontee margues comme
anomalies et leurs scores ontek rejees.

Apes la suppression des valeurs aberrantes, nous avons \erie que pour chaque stimulus
la distribution des scores est unimodale et nous avons calcuk les scores d'opinion moyenne
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( MOS ), avec lintervalle de con ance 95%, sous I'hypottese que les scores suivent une
distribution de t-Student.

Les images ontegalementetevalleesa l'aide de dierentes netriques objectives. Nous
avons consicee comme netriqgues au niveau pixel : Peak Signal-to-Noise Ratio ( PSNR ) et
Weighted Signal-to-Noise Ratio ( WSNR ) [MV93] ; et des netriques plusa haute niveau :
Multi-scale Structural Similarity ( MSSIM ) [ WBSS04 et Visual Information Fidelity
( VIF ) [ISBOg. Dans la gure |A.16]les esultats de notre test subjectif et du PSNR sont
rappores.

Comme nous pouvons le voir dans la gurd A.1Ip, HEVC montre des tendances tes
eguleres dans ses scores MOS. Les artefacts visibles esultants rappores par les participants
sont principalement la fragmentation de bord et I'e et de blocking, qui disparaissent des
que le cebit binaire augmente. Les scores MOS de HEVC varient gereralement de la
gamme \perceptible"a celle \imperceptible". La technique CC pesente en greral des
scores teselewes par rapport aux autres technigues ( la plupart de ses scores sont en
fait dans la gamme \imperceptible"), le codage des contours gereralement vaut donc son
coat pour la qualie percue des images synttetises. Ceci est particulerement vrai si I'on
compare les scores MOS de CCa ceux de NR au méme cebit binaire : les imperfections du
contour peuvent conduirea des artefacts génants et faire baisser la qualie nale, méme si
les artefacts sont diminwes par un codage plus n de La partie inerieure. De plus, nous
voyons que pour des cebits binaires faibles, un contour parfait et une partie inerieure
grosserement cocee tendenta conduirea une excellente perception de l'image synttetiee.
Contrairementa cette a rmation, nous trouvons des scores egrement inkrieursa des
cebits binaires faibles pour le contenu beergarden ai la proximie des objetsa la canera
exige un codage moins grossier de la partie inerieure pour atteindre un tes haut niveau
de perception de qualie.

En ce qui concerne les netriques objectives, les netriques au niveau pixel comme le
PSNR sont en e et tes sensiblesa l'artefact le plus important produit par la technique de
codage CC : la geonretrie dierente de la s@ne, a ecee par la partie inerieure grosserement
cocke, fait deplacer Egerement dieremment les objets, par rapporta l'image synthetisea
partir de cartes de profondeurs non comprinees. Pour un observateur humain, il peut étre
tes di cile de distinguer les deux images, mais méme le ceplacement de quelques pixels
pour un objet sur l'arrere-plan peut donner un PSNR faible. D'autre part, en termes de
PSNR, la technique NR s'awere competitive par rapporta la technique CC. L'explication
eside dans le fait que des erreurs tes localiges, surtout si elles a ectent la forme des objets,
sont percues comme ennuyeuses par un observateur humain, et les netriques objectives
tesees ne sont pas en mesure de prendre cet e et en compte.

Outre que le PSNR, des netriques objectives les plus ra rees comme WSNR, MSSIM
et VIF produisent des scores qui peuvent dierer consicerablement des scores obtenus lors
du test subjectif. Le tableau[A.3 rapporte les coe cients de corelation de Spearman
( en module ) et les p-values, calcukes entre le MOS et les netriques objectives.
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Figure A.16 { Sequencedeergardenlovebird, and mobile : moyenne des scores d'opinion ( MOS )
avec l'intervalle de con ance 95% et le Peak Signal-to-Noise Ratio ( PSNR ). Les
techniques utilises sont la technique de controle simple \no re nement" ( NR ), la
technique de codage du contour ( CC ) et HEVC Intra ( HEVC).
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i overall | beergarden lovebird mobile NC CC HEVC
MSSIM | 0.62 0.97 0.52 0.46 | 0.75 0.13 0.80
VIF 0.55 0.97 0.50 0.37 | 0.52 0.02 0.79
PSNR 0.56 0.96 0.50 0.35 | 0.52 0.15 0.75
WSNR | 0.68 0.99 0.63 0.45 [ 0.80 0.14 0.79
p-value | overall | beergarden lovebird mobilef NC CC HEVC
MSSIM | 0.00 0.00 0.11 0.15 | 0.03 0.68 0.00
VIF 0.00 0.00 0.12 0.26 | 0.16 0.96 0.00
PSNR 0.00 0.00 0.12 0.30 [ 0.16 0.64 0.01
WSNR | 0.00 0.00 0.04 0.17 | 0.01 0.67 0.00

Table A.3 { Coe cients de corelation de Spearman ( en module ) et p-values, calcues entre le
MOS et les netriques objectives, pour chaque contenu et technique.

Les esultats du test subjectif montrent que l'information de contour est e ectivement tes
importante dans letape de synthese : en peservant les contours et en codant grosserement
le reste conduit typiguementa un eger ceplacement des objets, mais du point de vue de
l'utilisateur ce genre d'artefact n'est pas perceptible. Dans la plupart des cas mémea faibles
ebits binaires, les participants ne pouvaient distinguer les images synthetises avec les
cartes de profondeur compresses avec la technique propose des ekrences. De plus, par la
comparaison des esultats subjectifs et des netriques objectives, il estegalement clair que
levaluation de la qualie des images synttetiges dans MVD par des nretriques objectives
pesente des probemes non esolus : les algorithmes peuvent introduire des artefacts non
perceptibles ou non ennuyeux et les metriques objectives couramment utiliees peuvent
leur assigner de faibles scores.

A.6 Conclusions et travaux futurs

Le but de cette these etait de developper un cadre pour la compression de carte de
profondeur qui fournit un codage de contour sans perte pour les objets segmenes dans la
carte de profondeur, en pro tant de la redondance temporelle et inter-visuelle du MVD
format.

Trois grandes parties du developpement peuvent étre distinglees : d'abord une technique
originale visanta l'encodage sans perte des contours aet cevelopgee. Le sctema de codage
propose est base sur la ceformationelastique des courbes, qui permettent de repesenter de
facon compacte les contours exploitant la consistance temporelle dans des trames dierentes.

La deuxeme partie est la nalisation du cadre avec une technique e cace pour coder le
champ de profondeur interne des objets, compte tenu des contours codes avec la technique
de codage de contour sans perte. Deux codecs dierents ontee developges : un qui utilise la
transformation en ondelette adaptative de forme, suivi de la version adaptative de SPIHT,
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et une technique plus ne qui utilise un algorithme de pediction de surface 3D pour estimer
le champ de profondeura partir des contours coces et une version sousechantillonree des
donrees.

La troiseme partie est uneetude devaluation de la qualie qui compare, au moyen d'un
test subjectif, les images synttetiees obtenuesa l'aide de cartes de profondeur compressees
avec un codeura bloc hybride ( HEVC Intra ) et des cartes de profondeur comprinees
avec un des codeur propogsa peservation des contours.

Au moment de naliser ce manuscrit, plusieurs perspectives ineressantes peuvent étre
proposes pouretendre le travail de cette trese.

En ce qui concerne le codage de contours, jusqua pesent, seulement une interpolation
elastigue monodimensionnelle aet envisagee, mais nous nous attendonsa une estimation
plus pecise si nous pouvons prendre en compte 4 ou 8 courbes de etrencea partir de
vues et des moments dierents, conduisant ainsia d'autres arneliorations de la technique.

Pour aneliorer le codage du champ intrieur de I'objet dans une carte de profondeur,
l'algorithme de pediction de surface 3D peut &tre utilie egalement sans une segmentation
correcte : la pediction peut etre faite si seulement les contours les plus importants sont
extraits de la sene. Ce processus doit étre plus rapide qu'une segmentation, de plus
I'association des contours dans des vues dierentes ou des instants de temps peutegalement
etre e ectlee en e ectuant la ceformationelastique et en cherchant la distance minimale
dans l'espace des courbes entre deux contours.

Pour levaluation de la qualie, jusqua pesent, seulement des images xes ontet
consiceees. D'autres experiences devraient étre merees pour tenir compteegalement des
artefacts temporels et de la perception viceo 3D. De plus, la recherche d'une netrique
objective capable dévaluer la qualie des images synthetises ( et videos ) doit &tre meree :
les algorithmes peuvent introduire des artefacts non perceptibles ou non génants et la
plupart des netriques objectives couramment utilisees peuvent assigner des scores faibles
pour eux, méme si pour un observateur humain la degradation est relativement acceptable.
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