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Resune

Le codage viceo distribte (DVC) est une technique ecemment propose dans le cadre du
codage et de la transmission des fquences viceo, et qui Beient surtouta une nouvelle
classe d'applications telles que la surveillance viceo s&s |, les eseaux de capteurs mul-
timedia, les caneras PC sans |, les ekphones mobiles et les appareils-photos nurneriques.
Ces applications recessitent en e et un encodeur de faibleomplexie, avec la possibilie
d'un cecodeur de complexieelewee. DVC pesente plus ieurs avantages : d'abord, la com-
plexie peut étre distribtee entre I'encodeur et le cec odeur. Deuxemement, le DVC est
robuste aux erreurs, car un codeur de canal y est incorpoeEn DVC, une information
adjacente (Side Information ou Sl) est estinee au cecoden en se basant sur les trames
cecockes disponibles, et utiliee pour le cecodage et & reconstruction des autres trames.

Dans cette these, nous proposons de nouvelles techniquesiigpermettent d'aneliorer
la qualie de l'information adjacente. Tout d'abord, le ra nement ieratif de l'information
adjacente est eali® apes le cecodage de chaque soubande DCT, en utilisant la trame
Wyner-Ziv (WZ) partiellement cecocee (appeke PDWZF) a vec les trames de ekrence.
De plus, dans cet algorithme, une nouvelle approche est pra®ge qui permet d'adapter
la fenétre de recherche au niveau de mouvement courant erdrla trame WZ et les trames
de ekrence, en se basant sur la PDWZF obtenue apes le écodage de la premere sous-
bande DCT. Ensuite, une nouvelle nethode de greration de l'information adjacente est
propose, qui utilise I'estimation des vecteurs de mouverant dans les deux sens et le
ra nement Quad-tree. En outre, en vue d'aneliorer la quali € des trames WZ decockes
pour les grandes tailles de GOP (Group Of Pictures), un algathme bas sur les trames
adjacentes decockes est propog, qui utilise une zone deecherche adaptative et une taille
de bloc variable.

Une autre contribution de cette these concerne la fusion de estimations globale et
locale. Les paranetres globaux sont calcues au codeur emntilisant l'algorithme SIFT.
Ces paranetres globaux sont transmis au cecodeur pour y &e utilises dans I'estimation
de linformation adjacente globale. Ensuite, de nouvellesapproches sont proposes an
de combiner les estimations de mouvement globale et local®ans la premere approche,
la fusion se base sur les dierences entre les blocs correspdants. Dans la seconde, la
technique SVM (Support Vector Machine) est utiliee pour combiner les deux informations
adjacentes. En plus, des algorithmes sont proposs pour atorer la fusion au cours du




tecodage, par l'exploitation de la PDWZF et des coe cients DC decodkes. En outre, les
objets segmentes des trames de ekrence sont utiliesdans la combinaison des estimations
de mouvement globale et locale, en utilisant les courbesaktiques et la compensation de
mouvement base-objets.

De nombreuses simulations ontet e ectwees pour tester les performances des tech-
nigques proposs et qui montrent des gains importants par rgport au codeur classique DIS-
COVER. Par ailleurs, les performances de DVC obtenues en apiguant les algorithmes pro-
poses surpassent celles de H.264/AVC Intra et H.264/AVC Nomotion pour les £quences
tesees. En plus, lecart visa-vis de H.264/AVC Inter a vec une con guration IB...IB est
consicerablement eduit.




Abstract

Distributed Video Coding (DVC) is a recently proposed paradigm in video communication,
which ts well emerging applications such as wireless videsurveillance, multimedia sensor
networks, wireless PC cameras, and mobile cameras phoneshdse applications require
a low complexity encoding, while possibly a ording a high canplexity decoding. DVC
presents several advantages: First, the complexity can beistributed between the encoder
and the decoder. Second, the DVC is robust to errors, since iises a channel code. In DVC,
a Side Information (SI) is estimated at the decoder, using tle available decoded frames,
and used for the decoding and reconstruction of other frames

In this Ph.D thesis, we propose new techniques in order to immve the quality of
the SI. First, successive re nement of the Sl is performed dér each decoded DCT band,
using a Partially Decoded WZF (PDWZF), along with the reference frames. Moreover, in
this re nement approach an adaptive search area algorithm $ also proposed, that allows
adapting the search area to the current motion between the WZ and the reference frames,
using the PDWZF obtained after decoding the rst DCT band. Th en, a new scheme for
Sl generation based on backward, forward motion estimatios, and Quad-tree re nement
is proposed. Furthermore, in the aim of enhancing the qualiy of the decoded WZFs for
larger GOP sizes, an algorithm based on adjacent decoded frges is investigated, using
an adaptive search area and a variable block size.

Another contribution of this thesis concerns a fusion of glal and local Sl. Global
parameters are estimated at the encoder using the Scale-laviant Feature Transform
(SIFT) algorithm. These global parameters are sent to the deoder to estimate the global
Sl. Then, new methods for combining global and local motion stimations are proposed,
to further improve the Sl. In the rst approach, the di erenc es between the corresponding
blocks are used to combine the global and local SI frames. Irhe second approach, Support
Vector Machine (SVM) is used to combine the two Sl frames. In adition, algorithms are
proposed to re ne the fusion during the decoding process byxploiting the PDWZF and the
decoded DC coe cients. Furthermore, the foreground object are used in the combination
of the global and local motion estimations, using elastic coves and foreground objects
motion compensation.

Extensive experiments have been conducted showing that imgrtant gains are obtained
by the proposed techniques compared to the classical DISCOBR codec. In addition, the
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performance of DVC applying the proposed algorithms outpeforms now the performance
of H.264/AVC Intra and H.264/AVC No motion for tested sequen ces. Besides that, the
gap with H.264/AVC in an Inter IB...IB con guration is signi cantly reduced.




Resune en frarcais

Introduction

La compression est une tache essentielle dans les sysemde communication; elle vise
la eduction du volume des donrees a stocker ou a transmettre. Elle reste une etape
de traitement indispensable, malge le fait que le dcebit des eseaux continue de croitre.
Recemment, dans le rapport Cisco [[—_ll], il a ceclae que le @bit total de toutes les formes
de vicko sur IP atteindra bientd6t 86 % du tra c IP global. De plus, ce rapport montre
gu'en 2016, 12 millions de minutes de contenu viceo traversera chaque smnde le eseau.

Par consquent, la visualisation des donrees de haute qué en temps eel et le stock-
age denormes quanties de donrees dans moins d'espaceaViennent des e s majeurs.
Concernant le codage viceo nunerique, les e orts de normdisation de I'lSO/IEC MPEG-

x et de I'UIT-T H.26x sont principalement bass sur la Transfornee en Cosinus Discete
(DCT) et le codage pedictif intra-trame et inter-trame, e n vue de comprimer les quences
vickos. En plus, le Codage Viceoa Haute E cacie (HEVC) est actuellement en ceveloppe-
ment et se pesente comme un successeur du codeur H.264/AVEIEVC permet de eduire
de moite la bande passante de la viceo. Dans tous ces systnes classiques de compression
vicko, I'encodeur execute un grand nombre d'operationsa cause de letape d'estimation de
mouvement dans le codage des trames pedictives, a n d'exipiter les corelations spatiale
et temporelle. Par contre, le cecodeur utilise simplementles vecteurs de mouvement recus
pour reconstruire l'image decodee. Ce sclema de concepbn asynetrique est touta fait
adape pour certaines applications, telles que la ekvision nunerique, le ebchargement
sur des mobilesa partir de serveurs, ... etc.

Le codage viceo distribe (DVC) est une technique ecente qui permet de transmettre
des videos avec une epartition exible de la complexie de calcul entre I'encodeur et
le cecodeur. En particulier, DVC permet un encodage avec ue tes faible complexie.
Cette proprek est particulerement ineressante po ur une nouvelle classe d'applications
caracerisees par une liaison montante, telles que les@seaux de capteurs de faible puissance,
les caneras de surveillance sans | ou encore les appareitte communication mobile.

Le DVC est bas sur le teoeme de Slepian et Wolf B] :etant donrees deux sources
corekes X etY, avecY linformation adjacente, comprineea sa limite entropiq ue H (Y),
X peut étre transmise a un cebit tes proche de I'entropie conditionnelle H(XjY). Le
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codage Wyner-Ziv (WZ2) E] est une application de ce concept & cas du codage source
avec pertes.

Le codeur de DISCOVER ﬂlDS] est I'un des codeurs les plus e cees propoes pour
le DVC, et qui est base sur le sctema de Stanford Eb]. Dans ceodeur, les trames de la
fLquence viceo sont diviees en deux groupes : les tramesks et les trames WZ (WZFs).
Le groupe d'images (GOP) est & ni comme la distance entre cux trames cks consecut-
ives. Les trames cks sont directement encockes et ceceds en mode intra (H.264/AVC
intra). Pour les WZFs, une transformation DCT est pealabl ement appligLee, suivie d'une
guanti cation uniforme. Les valeurs quantiees sont ensuite spakees en plans de bits qui
sont encodes avec un code LDPCA (Low-Density Parity Check Accumulate code) ou avec
un Turbo-code. Au cecodeur, une information adjacente (S) est gereee par une interpola-
tion temporelle compense en mouvement (MCTI) [7] des tranes peedemment cecocees.
La Sl est consiceee comme une version bruiee de la WZF erodcke. Finalement, la Sl
est exploiee dans le decodeur du canal, conjointement aec les bits de parie des WZFs
obtenus par des requétes successives via un canal de retparn de reconstruire les plans
de bits, et, par conequent, la £quence video cecocke

Malge des proges consicerables ces derneres anres dans le cadre de DVC, les per-
formances cebit-distorsion (RD) restent en dea des attentes. En e et, les performances
du syseme restent tes cependantes de la qualie de la Sl gereee au decodeur. A ce but,
nous concentrons ce travail autour de l'anelioration de laSl, en proposant plusieurs ap-
proches permettant d'aneliorer les performances du DVC. les approches proposes sont
pesenees dans ce manuscrit comme suit:

Chapitre 3 - Anelioration progressive de l'information Adjacent e : Dans
ce chapitre, la nmethode propose consiste a aneliorer ierativement la Sl apes le

ctecodage de chaque sous-bande DCT. Dans ce cas, la Sl inigaest estimee en
utilisant la technique MCTI. Plus speci quement, a chaqu e itration, le decodeur

se sert de la trame WZ partiellement decocee (PDWZF), conjointement avec les
trames de etrence adjacentes, a n d'aneliorer la Sl. Pour cette dernere opgeration,

la abilie des vecteurs de mouvement est tout d'abord \er iee. Ensuite, les vecteurs
consickles comme suspects sont recalcues par une estiation de mouvement bidirec-
tionnelle. Dans ce cadre, nous proposons deux algorithmegedents pour la phase

de e-estimation des vecteurs de mouvement des blocs susgs. En n, le mode de
compensation de mouvement optimal est lectionre.

Chapitre 4 - Techniques pour l'anelioration de l'information ad jacente :
Dans ce chapitre, nous proposons trois techniques dieretes en vue d'aneliorer la
Sl, et par congquent les performances du DVC. La premereapproche visea grerer
la Sl en utilisant une estimation des vecteurs du mouvement dns les deux sens et
un ra nement quad-tree.




Ensuite, une nouvelle approche consistea adapter la ferite de recherche au mouvement
courant entre la WZF et les trames de eerence. Cette adapation est e ectlee apes

le cecodage de la premere sous-bande DCT en utilisant la BWZF et les trames de
ekrence. La Sl est enn raree apes le cecodage de ch aque sous-bande DCT en
utilisant la fenétre de recherche adapee.

Finalement, nous proposons une nouvelle approche qui cossé a e-estimer la Sl
apes le cecodage de toutes les WZFsa l'inerieur du GOP courant, en utilisant la
trame decocke et les trames pe@dente et suivante, pou une large taille de GOP (4
et 8). Plus speci quement, nous utilisons une taille variable des blocs durant cette
estimation. Cette nmethode permet d'aneliorer de facon signi cative la qualie de la
Sl et, par conequent, la qualie de la trame decocke.

Chapitre 5 - Fusion de l'estimation de mouvement globale et locale : Dans
ce chapitre, nous proposons une nouvelle nethode qui corste a combiner deux
estimations de mouvement globale et locale au decodeur, enue d'aneliorer la Sl
nale. L'estimation globale, appeke GMC SI, est ealis ee en utilisant les paranetres
d'une transformation a ne envoyes par lI'encodeur. Ces paranetres sont estines en
se basant sur un matching des composantes SIFT (Scale-Invant Feature Trans-
form) entre la trame WZ et les deux trames de ekrence. L'estimation locale est
cereee en appliquant la technique MCTI comme dans le codeur de DISCOVER.
L'approche propose visea combiner les deux estimation€<GMC Sl et MCTI Sl en
utilisant deux techniques. La premere consistea fusiomer les deux Sl en se basant
sur les dierences entre les blocs correspondants dans lalSlobale et la Sl locale.
La deuxeme technique utilise les machinesa vecteurs de gpport (Support Vector
Machine ou SVM) pour combiner I'estimation de mouvement gldale et locale.

Dans la suite, nous proposons des approches qui consisteatexploiter la PDWZF
et les coe cients DC cecocdes, an d'aneliorer la fusion d e GMC S| et MCTI SI.
Les premeres approches visenta aneliorer la combinai®n de GMC S| et MCTI SI
apes le cecodage de la premere sous-bande DCT (bande DL D'autres approches
aneliorent MCTI Sl ainsi que la fusion, apes le cecodage de chaque sous-bande
DCT.

Chapitre 6 - Fusion bage sur l'estimation des objets: Dans ce chapitre, nous
proposons une nouvelle nethode de fusion des estimationdapale et locale, base sur
I'estimation des objets dans la Sl en utilisant les objets de trames de ekrence. Tout
d'abord, nous consicerons que les objets des trames dearkence sont cep segmenes
au cecodeur et nous nous ineressonsa la combinaison du mmuvement global et local.
En premier lieu, les courbeselastiques sont utilises an d'estimer les contours des
objets dans la Sl en utilisant les courbes des objets de efence. Ensuite, les contours
estimes sont utilies a n de gererer des masques. Les pkelsa l'inerieur des masques
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Figure 1: Modules de technique MCTI.

sont electionres de MCTI Sl et les pixels du fond de la S| sot ®lectionres de GMC
Sl.

De plus, des approches bages sur l'estimation locale soappliquees aux objets des
trames de etrence, a n d'estimer les objets dans la Sl. Entre autres, la technique
MCTI est appliqiee aux objets de ekrence pour gerere r les objets dans la SI. En
se basant sur les objets estines, deux approches sont uties pour la combinaison.

Annexe: Au cebut de cette tlese, nous avons test une approche base sur les
sighaux a taux d'innovation ni, en vue d'utiliser cette ap proche dans le cadre de
DVC mono-vue et ensuite multi-vue. L'approche propose etappropree pour les
fLqguences vicko ai la relation entre les trames est une tansformation a ne. Dans
le but d'estimer les performances de cette approche, nous ams cee une fquence
vicko a partir d'un seul objet de facona ce que la relatio n entre les trames soit
une transformation a ne. Concernant les esultats obtenu s, nous avons remarqte
gue cette approche apporte un gain important pour les fqueces viceo synthetiques
contenant un seul objet. Par contre, les performances dimiment consicerablement
lorsque des equences eelles sont utiliees.

| - Interpolation Temporelle Compenge en Mouvement (MCTI ) [H

La Figure [0 montre les modules de la technique MCTI, largemenutilie dans le cadre
DVC an de gererer la Sl. Cette technique est compose de 4modules principaux.

Filtre passe-bas : Un ltre passe-bas est applige aux trames de etrence an de
eduire le bruit.

Estimation monodirectionnelle du champ : Les vecteurs de mouvement sont
estimes pour des blocs de taille 16 16, en utilisant la dierence absolue moyenne
ponceee (WMAD).

Estimation bidirectionnelle du champ : Les vecteurs de mouvement monodir-
ectionnels sont utili’es a n d'estimer, pour chaque bloc de la SI, un champ de vec-
teurs bidirectionnels. Pour cette raison, pour chaque blodans la Sl, le vecteur de
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mouvement monodirectionnel le plus proche de ce bloc est di par symnetrie et util-
i comme vecteur de mouvement bidirectionnel. En outre, meetape de ra nement
est appligiee au champ des vecteurs bidirectionnels. Enste, les blocs 16 16 sont
divies en blocs de taille 8 8 et letape de ra nement est appligLee.

Filtrage Median : Les vecteurs de mouvement bidirectionnels obtenus sont gu-
lariees en utilisant un Itrage nedian.

Compensation de mouvement bidirectionnelle : Les vecteurs de mouvement
bidirectionnels sont utilies pour la compensation du mowement a n de grerer la
Sl.

I - Anelioration Progressive de l'Information Adjacente

Dans cette section, nous cecrivons une nouvelle approcheui permet d'aneliorer progress-
ivement la S| apes le cecodage de chaque sous-bande DCT,aihs le cadre d'un syseme
de DVC dans le domaine transformee. Speci quement, la Sl initiale est estimree en util-
isant la technique MCTI et utilise pour le decodage de la preméere sous-bande DCT.
La PDWZF obtenue est exploiee a chaque ieration, conjo intement avec les trames de
ekrence, a n d'aneliorer les vecteurs de mouvement edines. La technique propose pour
I'anelioration de la Sl est compose de troisetapes: la @étection des vecteurs de mouvement
errores, la correction de ces vecteurs de mouvement et laegection du mode de compens-
ation de mouvement. L'approche propose est similairea elle expose enl[8]. Toutefois,
dans le sctema propog, la Sl est progressivement aneliee apes le cecodage de chaque
sous-bande, contrairementa l[}], al elle n'est eviee qu'apes le cecodage de toutes les
sous-bandes.

Les troisetapes principales de la methode, avec les angbrations proposes, sont plus
amplement cetailees comme suit :

Detection des vecteurs de mouvement errores : Les vectew de mouvement ne
sont pas toujours ables en pesence de mouvements comples ou rapides, ou
d'occlusions. A n d'identi er ces vecteurs suspects, la derence absolue moyenne
(MAD) est estinee pour un bloc donre entre la PDWZF et la Sl a ctuelle, et com-
paeea un seuil Ty :

MAD(PDWZF ;SI(MV )) < T, (1)

a MV =(MVx, MVy) est le vecteur de mouvement candidat. Si la condition re-
quise par lequation (L) est satisfaite, le vecteur de mouement est consicee comme
able et sera consene. Dans ce qu'on appellera l'algoritime |I, ces vecteur ables
sont seulement ra res deux fois durant le decodage des sos-bandes DCT (apes le
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ctecodage de la premere sous-bande DCT et apes le cecodge de toutes les sous-
bandes DCT), dans une petite fenétre de recherche de 2 pixels,a une pecision de
demi-pixel pes. A defaut, il est consicee commeetan t peu able et sera corrigea
letape suivante.

Correction des vecteurs de mouvement errores : Pour anebrer les vecteurs de
mouvement suspects, ces derniers sonta nouveau calcugegar une estimation de
mouvement bidirectionnelle et un criere MAD. Plus peci £ment, pour le bloc con-
sicke dans la PDWZF, le vecteur de mouvement qui minimisele MAD avec la trame

de ektrence peedente est calcue. De manere similaire, un vecteur de mouvement
entre le bloc consicee dans la PDWZF et la trame de e&r ence suivante est estine.
Ces vecteurs de mouvement bidirectionnels sont estines eatilisant I'un de deux

algorithmes | et II:

. Alg. | : Dans cet algorithme, pour chaque bloc de 8 8 pixels dans la WZF, le
vecteur de mouvement est estime dans une fenétre de rechere de 16 pixels,a une
pecision au pixel pes.

. Alg. Il : Dans cet algorithme, pour chaque bloc de 8 8 pixels dans la WZF, le
vecteur de mouvement est estime en utilisant un blocetendu de (8+n) (8+ n)
pixels,a une pecision aux deux pixels pes, dans une fetre de recherche de 16
pixels. Ensuite, le vecteur de mouvement obtenu est ra re dans une petite fenétre
de recherche de 3 pixels,a une pecision de demi-pixel pes.

Slection du mode de compensation de mouvement : L'objectide cetteetape est de
gererer une compensation de mouvement optimale en letonnant le bloc le plus
semblable au bloc courant parmi trois sources : la trame deekrence peedente
(mode BACKWARD), la trame de eErence suivante (mode FOR WARD) et la moy-
enne bidirectionnelle compense en mouvement des tramesedetrence peedente
et suivante (BIDIRECTIONAL). La slection est e ecttee ¢ omme suit:

8
% if MAD{ MADj<T>

fmode = BIDIRECTIONAL g
else if MAD;s < MAD

fmode = FORWARD g
else

fmode = BACKWARD ¢

a1 MAD ,, et MAD sont les dierences absolues moyennes entre le bloc consiel
dans la PDWZF et les blocs correspondants dans les trames defrence peedente
et suivante, respectivement, etT, constitue un seuil.
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Resultats des simulations

A n devaluer les performances du schema propos, nous aons eali® de nombreuses
simulations, en utilisant des conditions identiques a celes de DISCOVER DlE!lS] Nous
avons utili les 'quences de test 'Stefan’, 'Foreman’,'Bus’, 'Coastguard’, 'Soccer' et
'Hall' avec une esolution QCIF et unechantillonnagea 1 5 images/sec.

Le paranetre T1 joue un réle important dans notre syseme. En particulier, il determine
la complexie de notre nethode. Ainsi, pour T; = 0, on e-estime tous les vecteurs de
mouvement pour tous les blocs, méme si les vecteurs sont ds. PourT; =+ 1 , tous le
vecteurs de mouvement sont consicees comme ables et cosenes, ce qui estequivalenta
DISCOVER. Concernant le paranetre T,, l'utilisation du mode 'bidirectionnel - T, > 0"
est toujours meilleur que le mode "unidirectionnel - T, = 0" En outre, la taille du bloc
etendu (8+ n) (8 + n) peut encore aneliorer les performances, avec une augmeation
de la charge de calcul. Nous avons cetermire que les perfonances de notre syseme sont
optimales pour Ty =4, T, =5et n=4.

Les valeurs du PSNR et du cebit de VISNET II [a, Martins et al. [@], la methode
propose Alg. | et Alg. Il, par rapporta DISCOVER, sont mon tees dans le Tableaul1,
en utilisant la netrique de Bjontegaard [, pour des longueurs de GOP =2, 4 et 8. On
peut observer que les performances de notre nethode (Algét Alg. Il) sont constamment
superieuresa DISCOVER, VISNET Il [dﬂet Martins et al. [‘E], pour toutes les tailles de
GOP.

L'algorithme Alg. Il peut apporter un gain compaea l'alg orithme Alg. | pour toutes
les £quences tesees et pour toutes les tailles de GOP. Lizethode propose Alg. Il apporte
une anelioration sur les performances RD jusqua 105 dB, avec une eduction de dabit
de 1765 % par rapporta DISCOVER, pour GOP = 2. Les aneliorations sont encore plus
signi catives pour GOP = 4 et GOP = 8: jusqua 2 :19 dB avec une eduction de cebit de
32:65 %, et 302 dB avec une eduction de cebit de 41:88 % respectivement.
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Table 1: Performances RD de VISNET I1 [9], Martins et al. [10], I'Alg. | et Alg. Il pour les £quences
Stefan, Foreman, Bus, Coastguard Soccer et Hall, pour les tailles de GOP 2, 4 et 8,

compaees au codeur de DISCOVER, en utilisant la netrique de Bjontegaard.

[ Sequence | Stefan | Foreman [ Bus | Coastguard | Soccer [ Hall |
GOP =2
VISNET 11 [9] _

r (%) 3.51 -2.41 6.10 1.63 -6.59 1.56
psnr [dB] | -0.22 0.14 -0.34 -0.08 0.36 0.11
Martins et al. [10]

r (%) -5.25 -6.54 -2.69 -0.98 -9.45 -0.45
psnr  [0B] 0.33 0.40 0.16 0.05 0.54 0.03

Alg. |
r (%) -6.81 -11.11 0.12 -2.00 -14.56 -0.38
psnr  [0B] 0.43 0.69 -0.01 0.10 0.85 0.03

Alg. 1l
r (%) -14.06 -16.29 450 224 -17.65 134
psnr [dB] 0.93 1.05 0.27 0.11 1.05 0.10

GOP =4
VISNET 11 [9] _

r (%) -0.08 -9.36 2.57 -0.78 -10.01 0.88
psnr [0B] 0.00 0.53 -0.14 0.03 0.58 -0.05
Martins et al. [10]

r (%) -13.38 -16.96 -7.37 -4.26 -14.63 -1.96
psnr  [0B] 0.85 1.04 0.45 0.18 0.90 0.12

Alg. |
r (%) -17.90 -24.33 -7.99 -7.33 -20.78 -2.17
psnr [dB] 1.16 1.53 0.48 0.31 1.30 0.13

Alg. i
r (%) -27.84 -32.65 -15.82 -11.94 -25.08 -4.24
psnr  [0B] 1.93 2.19 0.99 0.52 1.61 0.27

GOP =8
VISNET 11 [9] _

r (%) -1.76 -14.05 -0.68 -8.44 -11.37 -5.36
psnr  [0B] 0.11 0.82 0.05 0.36 0.68 0.33
Martins et al. [10]

r (%) -18.36 -23.96 -12.66 -9.67 -17.68 -6.99
psnr [dB] 1.23 1.54 0.81 0.43 1.13 0.42
Alg. |
r (%) -23.02 -32.52 -14.08 -16.35 -23.12 -8.97
psnr [dB] 1.56 2.17 0.90 0.73 1.50 0.54

Alg. i
r (%) -34.13 -41.88 -22.83 -24.21 -28.16 -11.04
psnr [dB] 2.51 3.02 1.53 1.14 1.88 0.68
[1l - Techniques pour l'anelioration de l'information ad]

cente

L'estimation du mouvement dans deux sens

Dans le cadre du projet DISCOVER, la Sl est estinee par la tetinique MCTI qui s'est

aweee etre I'une des plus e caces parmi les nethodes exstantes. En revanche, nous propo-
sons une nouvelle approche qui visea aneliorer la qualié de la SI. Cette approche est base
sur deux estimations du champ de vecteurs. La gurd R montreé sctema de l'approche
propose pour la gereration de la Sl. L'algorithme commence par estimer les vecteurs de
Bo. Concernant le premier
sens, les vecteurs de mouvement sont estines de la trame detrence peedente (BRF)

mouvement dans les deux sens, pour une taille de bloBg
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Figure 2: Approche propose pour la gereration de la Sl.

Table 2: PSNR moyen de la Sl obtenue en utilisant la nethode popose (SIG) et la technique

MCTI.
S| Average PSNR [dB]

sequence || Stefan | Foreman [ Bus [ Coastguard [ Soccer | Hall
GOP = 2

MCTI 22.57 29.31 24.72 31.43 22.05 35.66

SIG 23.83 29.97 27.14 32.35 22.75 36.22
GOP =4

MCTI 21.28 27.58 23.48 29.85 20.81 34.51

SIG 22.24 28.10 25.68 30.75 21.42 35.03
GOP =8

MCTI 20.64 26.24 22.53 28.75 20.15 33.69

SIG 21.47 26.69 24.61 29.59 20.70 34.04

vers la trame de egrence suivante (FRF). Pour l'autre sens, les vecteurs de mouvement
sont estines de la FRF vers la BRF. Ensuite, chaque bloc est Vi en quatre blocs de
B:1 Bji(Bi= B—ZO) pixels et ces blocs feritent des vecteurs de mouvement eistes pour
les blocs deBy B pixels. Dans uneetape suivante, une approche Quadtree esttilise
an de slectionner, pour un bloc donre b, un vecteur de mowement parmi les vecteurs
adjacents, en se basant sur le criere MAD. La méme proedre est ieee de facon a
arrivera une taille de bloc de By; By pixels. Ensuite, parmi les deux estimations (cor-
respondant aux deux sens), le vecteur de mouvement qui minirse la MAD est retenu.
Finalement, I'estimation bidirectionnelle du champ, le |trage nedian et la compensation
de mouvement bidirectionnelle sont appligies an de gnerer la Sl en utilisant un bloc
etendu.

Le PSNR moyen de la Sl est indigqle dans le tableal12, pour la rathode propose et
la technique MCTI, pour toutes les equences et les dierentes tailles de GOP. Un gain
signi catif est obsere avec la nethode propose pour toutes les quences de test et toutes
les tailles de GOP. Le gain atteint 1,26 dB et 2 42 dB pour les quences Stefan et Bus
respectivement, pour GOP = 2.

Dans le tableau[3, nous montrons les performances RD de la riieode propose par
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Table 3: Performances RD pour les quenceStefan Foreman, Bus, Coastguard Soccer et Hall,
compaees au codeur de DISCOVER, en utilisant la netriqgue de Bjontegaard.

[ sequence || Stefan [ Foreman [ Bus [ Coastguard [ Soccer | Hall ]
GOP =2
R [%] -8.32 -3.17 -13.50 -4.22 -4.95 -1.55
psNr  [dB] 0.50 0.17 0.79 0.21 0.27 0.12
GOP =4
R [%0] -9.28 -2.66 -21.16 -11.70 -6.28 -2.76
psnrR [dB] 0.54 0.14 1.24 0.47 0.34 0.19
GOP =38
R [%] -9.06 -3.58 -22.10 -16.93 -5.67 -6.07
psnr  [dB] 0.54 0.16 1.31 0.71 033 | 032

Decoded WZF (Nine motion vectors)

Initial search area

Adapted search area

— S . =~

Figure 3: Les vecteurs de mouvement obtenus sont utilises a d'adapter la fenétre de recherche.

rapporta DISCOVER, en utilisant la netrique de Bjontegaa rd ]. La nethode propoee
permet d'aneliorer les performances pour toutes les sgances. Pour la £quence Bus, nous
arrivonsa une anelioration du PSNR de 1;31 dB par rapporta MCTI, pour GOP = 8.

Recherche de mouvement adaptative

Nous proposons une nouvelle approche qui consistea adaptéa fenétre de recherche selon
le mouvement entre la WZF et les trames de etrence, a n d'aneliorer successivement la Sl.
Au cebut, la taille de la fenétre de recherche est initialie en fonction de la distance entre
les trames de ekrence. Apes le cecodage de la premee sous-bande DCT, une PDWZF
est construite. N blocs sont slectionres dans la PDWZF en utilisant unechantillonnage

uniforme. Ensuite, les vecteurs de mouvement sont estimepour ces blocs entre la PDWZF
et la BRF (et FRF). Ces vecteurs estinmes sont utiliees a n d 'adapter la fenétre de recherche
dans les quatre directions.

La gure 8lmontre la nethode propose concernant I'adaptation de la fenétre de recher-
che. Plus peciement, les maximums des vecteurs de mouveent obtenus dans les quatre
directions sont utilises pour adapter la fenétre de recheche initiale. Ainsi, la fenétre de
recherche est adapee d'une manere conforme au mouvemercourant entre la WZF et
les trames de etrence. Finalement, la S| est anelioee apes le cecodage de chaque sous-
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Table 4: Performances RD pour les quenceStefan, Foreman, Bus, Coastguard Soccer et Hall
compaees au codeur de DISCOVER, en utilisant la netriqgue de Bjontegaard.

[ Sequence | Stefan [ Foreman | Bus | Coastguard [ Soccer [ Hall |
GOP =2
Alg. 11 [12]_

r (%) -14.06 -16.29 -4.50 -2.24 -17.65 -1.34
psnr [dB] 0.93 1.05 0.27 0.11 1.05 0.10
Proposed
r (%) 1731 16,53 491 2.28 -18.96 1.36
psnr [dB] 1.16 1.07 0.30 0.11 1.14 0.10
GOP =14
Alg. 11 [12]_

r (%) -27.84 -32.65 -15.82 -11.94 -25.08 -4.24
psnr [0B] 1.93 2.19 0.99 0.52 1.61 0.27
Proposed
r (%) -34.44 -33.88 -16.42 -12.15 -27.31 -4.27
psnr [dB] 2.51 2.30 1.03 0.53 1.78 0.27
GOP =8
Alg. 11 [12]_

r (%) -34.13 -41.88 -22.83 -24.21 -28.16 -11.04
psnr [dB] 2.51 3.02 1.53 1.14 1.88 0.68
Proposed
r (%) -41.98 -43.55 -26.13 -24.40 -31.43 -11.22
psnr [0B] 3.29 3.19 1.78 1.15 2.15 0.68

bande DCT en utilisant I'Alg. 1l, mais la fenétre de recherche adapke est utilise dans
cette approche.

Les performances RD de la nethode propose sont monteegour les ssquences Stefan,
Foreman, Bus, Coastguard, de soccer et Hall dans le tablealll, 4n comparaison avec
DISCOVER, en utilisant la netriqgue de Bjontegaard [Ei. La premere ligne repesente les
esultats de la technique peedente (Alg. 1), i.e., une fenétre de recherche constante de

16 pixels est utili’ee quelque soit la distance entre les mes de ekrence. |l est clair que
notre nethode propose permet d'atteindre un gain signi catif par rapporta DISCOVER,
en particulier pour les fquences contenant un mouvementapide, comme les fquences
Stefan et Foreman.

Pour la £quence Stefan avec une GOP = 8, Alg. Il peut atteinde un gain de 251 dB
par rapporta DISCOVER. La nethode propose permet un gai n signi catif de 3;29 dB
par rapporta DISCOVER. En outre, le temps de cecodage est mnsicerablement eduit,
méme pour des quences contenant un mouvement lent, gcéa I'adaptation de la fenétre
de recherche au mouvement courant.

Re-estimation de l'information adjacente pour un long GOP

Notons par I la WZF qu'il faut I'estimer et fy la WZF decocee. Pour GOP = 2, les
trames de etrence peedemment cecoctes T 1 et fysq sont simplement utilisees pour
estimer la Sl. Ensuite, la Sl estinee est utilie pour decoder la WZF et obtenir la WZF
cecocke . Pour GOP = 4, la gure £imontre lesetapes d'interpolation d es WZFs.

Il faut noter que la qualie de la Sl pour I est pire que celles déy 1 et l¢+1,a cause
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Figure 4: Etapes d'interpolation pour une GOP = 4.
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Figure 5: PSNR des trames cecodees pour deux GOPsa partirde la trame 113, pour la quence
Stefan, avec une taille de GOP = 8.

de la distance entre les trames de eErence. Pour cette r&on, nous proposons une nouvelle
approche qui vise a aneliorer la qualie de la S| apes le decodage de toutes les WZFs
a l'inerieur du GOP. Dans la literature, une approche | ] est propose qui consistea
appliquer la technique MCTI sur les WZFs cecockesfy 1 et fxs1 an de e-estimer la SI
pour la trame |, sans utiliser la trame cecocke .

Dans notre approche, nous proposons d‘exploiter la trame ecoceef, avec les trames
e 1 et Trar, pour estimer la Sl de la tramely 1. La méme proedure estegalement
appligiee aux trames I, 1 et Ix+1. Nous utilisons une fenétre de recherche adaptative et
une taille de bloc variable lors de I'estimation de la SI.

Dans le cas a la nethode propose est appliqiee sur les tames cecocees par DIS-
COVER, l'approche est cesigree par 'PropA'. Nous l'avons aussi appligee sur les trames
cecockes obtenues par Alg. Il. Dans ce cas, l'approche estomnee 'PropB'.

La gure Elmontre le PSNR des trames cecockes de la equene Stefan pour DIS-
COVER, la nethode propose dans ] et le PropA. La techngue propose PropA permet
d'obtenir un gain signi catif par rapporta DISCOVER et [13_]].

Les performances RD sont indigLees pour les dierentes gquences dans le tableau 5, en
comparaison avec DISCOVER, en utilisant la netrique de Bjontegaard, pour les GOPs =
2 et 4. Nous repesentons les performances de la nethode ppose dans ], la nmethode
propose PropA, I'Alg. Il et la methode propose PropB.

On remarque que l'approche propose propA apporte toujous un gain compae a
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Table 5: Performances RD pour les GOPs = 2 et 4 compaees au aeur de DISCOVER, en utilis-
ant la netrique de Bjontegaard.

[ Sequence | Stefan [ Foreman | Bus | Coastguard [ Soccer [ Hall |
GOP =4
Petrazzuoli et al. [13]

r (%) -4.49 -5.77 -5.65 -4.29 -3.20 -0.84
psnr [dB] 0.23 0.28 0.30 0.18 0.15 0.04
PropA
R (%) 17.42 2131 8.79 725 -18.45 3.96
psnr [dB] 1.00 1.07 0.43 0.30 0.88 0.23
Alg. i
r (%) -30.35 -36.96 -17.90 -12.25 -28.12 -4.92
psnr [0B] 1.91 2.19 1.00 0.52 1.59 0.29
PropB
r (%) -35.53 -39.88 -19.70 -14.78 -32.69 -6.17
psnr  [0B] 2.30 2.39 1.09 0.63 1.85 0.37
GOP =8
Petrazzuoli et al. [13]

r (%) -8.30 -12.02 -11.56 -9.38 -6.53 -2.33
psnr [dB] 0.45 0.56 0.60 0.38 0.28 0.09
PropA
r (%) -22.16 -28.01 -15.26 -13.92 -23.49 -6.91
psnr [0B] | 1.27 1.40 0.74 0.56 1.10 0.32
Alg. i
r (%) -37.80 -48.18 -26.65 -26.90 -32.82 -13.00
psnr [dB] 2.46 2.98 1.53 1.16 1.86 0.71
PropB
r (%) -44.98 -53.03 -31.44 -31.99 -39.51 -16.10
psnr  [0B] 3.07 3.38 1.83 1.40 2.26 0.87
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Figure 6: Schema de la technique propoee GMC.

DISCOVER et [E], et I'approche PropB apporte un gain compaga Alg. Il, en particulier
pour les squences contenant un mouvement rapide.

IV - Fusion de l'estimation du mouvement global et local

Cette approche consiste a combiner I'estimation du mouvenent global et local dans le
cadre de DVC. D'abord, I'estimation du mouvement local est but simplement gereee en

utilisant la technique MCTI comme dans le codeur de DISCOVER Cette Sl est appeke
MCTI SI.
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En revanche, I'estimation du mouvement global est ealige suivant un schema propose
et cecrit dans la gure @] Les points caraceristiques de la WZF et des trames de etrence
sont extraits en utilisant l'algorithme SIFT. Un algorithm e e cace est en plus appligle
a n de supprimer les points qui sont localies dans les objis en mouvement. Ensuite, ces
points caraceristiques sont utilises a n d'estimer les paranetres globaux entre la WZF et
les trames de eErence. SoientTy, et T; les transformations globales entre la WZF et les
trames de etrence peedente (BRF) et suivante (FRF) , respectivement. Les paramnetres
estimes sont encodes et envoyes au cecodeur aiTy, et T; sont respectivement appliqieesa
la BRF et FRF cecocke. Les trames transfornees sont moyenees pour obtenir la nouvelle
Sl, appekte GMC SlI.

Dans letape suivante, nous proposons une nouvelle apprde qui visea aneliorer la
S| nale en combinant GMC Sl et MCTI SI. Cette approche est bage sur les dierences
SADgmc et SADuct entre les blocs correspondants des trames de etrence openses
en mouvement, respectivement dans MCTI Sl et GMC SI. La fusio binaire de GMC Sl
et MCTI SlI, appeke 'SADbin', est ¢ nie par:

GMC SlI(b) if SAD gmc < SADwcTi

Sl(b) = .
MCTI Sl(b) otherwise

(2
Par ailleurs, une fusion lireaire de GMC Sl et MCTI SI, nommee 'SADIin', est ¢ nie

comme Ssuit;
SADpcr (GMC SI) + SAD gue  (MCTI SI)

(SADgmc + SAD yici )

Dans ce qui suit, nous proposons une nouvelle approche en vuakaneliorer la com-

Sl(b) = ®3)

binaison de l'estimation du mouvement global et local au drodeur. Dans ce but, les
machines a vecteurs de support sont utilisees pour fusiomer les MCTI SI et GMC SI.
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Chaque Sl est diviee en blocs de taille 4 4 pixels. Ces derniers sont consicees comme
appartenanta I'une de deux classes. Les variables de disitnination suivantes sont ce nies:
f1=SADgmc,f2=SAD ycti etfz =SADguc SADwmcT . Pour letape d'apprentissage,
la premere WZF est encocke et cecocke en utilisant H.264/AVC en mode Intra, comme
pour les trames cks. Cette etape consistea gererer un mockle pour la classi cation des
deux SI, de facona permettre la pediction d'une classe pour chaque bloc. La gure[4
montre le sctema de cette approche. La classe pedite esttilie pour slectionner le bloc
de MCTI Sl ou GMC SI (fusion binaire appeke 'SVMbin') pour | a SI nale comme suit:

GMC Sl ifd>0
Sl(b) = . 4
MCTI Sl otherwise
Par ailleurs, une combinaison lireaire des deux Sl par SVM fiomnee 'SVMIin') peut étre
ealie comme suit:

8
2 GMC sI ifd>T
Sl(b) = S MCTI SI if d<( T) (5)
(T+d) GMC SI;(TT d) MCTI S ifjdj T

Les valeurs du PSNR et du cebit des approches GMC, SADbin, SAlin, SVMbin,
SVMIin et Oracle par rapporta DISCOVER sont montees dans le Tableaul8, en utilisant
la metrique de Bjontegaard [Iﬂ] pour des longueurs de GOP = 24 et 8. L'approche 'Oracle’
visea estimer la limite sugerieure qui peut etre atteint e en combinant GMC Sl et SI MCTI,
en utilisant la WZF originale (cette approche n'est pas appicable en pratique). On peut
observer que les performances des approches propoges ptaifusion sont constamment
superieuresa celles de DISCOVER, pour toutes les taillesde GOP.

L'approche propose SVMIin peut apporter un gain par rappart aux autres approches,
pour toutes les equences sauf Stefan. Dailleurs, I'apgrche GMC pesente la meilleure
performance pour la £quence Stefan.

Dans ce qui suit, nous proposons quelques approches qui pegttent d'aneliorer la
fusion de GMC SI et MCTI SI durant le cecodage de la WZF. D'abord, la PDWZF est
utilisee apes le cecodage de la premere sous-bande DO pour la combinaison des deux
Sl. Cette approche, appeke 'FSPF', est simplement ce nie comme suit:

GMC SI if SGMC; < SMCTI;,

Sl(b) = .
MCTI SI otherwise

(6)
al SGMC; et SMCTI 1 repesentent respectivement les dierences entre la PDWZF et
GMC Sl et MCTI Sl apes le cecodage de la premere sous-barde DCT.

Alternativement, les coe cients DC decodes peuvent &tr e utilies avec la PDWZF pour
aneliorer la fusion de GMC Sl et MCTI Sl apes le decodage de la premere sous-bande
DCT. La gure &montre le sctema de cette approche, appeke’'DCFsPF'. Dans ce cas, la
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Table 6: Performances RD de GMC, SADbin, SADIlin, SVMbin, SVMIin et Oracle pour les
equencesStefan, Foreman, Bus et Coastguard pour les tailles de GOP 2, 4 et 8, compaees
au codeur de DISCOVER, en utilisant la netrique de Bjontegaard.

[ Method [ GMC [ SADbin [ SADlin [ SVMbin [ SVMIiin T Oracle |
GOP =2
Stefan
r (%) -23.67 -22.39 -19.69 -23.63 -23.26 -25.46
psnr  [0B] 1.64 1.54 1.33 1.65 1.62 1.80
Foreman
r (%) -8.561 -7.51 -8.71 -10.90 -11.47 -13.57
psnr [dB] 0.52 0.46 0.53 0.68 0.72 0.86
Bus
r (%) 6.14 -12.10 -9.28 -12.17 -12.75 -15.71
psnr  [0B] -0.34 0.76 0.57 0.76 0.80 1.00
Coastguard
r (%) 10.02 -4.40 -3.01 -4.90 -5.24 -7.43
psnr [dB] -0.47 0.22 0.15 0.25 0.26 0.38
GOP =4
Stefan
r (%) -42.38 -39.59 -34.48 -41.59 -40.80 -44.52
psnr [dB] 3.21 2.94 2.45 3.16 3.07 3.44
Foreman
r (%) -21.89 -15.14 -17.62 -22.59 -23.44 -28.50
psnr  [dB] 1.35 0.90 1.06 1.41 1.47 1.84
Bus
r (%) -1.09 -23.60 -20.05 -23.83 -24.59 -29.14
psnr [dB] 0.07 1.55 1.29 1.58 1.63 1.97
Coastguard
r (%) 8.53 -13.26 -11.18 -14.89 -15.49 -20.08
psnr [dB] -0.35 0.58 0.48 0.66 0.69 0.91
GOP =38
Stefan
R (%) -49.34 -46.05 -40.30 -48.27 -47.60 -51.89
psnr  [0B] 3.96 3.61 3.00 3.89 3.80 4.26
Foreman
r (%) -30.51 -20.88 -23.41 -30.36 -31.25 -36.90
psnr [dB] 1.99 1.28 1.45 1.98 2.05 2.51
Bus
r (%) -8.60 -28.23 -25.10 -28.64 -29.67 -34.63
psnr [dB] 0.54 1.97 1.71 2.01 2.09 2.49
Coastguard
R (%) -2.37 -22.47 -20.19 -25.02 -25.69 -31.72
psnr  [0B] 0.10 1.04 0.92 1.18 1.21 1.55

fusion est anelioee comme suit (Lgmc €t Lymeti sont ce nies dans Figure B):

8
Si Legmc <L e et SGMC, < SMCTI

La fusion de ce bloc est choisi de GMC Sl
sinon
si Lmct <L gme et SMCTI 1 < SGMC,
La fusion de ce bloc est choisi de MCTI Sl
sinon
La fusion de ce bloc est la moyenne de GMC Sl et SI MCTI

Dans ce qui suit, les approches proposes visenta anelier la Sl apes le decodage de
chaque sous-bande DCT. La premere approche permet de fushner GMC Sl et MCTI Sl
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Figure 8: Anelioration de la fusion en utilisant les coe ci ents DC cecocks.

en se basant sur la PDWZF comme suit;

SIh) = GMC SlI if SGMCIZ < SvcT @)
MCTI SI otherwise
al Sgmc et Sucr repesentent respectivement les dierences entre la PDWZF et GMC
Sl et MCTI SI, apes le cecodage de chaque sous-bande DCT. €tte approche est appeke
'FsPFAII'.
La seconde approche consiste tout d'aborda aneliorer MCT Sl en utilisant Alg. 11,
ensuite la fusion de GMC Sl et MCTI Sl anelioee est faite en exploitant la PDWZF

comme suit:
GMC SI if Semc, < SwicTi

Sl(b) = .
MCTI Sl i otherwise

(8)
al Sgmc, et Sucti, repesentent respectivement les dierences entre la PDWZF et GMC
S| et MCTI Sl anelioee (en utilisant Alg. 1), apes le d ecodage de chaque sous-bande
DCT. Cette approche est nomnee 'Fslter'.

Les valeurs du PSNR et du cebit des approches Alg. Il, SADbin FsPF, DCFsPF,
FsPFAIl et Fslter, par rapporta DISCOVER, sont montees d ans le TableauT, en utilisant
la metrique de Bjontegaard ], pour des longueurs de GOP =2, 4 et 8. On peut observer
que l'anelioration de la fusion apporte toujours un gain campae a la premere fusion
SADbin de GMC SI et MCTI SlI. Il est clair que l'utilisation des coe cients DC decocdes
peut apporter un gain compaea FsPF (a1 seule la PDWZF est utiliee).

La nethode propose Fslter peut permettre d'obtenir un gain signi catif par rapport
a DISCOVER et Alg. Il, pour toutes les squences et toutes les tailles de GOP. Le gain
atteint 4 ;59 dB, lorsque Alg. Il permet d'obtenir un gain de 2 51 dB, pour la quence
Stefan, avec un GOP = 8. Par ailleurs, Fslter permet une aneloration importante par
rapporta la premere fusion SADbin, en particulier pour | es squences Foreman et Stefan.

Les valeurs du PSNR et du cbit des approches Alg. Il, SADbin DCFsPF, Fsilter,
H.264/AVC Intra, H.264/AVC No motion et H.264/AVC Inter par  rapporta DISCOVER
sont montees dans le Tableau®, en utilisant la metrique de Bjontegaard ], pour des lon-
gueurs de GOP = 2, 4 et 8. On peut noter que les performances desRer s'approchent de
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Table 7: Performances RD de Alg. Il, SADbin, FsPF, DCFsPF, FPFAIl et Fslter pour les
equencesStefan Foreman, Bus et Coastguard pour les tailles de GOP 2, 4 et 8, compaees
au codeur de DISCOVER, en utilisant la netrique de Bjontegaard.

[ Method [ Alg. I [ SADbin [ FsPF [ DCFsPF [ FsPFAIl [ Fslter |
GOP =2
Stefan
R (%) -14.06 -22.39 -22.92 -23.45 -23.87 -26.51
psnr  [0B] 0.93 1.54 1.59 1.63 1.67 1.89
Foreman
r (%) -16.29 -7.51 -8.99 -12.24 -11.39 -19.68
psnr [dB] 1.05 0.46 0.55 0.77 0.71 1.30
Bus
R (%) -4.50 -12.10 -13.19 -14.23 -14.46 -15.32
psnr [dB] 0.27 0.76 0.83 0.90 0.92 0.98
Coastguard
R (%) -2.24 -4.40 -4.69 -6.07 -6.03 -7.68
psnr [dB] 0.11 0.22 0.24 0.31 0.31 0.40
GOP =4
Stefan
r (%) -27.84 -39.59 -40.55 -41.68 -42.25 -46.11
psnr [dB] 1.93 2.94 3.03 3.14 3.22 3.65
Foreman
R (%) -32.65 -15.14 -19.28 -25.28 -23.99 -38.12
psnr  [0B] 2.19 0.90 1.17 1.60 1.52 2.69
Bus
r (%) -15.82 -23.60 -25.83 -27.73 -27.74 -30.89
psnr [dB] 0.99 1.55 1.72 1.87 1.88 2.13
Coastguard
r (%) -11.94 -13.26 -14.30 -17.59 -16.57 -21.60
psnr [dB] 0.52 0.58 0.63 0.79 0.74 1.00
GOP =38
Stefan
r (%) -34.13 -46.05 -47.44 -48.99 -49.58 -53.98
psnr  [0B] 2.51 3.61 3.76 3.93 4.03 4.59
Foreman
r (%) -41.88 -20.88 -26.20 -33.21 -31.52 -47.86
psnr [dB] 3.02 1.28 1.66 2.21 2.10 3.65
Bus
r (%) -22.83 -28.23 -31.73 -34.31 -34.18 -40.40
psnr [dB] 1.53 1.97 2.25 2.47 2.48 3.04
Coastguard
R (%) -24.21 -22.47 -23.93 -28.53 -26.98 -34.51
psnr [0B] 1.14 1.04 1.12 1.37 1.29 1.74

celles de H.264/AVC Inter, et qu'elles surpassent celles d&l.264/AVC Intra et H.264/AVC
No motion, pour toutes les tailles de GOP et toutes les queces teskes.
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Table 8: Performances RD de Alg. Il, SADbin, DCFsPF, Fslter, H.264/AVC Intra, H.264/AVC No
motion, H.264/AVC Inter pour les quences Stefan, Foreman, Bus et Coastguard pour
les tailles de GOP 2, 4 et 8, compaees au codeur de DISCOVERgn utilisant la metrique
de Bjontegaard.

Method Alg. Il SADbin DCFsPF Fslter H.264/AVC H.264/AVC H.264/AVC
Intra No motion Inter
GOP =2
Stefan
r (%) -14.06 -22.39 -23.45 -26.51 -6.01 -12.10 -38.97
psnr  [0B] 0.93 1.54 1.63 1.89 0.42 0.72 3.18
Foreman
r (%) -16.29 -7.51 -12.24 -19.68 6.17 -16.77 -35.90
psnr  [0B] 1.05 0.46 0.77 1.30 -0.41 1.13 2.73
Bus
r (%) -4.50 -12.10 -14.23 -15.32 2.33 0.02 -31.23
psnr [0B] 0.27 0.76 0.90 0.98 -0.13 -0.02 2.20
Coastguard
r (%) -2.24 -4.40 -6.07 -7.68 30.18 9.92 -17.15
psnr  [0B] 0.11 0.22 0.31 0.40 -1.44 -0.49 1.04
GOP =4
Stefan
r (%) -27.84 -39.59 -41.68 -46.11 -25.40 -27.20 -58.30
psnr  [0B] 1.93 2.94 3.14 3.65 1.78 1.77 5.22
Foreman
r (%) -32.65 -15.14 -25.28 -38.12 -12.28 -30.39 -58.93
psnr [0B] 2.19 0.90 1.60 2.69 0.68 2.08 5.07
Bus
r (%) -15.82 -23.60 -27.73 -30.89 -12.18 -10.33 -49.87
psnr  [0B] 0.99 1.55 1.87 2.13 0.75 0.57 3.87
Coastguard
r (%) -11.94 -13.26 -17.59 -21.60 26.01 14.42 -35.73
psnr [0B] 0.52 0.58 0.79 1.00 -1.04 -0.64 2.06
GOP =8
Stefan
r (%) -34.13 -46.05 -48.99 -53.98 -36.34 -36.13 -61.58
psnr [dB] 2.51 3.61 3.93 4.59 2.78 2.56 5.64
Foreman
r (%) -41.88 -20.88 -33.21 -47.86 -28.48 -37.93 -67.93
psnr  [0B] 3.02 1.28 221 3.65 1.93 2.66 6.40
Bus
r (%) -22.83 -28.23 -34.31 -40.40 -27.19 -23.96 -49.98
psnr  [0B] 1.53 1.97 2.47 3.04 1.86 1.50 3.94
Coastguard
r (%) -24.21 -22.47 -28.53 -34.51 0.86 2.00 -50.31
psnr  [AB] 1.14 1.04 1.37 1.74 0.04 -0.11 3.01

V - Fusion ba®e sur |'estimation des objets

Dans cette section, nous proposons une nouvelle methode goonsistea combiner I'estimation
globale et locale en utilisant I'estimation des objets extaits. On designe par Rg et Rg
les trames de ekrence peedente et suivante, respetivement. Les objets F} et FL
(I = 1;2;::;;Ng, Ng est le nombre des objets) sont supposs étre cecp segmess dans
les trames de etrence peedente et suivante respecivement. En outre, les masques des
objets Mg et M‘F sont gereesa partir des objets extraits comme suit:
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Figure 10: GMC Sl avant et apes lelimination des defaut s (la moyenne entre les pixels des objets
et du fond estevite).

5 ( 0 ifF,(xy)=0
% Mj(x;y) = B
( 1 otherwise ©)
E i 0 ifFL(xy)=0
Mg (Xy) = _
. 1 otherwise

Ensuite, les contours sont extraits en utilisant les masque. On consicere § et L les
repesentations des contours des trames pe@dente et givante respectivement. La gure@
montre l'objet (F), le masque M) cereea partir de I'objet et le contour () de l'objet
pour la trame nunero 1 de la £quence Stefan.

En premier lieu, les objets sont utilises a n de supprimer les cefauts aux alentours des
objets dans la GMC SlI. La gure [I0 montre la GMC Sl avant et apres lelimination de cet
e et. En fait, les objets sont utilies a n deviter la moy enne entre les pixels des objets et
du fond. Dans ce cas, seuls les pixels de fond sont utilisesopr la GMC SI.

Les contours sont consicees comme etant des courbes, etes courbeselastiques|[14]
sont appliquees aux courbes des objets dans les trames defrence peedente et suivante,

L(t) et l(t), an de pedire les courbes L(t) de la SI. La gure E38 montre la courbe
peedente ti)(t) de la trame nurnrero 1 de la quence Stefan, la courbe suivae }(t) de
la trame nurero 5 et les trois courbes pedites L(t) en appliquant les courbeselastiques.

Les courbes pedites sont utiliees pour gererer le magjue M des objets de la Sl.
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Figure 11: La courbe peedente 1(t) (gauche, trame numero 1 de la £quence Stefan), la courbe
suivante  (t) (droite, trame nurrero 5) et les trois courbes estinees (t) (les courbes
intermediaires).

Ensuite, le masqueM, est utili’e an de combiner MCTI SI et GMC SI comme suit
(methode appeke 'FusElastic’):

MCTI SI( x; if Me(X;y)=1

GMC SI(x;y) otherwise

De plus, nous proposons d'appliquer la technique MCTI sur le objets de etrence an

d'estimer les objets dans la Sl. Ensuite, le masqu® yct est gereea partir des objets
estimes. En plus, I'union de tous les objets forme une trameFycr . A partir du masque
MmcTi et de la trame FMCTI, les Sl globale et locale peuvent étre cmbirees comme suit
(methode 'FOMCTI"):

F ; if M y)=1
SI(x:y) = mcTl (X;Y) | veT (x;y) (1)
GMC SI(x;y) otherwise
Alternativement, la fusion de MCTI Sl et GMC Sl par le masque MycT peut se faire

comme suit (methode 'FOMCTI2"):

MCTI SI(x;y)  if Muemi (xy) =1

. (12)
GMC SI(x;y) otherwise

SI(x;y) =

Dans ce qui suit, nous proposons une nouvelle approche quintsistea estimer les objets
dans la Sl en utilisant les objets des trames de etrencelLa gure [Zlmontre I'approche
propose pour estimer les objetsFéO,\,IC . Le masqueMromc €est ensuite gereea partir
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Figure 12: Methode proposee pour I'estimation des objets

des objetsFl,,c - Ce masque est utilie pour combiner les mouvements globadt local de
deux facons possibles. La premere nmethode consistea ombiner GMC Sl avec les objets
estimes Fromc comme suit (methode '‘BmEst’):

Fromc (X;Y) if Mromc (x;y) =1

SI(x;y) =
x:y) GMC SI(x;y) otherwise

(13)
La seconde nmethode consiste a combiner GMC Sl et MCTI Sl en tilisant M romc
comme suit (methode 'BmMCTI'):

Si(xy) = MCTI SI( x;y) if M FO'.VIC x;y)=1 (14)
GMC SI(x;y) otherwise

Les performances RD des nethodes proposes SADbin, Fuskstic, BmEst, BmMCTI,
FOMCTI et FOMCTI2 sont montees pour les dierentes £qu ences dans le tableall]9, en
comparaison avec DISCOVER, en utilisant la metrique Bjontegaard ], pour des tailles
de GOP de 2, 4 et 8.

Toutes les nethodes de fusion proposes permettent d'apprter un gain par rapport
a DISCOVER. FusElastic est superieurea SADbin pour les sequences Stefan et Foreman
avec une taille de GOP de 2 et 4, et pour toutes les quencesdest pour une taille de
GOP de 8. Le gain esta 46 dB par rapporta DISCOVER et 0 ;55 dB par rapporta
SADDbin, pour la £quence ??7?7?, avec une taille de GOP de 8. Lperte esta 0;04 dB par
rapporta SADbin pour la £quence Bus, avec une taille de GCP de 2. Les autres nethodes
de fusion apportent presque les mémes gains par rapporta 3COVER.
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Table 9: Performances RD pour dierentes equences, compees au DISCOVER, en utilisant la
nmetrique de Bjontegaard pour toutes les tailles de GOP.

[ Method | SADbin | FusElastic | BmEst | BmMCTI [ FOMCTI [ FOMCTI2 | Oracle |
GOP =2
Stefan
r (%) -17.97 -19.72 -20.06 -19.98 -20.05 -19.79 -20.38
psnr  [0B] 1.23 1.36 1.39 1.38 1.39 1.37 1.41
Foreman
r (%) -7.58 -9.65 -8.561 -9.67 -8.37 -9.70 -10.07
psnr [dB] 0.45 0.59 0.52 0.59 0.49 0.59 0.61
Bus
r (%) -12.94 -12.51 -10.25 -13.34 -10.75 -11.25 -14.51
psnr [dB] 0.79 0.75 0.61 0.80 0.64 0.68 0.87
Coastguard
r (%) -4.60 -4.32 -4.34 -4.74 -4.40 -4.33 -5.36
psnr  [0B] 0.23 0.22 0.22 0.24 0.22 0.21 0.27
GOP =4
Stefan
r (%) -40.66 -45.18 -45.73 -45.74 -45.80 -45.71 -46.42
psnr [dB] 2.93 3.38 3.42 3.44 3.44 3.45 3.51
Foreman
r (%) -15.54 -21.72 -20.91 -21.81 -20.34 -21.93 -22.41
psnr [dB] 0.90 1.33 1.25 1.32 1.19 1.33 1.36
Bus
r (%) -25.95 -25.97 -24.10 -27.45 -22.19 -23.67 -28.60
psnr  [0B] 1.60 1.57 1.41 1.67 1.34 1.40 1.78
Coastguard
r (%) -14.91 -16.48 -16.37 -16.59 -16.24 -15.70 -17.94
psnr [dB] 0.61 0.68 0.68 0.69 0.67 0.65 0.75
GOP =38
Stefan
r (%) -51.56 -55.95 -57.12 -57.04 -57.10 -56.94 -57.84
psnr  [0B] 4.05 4.60 4.72 4.72 4.73 4.72 4.83
Foreman
r (%) -22.29 -31.24 -30.09 -31.01 -29.12 -30.78 -31.80
psnr  [0B] 1.29 1.93 1.84 1.92 1.76 1.91 1.97
Bus
r (%) -32.07 -32.82 -31.58 -34.16 -27.87 -28.53 -35.50
psnr [dB] 2.04 2.07 1.97 2.19 1.72 1.74 2.31
Coastguard
r (%) -26.32 -29.50 -30.37 -29.73 -29.48 -28.19 -31.32
psnr  [0B] 1.10 1.24 1.27 1.26 1.23 1.18 1.35

VI - Conclusions

Dans le cadre de cette these, nous proposons dierentes tehniques pour aneliorer les
performances du DVC. Nous commercons par un ra nement sucessif de la Sl apes le
ecodage de chaque sous-bande DCT. Deux algorithmes sont@poss pour le ra nement
des vecteurs de mouvement. Ensuite, nous proposons une nalle approche qui permet
de cererer la Sl en se basant sur une estimation des vectegrde mouvement dans les deux
sens et sur le ra nement quad-tree. En outre, une approche véanta adapter la fenétre
de recherche apes le cecodage de la preméere sous-bandeCT est propose. Dans cette
approche, la Sl est ra ree apes le cecodage de chaque sog-bande DCT, en utilisant la
fenétre de recherche adapte. De plus, une nouvelle appche visanta e-estimer la Sl
apes le cecodage de toutes les WZFs, dans le cas d'une laggtaille de GOP, est propose.
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Par la suite, la combinaison de l'estimation globale et locke est ealise par le biais
de dierentes techniques proposes en vue d'aneliorer b Sl nale. La premere technique
permet d'exploiter les dierences entre les blocs correspndants dans les deux estimations
pour la fusion. La seconde technique visea utiliser le SVM pur combiner les deux Sls.
Ensuite, le ra nement de la fusion durant le processus de drodage est propos en utilis-
ant les coe cients DC cecockes et la PDWZF. En n, nous propo sons plusieurs nouvelles
approches qui consistenta exploiter les objets pour la corninaison de l'estimation globale
et locale. Plus speci quement, les courbeselastiques et'estimation locale des objets sont
utilisses dans ce genre de fusion.
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Chapter 1

Introduction

The task of compression is essential to communication systes, since it allows to e ciently
store or transmit data. Despite the fact that broadband networks continue to grow, a stage
of compression is always essential. Fig. 1.1 shows the exped growth of all consumer
Internet tra ¢ (Cisco report [1B|: Internet video, le char ing, Web/Email/Data, Online
gaming and Voice over IP (VoIP), in PetaBytes (PB = 10'° Bytes) per month, over the
years 2011 to 2016. The sum of all forms of IP video such as Inteet video, IP Video-on-
Demand (VoD), video les exchanged through le sharing, video-streamed gaming, and
video conferencing will ultimately reach 86 percent of totd IP tra c. Moreover, Only
Internet video (excluding le sharing and gaming) will account for 55 percent of consumer
Internet trac in 2015 (see Fig. 1.1). Besides, this Cisco report also states that every
second, 12 million minutes of video content will cross the network in 2016.

Therefore, the challenge is to visualize high quality data in real time and to store
huge amounts of data in less space. For digital video codinghe standardization e orts of
ISO/IEC MPEG-x and ITU-T H.26x are mainly based on the Discre te Cosine Transform
(DCT) and inter-frame and intra-frame predictive coding. | n addition, High E ciency
Video Coding (HEVC) is currently being studied as a successoto H.264/AVC and will
soon become an international standard. In all these standats, the encoder exploits the
spatial and temporal redundancy existing in a video sequere In this case, the encoder is
signi cantly more complex than the decoder (with a typical factor of 5 to 10 E]). This
kind of architecture is well-suited for applications where the video sequence is encoded
once and decoded many times, such as in broadcasting or videsreaming.

In the recent years, this architecture has been challengedybseveral emerging applica-
tions such as wireless video surveillance, multimedia seasnetworks, wireless PC cameras,
and mobile cameras phones. In these new applications, it isseential to have a low com-
plexity encoding, while possibly a ording a high complexity decoding.

Distributed Video Coding (DVC) is a recently proposed paradigm in video communica-
tion that ts well these scenarios, since it enables the expbitation of the similarities among
successive frames at the decoder side, making the encodesdecomplex. Consequently, the
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Figure 1.1: Growing of all consumer Internet tra c: Interne t video, le charing, Web/Email/Data,
Online gaming and Voice over IP (VolP), in PetaBytes (PB) per month, over the years
2011 to 2016.

complex tasks of motion estimation and compensation are sfied to the decoder. From
information theory, the Slepian-Wolf theorem for losslesscompression EIZ] states that it is
possible to encode correlated sources (let us call them X and) independently and decode
them jointly, while achieving the same rate bounds that can ke attained in the case of
joint encoding and decoding. The Wyner-Ziv (WZ) theorem B] extends the Slepian-Wolf
one to the case of lossy compression of X when Side InformatiqSl) Y is available at the

decoder.

Based on these theoretical results, practical implementdabns of DVC have been pro-
posed l[__éEk] The European project DISCOVER D5] came up \th one of the most
e cient and popular existing architectures. The DISCOVER c odec is based on the Stan-
ford scheme Eh]. More speci cally, the sequence images arelg into two sets of frames,
key frames (KFs) and Wyner-Ziv frames (WZFs). The Group of Pictures (GOP) of sizen
is de ned as a set of frames consisting of one KF and 1 WZFs. The KFs are independ-
ently encoded and decoded using Intra coding techniques shi@as H.264/AVC Intra mode
or JPEG2000. The WZFs are separately transformed and quantied, and a systematic
channel code is applied to the resulting coe cients. Only the parity bits are kept, and sent
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to the decoder upon request. This can be seen as a Slepian-Wobder applied to the quant-
ized transform coe cients. At the decoder, the reconstructed reference frames are used
to compute the Side Information (Sl), which is an estimation of the WZF being decoded.
In order to produce the SI, Motion-Compensated Temporal Interpolation (MCTI) [ﬂ is
commonly used. Finally, a channel decoder uses the parity fiormation to correct the Sl,
thus reconstructing the WZF. Straightforwardly, generating a more accurate Sl is very
important, since it would result in a reduced amount of parity information requested by
the decoder through the return channel. At the same time, thequality of the decoded
WZF would be improved during reconstruction.

The goal in terms of compression e ciency would be to achievea coding performance
similar to the best available hybrid video coding schemes; bt DVC has not reached the
performance level of classical inter frame coding yet. Thiss in part due to the quality of
the SI, which has a strong impact on the nal Rate-Distortion (RD) performance.

In this Ph.D. thesis, we aim at improving the estimation of the Sl by proposing di erent
approaches. First, a technique consisting in progressivelre ning the estimation of the Sl
after each decoded DCT band is proposed. Then, an adaptive aech area algorithm is
introduced. Afterwards, a new method based on backward anddrward motion estimation
for Sl generation is proposed. Finally, di erent techniques for the fusion of the global and
local motion estimations are given to derive the Sl. In more etails, the manuscript is
organized as follows:

Chapter 2 - State of the art : In this chapter, we give a brief introduction on
the video coding standards such as H.264/AVC and HEVC. Then,we describe in
detail the origins of distributed source coding and DVC. Spei cally, the PRISM,

DISCOVER (i.e. based on Stanford scheme [6]) and VISNET Il architectures a&
described, together with the MCTI technique.

Chapters 3 to 6 present the contributions of this thesis.

Chapter 3 - Successive re nement of side information generation : In this
chapter, we propose a new approach for enhancing the Sl in tresform-domain DVC.
This solution consists in progressively improving the SI ater each decoded DCT-
band. It is particularly e cient for high motion regions and in the case where KFs
are separated by a signi cant number of WZFs. We rst start by generating an Initial
Side Information (INSI) by using the backward and forward reference frames simil-
arly to the Sl generated in the DISCOVER codec (MCTI technique). The decoder
reconstructs a Partially Decoded WZF (PDWZF) by correcting the INSI with the
parity bits of the rst DCT-band. Then, the PDWZF, along with the backward and
forward reference frames, is exploited to re ne the INSI. The re nement approach
consists of three modules: Suspicious Vector Detection, Reement, Mode Selection
and Motion Compensation. More speci cally, in the module that consists in re ning
the motion vectors, we propose two di erent algorithms for enhancing the quality of




1. Introduction

the nal decoded WZF. Finally, we correct this re ned Sl with the parity bits of the
next DCT-band, and the same procedure is repeated for the dealing of all DCT
bands. Experimental results show that the proposed method bows a signi cant gain
compared to DISCOVER codec, VISNET Il codec, and previous tehniques.

Chapter 4 - Side information improvement techniques : In this chapter, we
rst propose a new scheme for Sl generation. This scheme cas$s in estimating
backward and forward motion vectors using quad-tree re nenent. Then, reliable
motion vectors are selected from the backward and forward ésnations.

Second, we propose a new method for improving the Sl using andaptive search
area, along with our successive re nement technique. In th@groposed approach, vari-
able search areas are initially set according to the tempodadistance between the
neighboring reference frames. After generating the INSI, he decoder reconstructs a
PDWZF by correcting the INSI with the parity bits of the rst D CT-band. After-
wards, the PDWZF is used to adapt the initial search area, almg with the backward
and forward reference frames. Furthermore, the adapted seeh area is used to re-
ne the INSI. Finally, the improved Sl is corrected with the p arity bits of the next
DCT-band and so on.

For large GOP sizes, it is known that the quality of the central Sl is worse than
the quality of the lateral ones, because the reference franseused for estimating the
central WZF are farther apart. The consequence is that the P8IR of the decoded
frames uctuates within the GOP. For this reason, we proposea new approach to
re-estimate the Sl using the already decoded WZF and the adjent decoded frames
(WZF or KF). During the re-estimation procedure, an adaptive search area and
a variable block size are also used. Finally, the WZFs are remstructed with an
improved quality, using the same parity bits sent during the rst step.

Chapter 5 - Fusion of global and local motion estimation : In this chapter,
we propose a new approach that consists in combining globalna local motion estim-
ation to improve the Sl. The local Sl is directly estimated usng the MCT]I technique.
For global Sl, the feature points of the reference frames andhe original WZF are
extracted by applying the Scale-Invariant Feature Transfarm (SIFT) [ algorithm.
Afterwards, the matching is carried out between the featurepoints of WZF and ref-
erence frames. Then, in order to remove the points that exisbn individual objects
of the frame (local motion), an algorithm robust to outliers is proposed. Moreover,
an a ne model is estimated between the WZF and the reference fames using the
corresponding feature points. The global parameters are s to the decoder in order
to generate the global Sl.

Furthermore, the global and local Sl frames are combined usig two approaches,
in order to improve the estimation of the Sl. The rst approach aims at using the
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di erences between the corresponding blocks in the global rd local Sl frames, in
the combination process. The second one consists in using gort Vector Machine
(SVM) to combine the two estimations. Afterwards, the decoded DC coe cients
and the PDWZF are used to improve the combination during the decoding process.
Experimental results show that the proposed techniques carachieve a signi cant
gain compared to DISCOVER codec. In addition, we show that tre performance
of the proposed methods is better than the performance of H&4/AVC Intra and
H.264/AVC No motion for several test sequences.

Chapter 6 - Fusion based on foreground objects estimation : In this chapter,
we propose new methods to combine the global and local motioestimation using
the foreground objects of the reference frames. These foremind objects are used,
in order to generate the foreground objects in the Sl frameswhile the background
pixels are directly taken from the global SI. First, we propcse a new method based
on elastic curves |L—1|4H8] in order to estimate the foregrouwhobject contours in the
S| frame. Based on the estimated contours, the fusion of thelgbal and local Sl is
performed.

Second, the MCTI technique is directly applied on the backwad and forward fore-
ground objects in order to generate the foreground objectsn the SI frame. Fur-
thermore, we propose an approach based on foreground objectotion estimation to

generate the foreground objects, using the backward and ferard foreground objects.
Based on the estimated objects, two approaches are proposéa combine global and
local motion estimations.

Furthermore, conclusions are drawn inChapter 7 , with the perspectives and the produ-
cing papers during this PhD thesis are shown inPublications

Finally, in Annex A , signals with nite rate of innovation are introduced. Furt hermore,
we show the application of such signals in DVC and prove that he utilization of these
signals in DVC can allow a gain in performance for video sequees containing xed
background, but fails when a real sequence is used.
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Chapter 2

State of the art

In this chapter, we recall the main concepts and depict the sate of the art for the thwo
topics of this thesis manuscript: video compression and Disibuted Source Coding (DSC).

We rst give a brief introduction of video coding concepts. Then, we describe the most
e cient among current standards H.264/AVC and its successa HEVC.

Afterwards, the principle of distributed source coding is described and we show the
fundamental results of the Slepian-Wolf theorem for lossles compression and Wyner-Ziv
theorem for lossy compression. Based on these theoreticasults, many practical systems
using the concept of distributed video coding (DVC) have bea developed in the recent
years. We illustrate the main architectures. We also discus the motion compensated tem-
poral interpolation technique used in DVC.
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2.1 Video Coding Concepts

The Human Visual System can form, transmit and analyze 10 12 separate images per
second and perceive them individually ]. This principleis at the basis of the video
sequence representation, since an illusion of continuitysi created if more than 12 images
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per second are shown. For this reason, a rate of capture of 1®t30 images per second is
usually considered, in order to represent a visual scene by digital video sequence. This
rate is referred to as the number of Frames per Second (FPS). S can be 60 in some
cases when the video sequence is shown on the screen.

Normally, an uncompressed digital video sequence requiresvery large bitrate. There-
fore, compression of videoi(e. reducing the number of bits used in its representation) is
necessary in practice. The compression ratio is de ned as:

Uncompressed Size

Compression Ratio = —:
P Compressed Size

2.1)

Lossless compressioElZO] of images and video is not very aant since it only gives a
moderate amount of compression. The JPEG-LS compressionabdard ] (image lossless
compression) achieves a compression ratio of 3 to 4 times. Wever, several types of data
contain statistical redundancy and can be e ectively compressed using lossless compres-
sion.

Lossy compressionEO] is necessary in order to achieve a higompression ratio for
digital video at the expense of a loss of visual quality, sine the decompressed video is
not identical to the original one. Lossy compression in vide is based on the principle of
eliminating some elements without signi cantly a ecting t he viewer's perception of visual
quality.

In image coding, spatial correlation is exploited in order b reduce the size of the image.
The spatial correlation represents the correlation among righboring samples. Commonly,
the spatial correlation is signi cant within an image. Many techniques can be used for
lossless image compression such as Run-Length Encoding (RL, Hu man coding, Arith-
metic coding, dictionary-based coding, ... etc, that also dow to exploit statistical redund-
ancy. On the other side, many methods can be used in lossy imagcompression such as:
chroma subsampling, quantization of the transformed coe cients (by applying rst a Dis-
crete Cosine Transform (DCT), a wavelet transform), ... etc. These transformations are
commonly followed by quantization and entropy encoding. DCT is very used in image and
video coding.

In a digital video sequence, correlation among successiveames is referred to as tem-
poral correlation. In general, both spatial correlation (within a speci c image) and tem-
poral correlation (among successive frames) are present envideo sequence. The temporal
correlation is often high, especially if the FPS is high andbr if the video motion is slow.
These correlations must be exploited in order to compress th video sequence. Thus, video
compression plays an important role in transmission and stoage of video data. The basic
aim of the compression process is to remove temporal and spat redundancies existing
in digital video sequences.

Two large groups called Moving Picture Experts Group (MPEG) and Video Coding
Experts Group (VCEG) have been created in order to produce vileo coding standards.
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Figure 2.1: Chronology of international image and video codhg standards

MPEG developed MPEG-1 and two successful MPEG-2|E2] and MPB-4 ] standards
for coding video and audio. These standards (MPEG-2 and MPE®&4) are widely used for
communication and storage of video sequences. The rst usedideo telephony standard
H.261 Bl] and its successor H.26 5] were developed by th@ndardization e orts of
VCEG. The two groups MPEG and VCEG created the Joint Video Team (JVT), in order
to generate the international standard H.264/AVC (also referred to as H.264/MPEG-4
Part 10) and more recently HEVC (High E ciency Video Coding) . Fig. 21 shows the
chronology of the international image and video coding stadards.

2.2 H.264/AVC Video compression

H.264/AVC is a standard for video compression 56], whie was jointly developed by
MPEG and VCEG. Nowadays, H264/AVC is one of the most commonlyused formats for
video compression and storage. Most of the basic modules of 264/AVC such as prediction,
transform, quantization and entropy encoding (except loop lIter) are present in previous

standards like MPEG1-4 and H26x, but the important changes n H.264/AVC occur in

the details of each functional module.

Fig. 222 shows an encoder block diagram of H.264/AVC. The pitures of a video se-
guence are split into the two categories of Intra-picture ard Inter-picture. The rst picture
of the sequence is coded in Intra mode. In such mode, the encedonly exploits the spatial
correlation in the picture by choosing neighboring samplego estimate a good prediction
to the current sample. On the other hand, Inter coding is basd on inter-picture temporal
prediction such as motion compensation using previously dmded pictures. In this case,
the encoder tries to estimate motion vectors and identify the reference pictures to predict
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Figure 2.3: H.264/AVC decoder

the samples of each block. In both Intra and Inter prediction the encoder computes a
residual of the prediction. This residual is de ned as the dierence between the original
samples and the predicted samples. The residual is transfored and the obtained transform
coe cients are scaled and approximated using scalar quantiation. Finally, the quantized
coe cients are entropy encoded.

Fig. shows the block diagram of an H.264/AVC decoder. Na¢ that the encoder
incorporates a model of the decoding process, since it comfis the same prediction values
that are computed in the decoder for the prediction of sampls in the current picture. Thus,
both the encoder and the decoder have the same prediction va¢s of the samples. At the
receiver, lossless decoding is rst carried out, and the sylax elements are recovered. In
particular, the quantized coe cients are inverse scaled ard inverse transformed, in order to
form the approximated residual. It also performs the predidion process using the motion
data and the reference samples. Then, it adds the approximatd residual to the prediction
of the samples. Finally, the obtained picture is fed into a ddlocking lter.
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In H.264/AVC, as in prior standards, YCbCr color space together with reducing the
sampling resolution of the Cb and Cr chroma information is ugd. Component Y is called
luma and represents brightness. Cb and Cr represent the blu€i erence and red-di erence
chroma components. The human visual system is more sensigvto luma than chroma. For
this reason, H.264/AVC typically uses (it is not mandatory and some pro les can encode
4:4:4) a 4:2:0 sampling (.e. the chroma component has one fourth the number of samples
of the luma component), with a precision of 8 bits per sample.

In practice, H.264/AVC video compression covers a large rage of applications such as
digital video broadcast, internet streaming, video on demad, etc. Furthermore, H.264/AVC
allows a signi cant bit rate reduction compared to the previous standards. In this section,
we describe the main tools of the H.264/AVC standard.

Subdivision of a picture into macroblocks and slices - Each picture of a video
sequence is split into small pictures area of 16 16 samples of the luma component
and 8x8 samples of each of the two chroma components. These alnpictures are
referred to as macroblocks. The samples of a macroblock ardtleer spatially or
temporally predicted. The prediction residual is subdivided into blocks. An integer
transform is applied to each block and the transform coe cients are quantized and
entropy coded.

A slice is a group of successive macroblocks (it may contaime or more macroblocks).
H.264/AVC supports ve slice-coding types. An | slice contains only intra-coded

macroblocks that are predicted from previously decoded saples in the same slice.
A P slice can contain inter-coded macroblocks that are predited from samples in

previously decoded pictures, as well as intra coded macrobtks and, eventually,
skipped macroblocks. A B slice contains inter-coded macrdbcks that are predicted

from previous and subsequent decoded pictures. The remaimg two slice types are
Switching P and Switching | slices, which are speci ed for e cient switching between

bit-streams coded at various bit rates.

Spatial Intra Prediction - In Intra mode, prediction samples of a block are formed
based on neighboring previously encoded and reconstructesamples. The predic-
tion process is performed for each 4 4 block (Intras 4) or 16 16 macroblocks
(Intra 16 16). 9 prediction modes for Intrag 4, 4 prediction modes for Intra;g 16 and
four modes for chroma components can be usededy mode allows the direct trans-
mission of the samples values, without prediction or transbrmation. The Intra 4 4
mode is well suited for the encoding of the picture parts withsigni cant details. On
the contrary, Intra 15 16 mode is more suited for coding smooth areas in a picture.

Fig. 2.4 shows the nine modes of 4 4 block. The samplesA-H (above) and I-M
(left) have previously been encoded and reconstructed andra available in both the
encoder and the decoder. These samples are considered asrefce samples. The
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Figure 2.4: 4 4 luma prediction modes.

samples of a 4 4 block (green block) are computed based on the sample&-M .

For mode 0, the samples are vertically extrapolated fromA, B, C and D. For mode

1, the samples are horizontally extrapolated froml, J, K and L. For mode 2, the

samples are predicted by the mean of sample&-D and I-L . In this case, all samples
in the block have the same predicted value. For modes 3 8, the predicted samples
of the block are estimated using a weighted average of the refence samplef-M .

The prediction of the samples for Intra;g 15 and chroma components operates in a
similar way.

Motion-Compensated prediction - Inter prediction in H.264/AVC estimates a
prediction of the samples in the current block using one or mee previously encoded
and decoded pictures. FiglZb shows a range of block sizes6(1 16, 16 8,8 16,
8 8,8 4,4 8and4 4)thatareincluded in H.264/AVC. These partitions give
rise to a large number of possible combinations within each @croblock. H.264/AVC
supports quarter-sample resolution in the estimation of tte motion vectors for luma
component and one-eighth-sample resolution for the chromaomponents.

Fig. Z8 illustrates multi-picture motion-compensated prediction. That is, more than

one prior coded picture can be used as reference for motiommpensated prediction
in H.264/AVC. Thus, both the encoder and the decoder have to tore the reference
pictures in a multi-frame bu er.
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Figure 2.5: Partitioning of a macroblock (top) and a sub-maagoblock (bottom) for motion-
compensated prediction.

Transform, Scaling, and Quantization - H.264/AVC standard uses three trans-
forms depending on the type of the residual data. First, a Haémard transform is
used for the 4 4 array of luma DC coe cients in intra macroblocks in 16 16 mode.
In this case, the transform matrix is de ned as:

0 1
11 1 1
11 1 1
H =
‘e %;1 101 1§
1 1 1 1

Second, a Hadamard transform for the 2 2 array of chroma DC coe cients is used.

The matrix of this transform is given by:
!
1 1

H =
2 2 1

Finally, for all other 4 4 blocks in the residual data, an integer DCT with similar
properties to that of a normal 4 4 DCT is used. The transform matrix is given by:

0 1
11 1 1
2 1 1 2
H =
eer %1 1 1 1 g
12 2 1

Since the inverse integer DCT consists in exact integer opations, inverse-transform
mismatches are avoided. In H.264/AVC, 52 values of a Quantiation Parameter (QP)
are de ned. The Quantization Step (QS) is doubled by 2 for eab increment of 6 in
the value of QP. For an input residual block X, the transformed block Y is obtained
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Figure 2.6: Multi-frame motion compensation. In addition to the motion vector, also picture refer-
ence parameters () are transmitted. The concept is also extended to B slices.

by:
Y = HXHT; (2.2)

where H is the matrix transform and HT the transpose matrix of H. The transform
coe cients are scaled and quantized depending on the seleet value of QP. Then, the
quantized coe cients are scanned in a zig-zag fashion and fuher entropy encoded.

In-Loop Deblocking Filter - Block-based coding results in visually noticeable dis-
continuities along the block boundaries due to coarse quaiation at low bit rates.
For this reason, H.264/AVC includes an adaptive deblocking Iter in the predic-
tion loop. The lter consists in reducing the blockiness without much a ecting the
sharpness of the content. As a result, the subjective qualit is signi cantly improved,
and a rate reduction of 5 10% can be achieved, at the same objective quality of
non- ltered video.

Proles and Levels - Four Proles are de ned in H.264/AVC, each supporting
a particular set of coding functions and specifying what is equired of an encoder
or a decoder that complies with the given Pro le. Fig. [Z-4 shavs the relationships
between the Pro les and the coding tools supported by the H.B4/AVC standard. It
is clear that the Baseline Pro le is a subset of the Extended PFo le, but not of the
Main Pro le.

The Baseline Pro le includes intra and inter-coding of I-slices and P-slices and en-
tropy coding with Context-Adaptive Variable-Length Codes (CAVLC). The Main
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Figure 2.7: Four Pro les in H.264.

Pro le includes support for interlaced video, inter-coding using B-slices, inter-coding
using weighted prediction and entropy coding using ContextBased Arithmetic Cod-
ing (CABAC). The Extended Pro le does not support interlace d video or CABAC,
but adds modes to enable e cient switching between coded bistreams and improved
error resilience (Data Partitioning). However, each Pro le has su cient exibility to
support a wide range of applications.

2.3 HEVC Video compression

MPEG and VCEG are currently developping a new video compressn standard called
High E ciency Video Coding (HEVC). Comparing to the actual s tandard H.264/AVC,
HEVC [E?I, ] aims at achieving a bitrate reduction of 50% with comparable image quality.
This new standard is predicted to appear in January 2013. It fiould be able to balance
computational complexity, coding e ciency, robustness to errors and delay time depending
on the application.

The HEVC standard has the same basic video coding architectie as the previous video
coding standard H.264/AVC. Its architecture is based on:

Block hybrid coding scheme - Advanced intra and inter codingmodes
Motion compensated prediction

Transform coding with high e ciency entropy coding - Contex t Adaptive Binary
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Arithmetic Coding (CABAC)

Loop lIter - Deblocking Iter or Adaptive Loop Filter (ALF)

Moreover, the major di erences between HEVC and H.264/AVC gandards are related
to:

Flexible quad-tree partitioning structure with a larger bl ock size 64 64

New partitions - Coding units, Prediction units and Transform units

2.4 Distributed Source Coding

Distributed Source Coding (DSC) is a compression paradigmdcusing on coding two or
more dependent random signals in a distributed manner. Eactsignal is independently
encoded and the bitstreams are sent to a single decoder. Theedoder aims at performing
a joint decoding, in order to exploit correlation among depedent signals.
Let X and Y be two discrete sources. For lossless coding, the encodingtes whenX

and Y are independently encoded are lower-bounded by their margal entropy:

8

SRx  H(X)

. (2.3)
"Ry H(Y)

In this case, the correlation betweenX and Y is not exploited neither at the encoder, nor
at the decoder. Thus, the total transmission rateR associated to the independent encoding
and decoding ofX and Y is given by:

R =Ry + Ry; (2.4)

where Ry and Ry are respectively the encoding rates oK and Y. On the other side, the
encoding rate, when both the encoding and the decoding of and Y are performed jointly
(Fig. 2.8), is: 8

SR H(XY)

. (2.5)
SHEXY) H(X)+ H(Y)

H (X;Y ) is the joint entropy of X and Y. In this con guration, if the source X is trans-
mitted with a rate Ry, the sourceY can be transmitted with arate Ry = H(X;Y ) Ry,
without having any loss at the decoder.

In distributed coding, the encoding of X and Y is performed independently and the
decoding is performed jointly (Fig.[Z9). From information theory, the Slepian-Wolf the-
orem for lossless codin(hZ] states that it is possible to ende X and Y independently and
decode them jointly, achieving the same rate bounds which aabe attained in the case of
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Figure 2.9: Distributed source coding paradigm.

joint encoding and decoding. This situation is showed in Figl2.10; the encoding rates can
be: 8
ZRx  H(XjY)
§Rv H(YjX) (2.6)
"R=Rx + Ry H(X;Y)
The Slepian-Wolf theorem can be considered in practical aplpations that use channel
coding. In the case of two statistically dependent sourceX and Y, Y can be considered
as a noisy version ofX . Therefore, Y can be written as follows:

Y = X +Error (2.7)

The process of encoding and decoding of is described as followsX is fed to a channel
encoder and only the generated parity information is sent tothe decoder. At the decoder,
Y is considered to be a noisy version oK . Thus, the received parity information of X is
concatenated with Y and fed into a channel decoder. This process consists in cecting
the errors in Y (the di erence between X and Y) using the parity information of X. In
this case, the encoding rate of the sourc&X can be limited between two boundaries as
follows:

H(XjY) Rx H(X) (2.8)

The Wyner-Ziv (WZ) theorem [Ei extends the Slepian-Wolf theorem to the case of
lossy compression. Figl_2 11 illustrates the basic WZ archécture. At the decoder, a Side
Information (SI) Y is estimated, in order to constitute a noi sy version of X.

The distortion D between the original information X and the decodedX ° can be
de ned as follows:

D = E[d(X; X 9] (2.9)
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Figure 2.10: Achievable rate region following the SlepianA/olf theorem.

where d is a distortion metric (such as the mean squared error). LetR;’("ﬁ(D) be the
compression rate when the Sl is available only at the decodeHowever, if the Sl is available
at both the encoder and the decoder, the compression rate isethoted asRy jy (D). In this

situation, Wyner and Ziv proved that:
RYJ(D) Rxjy(D) O (2.10)

Therefore, when the statistical dependency is exploited dly at the decoder, the minimum
rate to transmit X at the same distortion D increases compared to the case where the
statistical dependency is exploited at both the encoder andhe decoder. However, Wyner
and Ziv proved that the rate loss can be zero in the case wherX and Y are jointly
Gaussian and a mean-square distortion metric is used.

Based on these results, the authors irJBQ] demonstrated thequality in the compres-
sion rate for sequences de ned by the sum of arbitrarily distibuted S| and independent
Gaussian noise. ZamiEO] proved that the rate loss is leshan 0.5 bits per sample, when
the Sl is exploited only at the decoder side, compared to thease where both the encoder
and decoder exploit the SI.

In conclusion, for the systems that exploit the statistical dependency only at the de-
coder (to moderate the encoder complexity), the Slepian-Wih and WZ theorems prove
that it is possible to achieve the same rate as the systems whe the dependency is ex-
ploited at the encoder and the decoder. For lossy compressipthis is valid only if the two
sequences are jointly Gaussian and a mean square error distion metric is considered.
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Figure 2.11: Block diagram of the basic Wyner-Ziv codec.

2.5 Distributed Video Coding

Distributed Video Coding (DVC) is a new paradigm in video communication which is
based on the principles of DSC. The theories of Slepian-Woland WZ can be applied to
the transmission of a video sequence. The idea behind DVC isotexploit the temporal
correlation among successive frames of a video sequence retdecoding process, making
the encoding one less complex.

In video coding standards like ISO/IEC MPEG and ITU-T H.26x, motion estimation
and compensation are performed at the encoder in order to addve high rate-distortion
performance, while the decoder can directly use the receidemotion vectors to decode the
sequence. This architecture makes the encoder much more cpiex than the decoderlLI}S].
This asymmetry in complexity is well-suited for applications where the video sequence is
encoded once and decoded many times, such as broadcastingwileo-on-demand stream-
ing systems. However, some recent appllcatlon:E[bl such agreless video surveillance,
multimedia sensor networks, wireless PC cameras, and moleilcameras phones require a
low complexity encoding, while possibly a ording a high conplexity decoding.

DVC ts well these scenarios since it enables the exploitatbn of the similarities among
successive frames at the decoder side, making the encodesdecomplex. Thus, the task of
motion estimation and compensation is shifted from the encder to the decoder.

Based on Slepian-Wolf and WZ theories, practical implemerations of DVC have been
proposed in PRISM schemeﬂﬁZ] for multimedia transmissin on wireless networks using
syndrome coding. In EJB] Aaronet al. reported the rst results on a WZ coding scheme for
motion video that is useful for systems that require simple @coders but can handle more
complex decoders. In this scheme, the encoder performs saalquantization and turbo
encoding, whereas the decoder aims at executing turbo decmd) using an interpolated
version of the original WZF. Afterwards, Aaron et al. @] proposed an architecture similar
to [@], but with the major di erence of introducing transfo rm coding at the encoder. This
new scheme leads to a better coding e ciency compared ta_[33]n [gﬂ] hash information
is extracted from the WZF being encoded and sent to help the deoder in the motion
estimation task. In [@] a modi ed three dimensional recussive search block matching
is proposed to increase the accuracy of the SI. The Europeanrpject DISCOVER [EL E]
came up with one of the most e cient and popular existing architectures, which is based on
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Figure 2.12: PRISM scheme.

Stanford DVC scheme&]. More recently, VISNET Il Project developed a transform domain
WZ coding schememg] based on DICOVER codec, by adding sevémaew tools. Moreover,
Chien et al. dﬁ] proposed a DVC system with an RD-based adaptive quantiation scheme.
In this system, the RD estimation is performed at the decodermwithout adding complexity
to the encoder.

In this section, PRISM codec, DISCOVER codec, VISNET Il codec and motion com-
pensated temporal interpolation technique are described.

2.5.1 PRISM Architecture

DISCUS E_é@] is one of the rst e cient code designs invesigated in order to realize WZ

coding. The authors in @] present a theoretic study of a WZ oding scheme with Sl at the

decoder. Furthermore, they prove that a WZ system can be deveped with a minor loss in

rate-distortion performance, with respect to conventiond predictive video coding. Based
on these works, PRISM (Power-e cient, Robust, high compression, Syndrome-based Mul-
timedia coding) schemeE6BZ] is created. Encoding and deding processes of PRISM
architecture are described in this section. The scheme of #n PRISM codec is depicted in
Fig. Z12. In the PRISM scheme, the frames are divided into idcks of 8 8 pixels. The

main modules of the PRISM encoding are listed in the followiry.

Decorrelation Transform - The discrete cosine transform (DCT) is rst applied on
the 8 8 block to approximate the Karhunen-Loeve (KL) transform of the correlation
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noise innovations process between the source vector and itSlI counterpart. The
transformed coe cients are then arranged in a 1-D vector dong a zig-zag scan on
the 2-D block.

Quantization - The transformed coe cients are then quantized with a given quant-
ization step size, which is estimated according to a desiredeconstruction quality.

Classi cation -  This step consists in exploiting the correlation between tte source
and the SI, in order to classify the bit planes of the block intb three categories:
skipped bit plane, WZ encoding and entropy encoding. In PRIS/ encoder, the ref-
erence block is estimated according to the computational gaability of the encoder.
Thus, two cases for S| generation are investigated. The rstcase aims directly at
using the previous frame as Sl (No motion search). This casesisuitable for low
power encoders. The second one consists in nding the mostmilar block in the pre-
vious frame to the target block by carrying out high-complexity motion search. The
correlation between the source coe cient of the block X; (i = 1;2;:::;64) and the
coe cient of the reference block in the SI'Y; (i =1;2;:::;64) is used to estimate the
number of most signi cant bit planes of the quantized X; that can be inferred from
the Sl Y;. The selected most signi cant bit planes are not transmitted, since they will
be recovered at the decoder from the Sl. The most signi cant 6the remaining least
signi cant bit planes are WZ encoded and the least signi cart of them are entropy
encoded, since these bit planes can not be recovered from ti#d. For correlation
noise, a set of 15 thresholdsl; (i = 0;1;:::;14) and 16 classe<; (i = 0;1;:::;15)
are de ned. The index i which indicates the class of Laplacian correlation noise is
determined according to the scalar mean-squared erroE betweenX; and Y;. Thus,
CiischosenifT; 1 E<T,;.

Syndrome Encoding - As mentioned in the classi cation procedure, the least
signi cant bit planes are encoded using WZ encoding and eniwpy encoding. For
WZ encoding, the bits are encoded using the parity check maix of a linear error
correction code. The simple Bose-Chaudhuri-HocquenghenBCH) [@] block codes
are used since the length of the bitstream is small.

Hash generation - A cyclic redundancy check (CRC) checksum is used as a "sig-
nature" of the quantized codeword sequence. The CRC aims atnding the best pre-
dictor at the decoder. Note that the CRC needs to be su ciently strong so as to act
as a reliable signature for the codeword sequence. For thisason, 16 bit-checksum
is used.

The block diagram of the PRISM decoder is depicted in Figl’Z2. The encoder sends
the motion vectors when the decoder does not have to do the main search. The main
decoder modules are described.
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Figure 2.13: Stanford architecture used in this manuscript(example for GOP = 4).

Generation of Side Information (Motion Search) - The decoder generates a
set of candidates by performing a motion search. These candiates are tried one by
one to decode the received syndrome. The one that ts the hasktheck module is
selected as the best predictor.

Syndrome decoding - There are two steps in the syndrome decoding. The rst step
consists in decoding the entropy coded bit planes. The secdnone aims at nding
the closest codeword to the Sl within the speci ed coset.

Hash Check - If the checksum of the decoded block matches the transmittedhash,

the decoding is declared to be successful. Otherwise, a negandidate predictor is

obtained using the motion search module and the decoding pedure is repeated.
When the best predictor is detected, the syndrome decoding n@cess recovers the
base quantization intervals for the coe cients that are syndrome encoded.

Estimation and Reconstruction - The recovered quantized codeword sequence is
used along with the best predictor to obtain the best reconstuction of the source. The
best mean squared estimate is used from the predictor and thquantized codeword
to obtain the source reconstruction.

Inverse Transform -  The inverse zig-zag scan operation is carried out on the re-
constructed coe cients to obtain a 2-D block. Then, the inverse transform is applied
to obtain the reconstructed pixels.
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Figure 2.14: Generating the DC band (Band h) from the 4 4 DCT coe cients.

2.5.2 DISCOVER Architecture

In this section, we present the DISCOVER codecm4[|5] whose ahitecture is depicted in
Fig. Z13. The DISCOVER project came up with one of the most e cient DVC schemes,
and the most widely used as a reference in this domain. It is bged on the Stanford
schemeﬁb]. More speci cally, it is based on transform domai WZ coding. First, the video
sequence is divided into WZ frames (WZFs) and key frames (KFs The Group of Pictures
(GOP) of size n is de ned as a set of frames consisting of one KF and 1 WZFs.

The KFs are directly encoded using H.264/AVC Intra. The modules of the WZF en-
coding procedure are detailed in the following.

Transform and Quantization: First, the WZF is transformed using a 4 4 integer
Discrete Cosine Transform (DCT). The integer DCT coe cient s of the whole WZF
are then organized into 16 bands, indicated bybc with k 2 [1;16], according to their
position within the 4 4 blocks (Fig.[Z.I3). The low frequency information {.e. the
DC coe cients) are placed in the rst band k = 1, and the others coe cients are
grouped in the AC bandsk = 2;3;:::;16. Next, each DCT coe cients band k is
uniformly quantized with 2 M« levels (where the number of reserved bitd depends
on the bandk). Fig. EZI5 shows the number of levels for each band, for eighli erent
encoding rates with quantization matrices QI = 1; 2;:::; 8.

The data range for the DC coe cients band is assumed to be [§2V'max ), Thus, the
range of the n-th quantization interval using a uniform scalar quantizer is:

Ih=1[n p(n+1) ) ; (2.11)
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Figure 2.15: Various 4 4 quantization matrices (one per line) corresponding to eigt rate-distortion
points. For each QI, the number of levels is given for the 16 bads.

In this case, represents the DC quantization step and is de ned as:

=2 (Mmac M) (2.12)

where M 1 is the number of bits reserved for each quantized value of th®C band.

A dead-zone quantizer with doubled zero interval is used fothe AC coe cients. In
this case, the dynamic range [ RK,, , + RK .« ) is separately estimated for each band
b with k > 1. The quantization step is de ned as:

k — 2 er(nax

o (2.13)

where My is the number of bits reserved for each bandy with k > 1. Furthermore,
the quantization intervals are de ned as:

g [(n 1) Kk n KY  ifn< 0
IK = ) ifn=0 (2.14)
" n K: (n+1) KY ifn>0

The quantization indices n of each DCT band by are split and then organized into
M bit planes and fed to the channel encoder.

Channel encoder: The resulting quantized symbols (associated to the DCT band
h) are split into bit planes. For a given band, the bits of the same signi cance
are grouped together in order to form the corresponding bitfpane array which is
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then independently encoded using a channel encoder. The k&, also known as the
Slepian-Wolf encoder, is a rate-compatible Low Density Paity-Check Accumulate

(LDPCA) code or a turbo code. Each bit plane is successivelyefd into the channel

encoder in order to compute a separate set of parity bits, whe the systematic bits

are discarded. The parity information is then stored in a bu er and progressively
sent in chunks, upon request by the decoder, through the feetiack channel. The
encoder estimates a minimum number of accumulated syndrongeto be sent per bit

plane and per band, in order to reduce the number of accumulad syndrome requests
from the decoder. Furthermore, an 8-bit CRC sum of the encode bit plane is also

transmitted to assist the decoder in detecting residual erors.

The KFs are directly decoded using H.264/AVC Intra. The decoded KFs are used to
generate a Sl for the WZF being decoded. The modules of the deding process of the
WZF are described in the following.

Side Information Generation: The quality of the Sl has a strong impact on
the performance of DVC. Fig.[ZI6 shows all necessary interdations for a GOP
size 4. For example, during the interpolation of WZF F», the forward and backward
reference frames are KF$-o and F 4. For the interpolation of F,, the reference frames
are the KF Fq and the previously decoded WZFF». This hierarchical interpolation
order has been shown to be optimal for a GOP of size ﬂ42]. In #h DISCOVER
scheme, the frame interpolation framework is composed of o modules to obtain
high quality Sl [Eh (preceded by low-pass Itering of the reference frames in order
to improve the motion vectors reliability): forward motion estimation between the
previous and next reference frames, bi-directional motionestimation to re ne the
motion vectors, spatial smoothing of motion vectors in orde to achieve higher motion
eld spatial coherence (reduction of the number of false moibn vectors), and nally
bi-directional motion compensation. This technique is moe detailed in SectionZ.5.4.

Channel decoder: A block-based 4 4 DCT is carried out over the generated Sl in
order to obtain the DCT coe cients which can be seen as a noisyersion of the WZF
DCT coe cients. In order to model the error distribution bet ween corresponding
DCT bands of SI and WZF, the DISCOVER codec uses a Laplacian ditribution
[@,ml]. This distribution is de ned as:

f7(2) = Teizj (2.15)

wherez = WZ( x;y) Sl(x;y), (x;y) is the current position within the WZF and
is the Laplacian distribution parameter de ned as:
r

32 (2.16)
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Figure 2.16: Interpolation steps for a GOP size 4.

where 2 is the variance of the residual between the WZF and the genetad SI.
can be estimated at three levels: frame level, block level goixel level ].

In the DISCOVER codec, the Laplacian parameter is estimatedon-line at the de-
coder. Since the original WZF is not available at the decoderthe residual frame R
between the motion compensated reference frames is used tstienate the Laplacian
parameter. This residual frame is de ned as:

FRF(x + vi;y+ vy) BRF(X vy V)

R(xy) = 5

(2.17)

where FRF(x+ vy; y+ vy) and BRF(X Vy;y Vy) represent the forward and backward
motion compensated frames. The parameter is computed using the residual frame
R. Once the SI DCT coe cients and the residual statistics for a given DCT band b
are known, the Slepian-Wolf decoder corrects the bit errorausing the parity bits of
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WZF requested through the feedback channel.

Reconstruction and inverse transform: The reconstruction is performed by us-
ing the SI DCT coe cients and the decoded DCT coe cients. Let i be the decoded
guantization index and y the SI DCT coe cient. fzg;z1;::5;2;::,z2w 19 denote the
M quantizer levels. The quantization step size is = z.+1  z, since the quantiza-
tion is uniform. The reconstruction step [45] consists in canputing the expectation

R = E[X]jX 2 Bj;y], whereB; =[z;z+1) is the quantization interval corresponding

to the index i. This expectation is de ned as:

27 xf iy (xiy) dx

R = E[XjX 2 Bj;y]= Ry -
I zzi ! fxjv (Xjy)dx

(2.18)

where f y jy (xjy) is the conditional probability density function (pdf) of X given Y.
In DISCOVER codec, the Laplacian model is de ned as:

fxjv(xiy) = 5& (2.19)

where is the model parameter. Finally, X can be written as:
8

3 zi+ 1+ ify <z
1 1 _
R= y+(+;z f;)f if y 2 B; (2.20)
"oz L T e ify zia
where =y zand =z y.R= 227" when =0.0n the other side, when
'l , R approaches tone of the following values:
8 .
2z if y <z
g=_ vy if y 2 B; (2.21)
C Zin ify z+

Finally, the inverse 4 4 DCT transform is carried out, and the entire frame is
restored in the pixel domain.

2.5.3 VISNET Il Architecture

The objective of this codec is to improve the RD performance bDISCOVER. VISNET II
DVC codec B] provides the same modules as DISCOVER, but mangdvanced tools are
added. In the following, we present the new tools of this code compared to DISCOVER
codec.

Iterative Reconstruction - After decoding all DCT bands using turbo codes (as
in DISCOVER codec), the decoder reconstructs a decoded WZF sing the Sl and
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Figure 2.17: Modules of MCTI technique.

the decoded DCT coe cients. This decoded WZF has a higher quéity than the SI
and can therefore be exploited to generate again the SI with@mimproved quality [
This procedure is based on the re nement of the motion vectos and the reference
frame mode selection (backward, forward, and bidirection&prediction are allowed).
Afterwards, the reconstruction can be performed again withthe improved Sl and
higher quality frame is obtained.

Deblocking Filter - The deblocking Iter [@ is used in order to improve both
subjective and objective qualities of the WZFs. The lter is inserted in the Sl loop,
i.e. the frame generated by the lter is used as a reference in the ISgeneration
process.

2.5.4 Motion Compensated Temporal Interpolation techniqu e

The Sl is commonly generated using MCTI @7]. This techniqueis used in DISCOVER
and VISNET Il codecs Q]B]. Figure[2.1Y shows the modules dhe MCTI technique. The
frame interpolation framework is composed of four modules.

Low-Pass Filter - The backward and forward reference frames are low-pass é#red
in order to improve the motion vectors reliability and to red uce noise.

Backward Motion Estimation - A block matching algorithm is employed in order
to estimate the motion between the forward and backward refeence frames. This
stage provides a coarse estimation of the motion eld using alock size for the
matching of 16 16 pixels, within a search area $A) of 32 pixels, in 2 pixels
accuracy. Fig.[ZI8 shows the backward motion estimation.n the block matching
algorithm, the determination of the similarity between the target block b and the
shifted block by the motion vectorv  (vy;vy) 2 SA is estimated using the Weighted
Mean Absolute Di erence (WMAD) criterion, as follows:

xxrle y9<r16
16 JFR(X;y) BR(X+ v;y+ w)j(d+ kvk) (2.22)

X=Xo Y=Yo

WMAD(b ;v) =

where BR and FR are the lItered backward and forward referene frames, &o;Yo)
is the up-left pixel of the block b and is a penalty factor which allows to penalize
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Figure 2.18: Backward motion estimation.

q
the MAD by the length of the motion vector kvk =  v2 + v§. is empirically set
to 0:05. This penalty term aims at avoiding large motion vectors erors. The block
matching algorithm aims at selecting the best motion vectorV y, for the block b by

minimizing the WMAD as follows:

Vp =arg VrgigA WMAD(b ;vi) (2.23)

Bidirectional Motion Estimation - A bidirectional motion estimation algorithm
is employed to re ne the motion vectors obtained in the forward motion estimation
step. Fig[Z.I9 shows the bi-directional motion estimation pocedure. First, for each
block b in the WZF, the distances dP between the center of the block b and the
center of each motion vectorv; are computed. The motion vectorv® which gives the
smallest distance is selected for block b. Then, the bidirg@nal motion estimation
technique aims at dividing the motion vector v° towards the backward and forward
reference frames. The forward and backward motion vectorsof the block b in the
WZF are respectively taken as:u® = fvP andwP = uP = JvP.

The bidirectional motion vectors (u®, uP) are re ned within a small search range.
The block size used for the matching is initially set to 16 16 pixels, with an adaptive
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Figure 2.19: Bidirectional motion estimation procedure.

search range ASR ), in half-pixel accuracy. Let r® be the small motion vector that
must be added to the bidirectional motion vector. r® can be obtained as:

b _ ; (h-nb
r’ =arg rgnAlgR WMAD pig(b;u® + r) (2.24)

with

(l + kr k) xxrle y9<r16

WMAD g (b; 1) = e

JBRE(X + 1ry;y+r1y) FRFE(X 13y ryj
X=Xo Y=Yo

(2.25)
Then, the block size is reduced to a ner 8 8 pixels and the 8 8 blocks inherit
the bidirectional motion vectors of 16 16 blocks. Finally, the bidirectional motion
vectors of 8 8 blocks are re ned applying the same re nement procedure ofl6 16
blocks (i.e. an adaptive search range is used, in half-pixel accuracy). dte that the
nal bidirectional motion vector (after the re nement) of t he block b (8 8 pixels)
is referred to ash®.

Spatial Motion Smoothing - In order to achieve higher motion eld coherence,
spatial smoothing algorithms are used to reduce the number fofalse motion vectors.
For each block b, the spatial motion smoothing algorithm takes into account the
neighboring bidirectional motion vectors as candidates fo the block b (Fig E220).
The weighted median vector eld [@] is used to select the bidtectional motion
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vector from the candidate bidirectional motion vectors as bllows:
!

X
s =ag k:gr;]g?:::;N i1 a'”hk h'” ! (2-26)

with
1 >9(+8 )X+8
& JBRF(X + hic;y+ hy)  FRE(X  hi;y  hiy)j (2.27)

X=Xo Y=Yo

a =

where N = 9 is the number of neighboring blocks.

Bidirectional Motion Compensation - Once the nal bidirectional motion vec-
tors sP are estimated, the Sl can be interpolated using bidirectioml motion compens-
ation as follows:

8
if p+sP2SpP
§ SI(p) =FRF(p s
otherwise
ifp sP2SpP
SI(p) = BRF( p + s°)
otherwise
' Sl(p) = 2(BRF(p + s°) +FRF(p sP))
where s? and  sP are the bidirectional motion vectors associated with the paition
p = (x;y) toward the BRF and FRF respectively, and SP is de ned as:

SP=f(m;n):0<m< (M 1)andO<n< (N 1)g (2.28)
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where M and N are the dimensions of the frame.

2.6 Conclusion

Distributed video coding aims at giving the decoder the taskof exploiting the correlation
among successive frames. The major di erence with respecbtpredictive video coding is
shifting the computational load from the encoder to the decaler. In DVC, the interpolation
of the original Wyner-Ziv frame at the decoder can signi carntly impact the rate-distortion
performance.

In this chapter, we showed the main modules used in the prediore video coding
standards such as H.264/AVC. Then, the main architectures @ distributed video coding
(PRISM, DISCOVER and VISNET Il) were presented. We also explained the main steps of
the motion-compensated temporal interpolation techniqueto generate the side information.
In the upcoming chapter, we will focus on re nement techniques that aim at improving
the quality of SI generation in DVC.
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In Distributed Video Coding (DVC), the Side Information (Sl ) is commonly gener-
ated by Motion-Compensated Temporal Interpolation (MCTI) of the neighboring reference
frames at the decoder side. The Sl quality has a strong impaaobn the nal Rate-Distortion
(RD) performance of the codec. Indeed, the channel decodeooects the errors in the Si
using the parity bits sent by the encoder via the feedback chanel. Furthermore, the Sl is
used to generate the correlation noise model necessary foné decoding process. A more
accurate approximation of the true distribution of the corr elation noise (.e., the estimated
S| becomes closer to the original WZF) reduces the necessagmount of parity informa-
tion requested by the decoder through the feedback channeMoreover, the reconstruction
module in the decoder uses the Sl coe cients along with the deoded WZF coe cients to
obtain the decoded WZF. Therefore, a more accurate estimatin of the original WZF can
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also enhance the nal quality of the decoded WZF. For all the® reasons, a great import-
ance has been given to the problem of Sl estimation, which haked to many works that
aim at improving the accuracy of the Sl.

In this chapter, we present a new approach that consists of awccessive re nement
of the SlI, after the decoding of each DCT band. This approach Bows to improve the
accuracy of motion compensation between reference frames@ progressively generate a
new Sl. This new Sl is closer to the original Wyner-Ziv frame WZF). In other words,
we aim to successively exploit the available information ofthe WZF during the decoding
process, in order to improve the accuracy of the Sl. Then, thenhanced Sl is used to decode
the remaining information. Consequently, the number of reqiested bits for decoding the
remaining DCT bands can be reduced. The proposed Sl improveeant technique consists of
three steps that are applied after decoding each DCT band. Fst, we detect the suspicious
motion vectors using the available information at the decodkr. Second, we re-estimate the
motion vectors for those suspicious blocks. Third, we compte a new Sl based on three
possible modes: Backward, Forward and Bidirectional modeAt this point, we propose
two di erent algorithms that can be implemented in the block matching phase of the
re nement process.

First, in Section B, we present the existing methods usedof improving the estima-
tion of the Sl. Second, in Section 3.2, we describe the proped technique for successive
re nement of the Sl after each decoded DCT band and the corredtion noise model. Third,
experimental results are shown in Sectiof3]3. Finally, codusions are drawn in Section-3.4.

3.1 State of the art

DVC has not reached the performance level of classical inteframe coding yet. This is in
part due to the quality of the S, which has a strong impact on the nal RD performance.
Several works have been proposed in order to enhance the SinAapproach proposed by
Aaron et al. [@] consists in sending a hash of the original WE being decoded in order
to enhance the interpolation of the Sl at the receiver. The hah code for a frame block
consists of a small subset of the quantized DCT coe cients. or each block in the current
WZF, the distance between the block's hash towards that of tke corresponding block in
the previous frame is estimated at the decoder. If the meas@d distance is greater than
a threshold, the hash of the original WZ block is requested fom the transmitter. In this
system, only the previous decoded frame is used to generatbkd Sl. Therefore, it is referred
to as a low-delay system.

In [49], the authors proposed a bidirectional hash motion esmation framework by
including a coding of DCT hash with zero-motion, a combination of trajectory-based
motion interpolation with hash-based motion estimation, and an adaptive selection of the
DCT bands that are sent to the decoder to guide the estimationof the SlI.

In [@ B], solutions are proposed for SI enhancement by mging several Sl at the
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decoder using a genetic algorithm. The fusion is done basedadash information adaptively
transmitted from the encoder.

However, all these techniques demand that some additionahformation (the hash) be
sent through the channel. Other techniques for Sl improvemat exist that can avoid this
overhead. They are based on the successive re nement of thd. 3\ solution proposed by J.
Ascenso et al.|[52] for pixel domain DVC uses a motion compeaged re nement of the Sl
successively after each decoded bit plane, in order to achie a better reconstruction of the
decoded WZF. In @], the authors propose a novel DVC succese re nement approach
to improve the motion compensation accuracy and the Sl. Morespeci cally, the technique
consists in encoding each frame successively by WZ coding ofultiple layers generated
using the N-Queen sub-sampling pattern. Then, in the receier, the reconstruction of each
layer is performed to re ne the motion vectors as well as the $ during the decoding
process.

The authors in @] propose an iterative motion compensatednterpolation technique
for pixel-domain DVC. The turbo decoder is executed severatimes for decoding the cur-
rent WZF and a re ned Sl is generated each time. For each aliged block in the partially
decoded picture, the most similar block is searched for in aumber of sources (the past
frame, the future frame, the motion-compensated average dhe past and the future frame,
and the generated Sl using MCTI technique). The gain of this echnique compared to the
existing DVC codec is 015 dB in RD performance, for the rst 100 frames of the Foreman
sequence, with QCIF resolution at 30 Hz.

In [55], Adikari et al. propose a bitplane level SI re nement solution using luminarce
and chrominance information in pixel-domain DVC. This solution consists in re ning the
S| after each decoded bitplane. In|[56], Weerakkodyet al. propose a spatial-temporal
re nement algorithm for pixel-domain DVC. This approach consists in extending ]
to iteratively improve the initial SI obtained by motion ext rapolation. This comprises
interleaving the initial Sl for error estimation and aggin g, followed by de-interleaving and
lling of the agged bits with an alternate iterative use of s patial and temporal prediction
techniques. The authors in l[__5_|7] propose a technique for ungervised learning of forward
motion vectors during the decoding of a frame with referencdo its previous reconstructed
frame, based on the Expectation Maximization algorithm.

In [IE @], solutions are proposed for transform-domain D€ based on the successive
re nement of the Sl after each decoded DCT band. The method in[@] uses only the
already available Sl frame as a reference frame to further rae the Sl for decoding the
next band. More speci cally, the SI re nement consists in three modules. First, the current
reconstructed frame is used to de ne which blocks are worthwile to be selected in the Sl
for re nement. Second, the initial Sl is used as a referencerédme to nd the Sl candidates
to the selected blocks within a given window. Then, the candilate blocks are used to re ne
the Sl for decoding the next DCT band.

The authors in E] propose a solution for transform-domain D/C, which re nes the Sl
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Figure 3.1: Proposed Sl re nement procedure.

after the decoding of all DCT bands, in order to improve recorstruction. In VISNET I
codec Eb], the re nement process of the Sl is also carried ouafter decoding all DCT
bands, and a deblocking lIter is used to improve the decoded VEFs. High-order motion
interpolation has been proposed@g] in order to cope with oject motion with non-zero
acceleration. This approach consists in using more than twoeference frames to interpolate
the current WZF.

3.2 Proposed method for S| re nement

The block diagram of our proposed codec architecture is depied in Figure 3. It is based
on the DISCOVER codec Iﬂll}] The Initial SI (INSI) is rst com puted by MCTI with
spatial motion smoothing exactly as in DISCOVER codec. The IDPC parity bits of the
rst band (DC band) are then used by the turbo-decoder to correct the corresponding
DCT coe cients in INSI; the obtained decoded frame is denoted as Partially Decoded
WZF (PDWZF). Here, the two adjacent reference frames and thePDWZF are used in
order to improve the Sl interpolation using two di erent app roaches, which will be detailed
afterwards. Then, the obtained decoded frame after the rstimprovement of the INSI is
used as a new PDWZF in order to improve the Sl for decoding the axt DCT band, and
so on after each decoded DCT band.

Let Sl; be the INSI generated for decoding the rst DCT band b; and PDWZF,
the PDWZF obtained after decoding the band b;. The PDWZF ; is used to detect the
suspicious motion vectors in S{. Then, the PDWZF ; is used along with the backward and
forward reference frames to re-estimate the suspicious migin vectors. Finally, a re ned
Sl, is generated using the obtained motion vectors and used to @e®de the second DCT
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band by, and so on until decoding all DCT bands. The proposed schemef this procedure
is illustrated in Fig. 8:2]

For each WZF, NB bands are successively decoded (NB repredsrthe total number
of encoded DCT bands, which depends on the value of Quantizain Index (Ql)). Let R ;
be the necessary rate for decoding the band;blin this case, the total rate R is de ned as

follows:
XB .
R= Ri; with Ri  H(Xp,jYp,) (3.1)
i=1
where Yb‘i and Xp, represent the band b of the Sl; and of the original WZF respectively.
However, the INSI is not changed during the decoding process DISCOVER codec. In

this case, the total rate Rp)s can be estimated as follows:

B
Rois = RP®; with RP'S  H(Xp,jYy) (3.2)
i=1
where Y1 represents the INSI S}. In the proposed method, we aim at improving the SI
after decoding each DCT band. Therefore, the rate for decodig the band b is reduced
compared to DISCOVER codec R RP'®, sinceH (Xp,jYy )  H(XpjYd).

At the same time, the quality of the decoded WZF will be improved during the recon-
struction, since the quality of the nal Sl is signi cantly e nhanced compared to the INSI.
It is important to note that the reconstruction is based on th e decoded DCT coe cients
and the DCT coe cients of the SI. Therefore, an improved Sl can reduce the necessary
rate for decoding the WZF and enhance the quality of the nal decoded WZF.

The proposed scheme for SI enhancement after decoding a givéand is illustrated
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Figure 3.3: Proposed Sl re nement procedure.

in Fig. B3 It consists of three steps that use the PDWZF, alag with the forward and

backward reference frames, to improve the Sl: suspicious gtr detection based on a
matching criterion, motion vector re nement and smoothing, mode selection, and motion
compensation. In this chapter, we propose two algorithms tore ne the Sl, denoted as
Algorithms | and II. Algorithm 1 is similar to the method in [8|:|]. However, it has been
improved in such a way that the Sl is progressively re ned afer the decoding of each DCT
band. Moreover, both the matching criterion and the mode setction have been modi ed,
resulting in improved performances. In Algorithm Il, a di e rent algorithm is applied in

the motion vector re nement module.

Let MVB and MVF be the backward and forward motion vector for a block b respet
ively. These motion vectors are used to generate the INSI usg the backward and forward
reference framesMVB = MVF , since they are determined by the MCTI technique IEV].
The size of the block in MCTIl is 8 8 pixels. The proposed method consists in re ning
the MVB and MVF independently after decoding each DCT band. In this sectionthe
proposed method is described in details and the di erence eveen the two algorithms is
shown in each module.

3.2.1 \Vector Detection

In order to exploit the spatial-temporal correlations to enhance the estimated motion vec-
tors, the proposed method uses a matching criterion which i$ased on the Mean Absolute
Di erence (MAD). The MAD between the frames F 1 and F», for a block b, is de ned as:

M1k 1
M N JF1(i + Xo;] + Yo)  Fa(i + Xo;] + Yo)j (3.3)
i=0 =0

MAD( Po;F1;F2) =

where Po = ( Xg; Yo) is the coordinate of the top-left pixel for the current block b, which
hasM rows andN columns.

The motion vectors estimated by MCTI for sequences with low notion are close to
the true motion. However, false motion vectors may occur in squences with high motion
and occlusions. In order to identify suspicious vectors, te MAD is calculated between the
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PDWZF ¢ and the Sl (the last re nement of the SI) and compared to a threshold Ty:

MAD( Po; PDWZF; Slk) < Tg; (3.4)

wherePq is the top left point for the processed block b. Here, we pres# the two algorithms
based on the MAD of the block b.

Algorithm | - If the condition de ned in Eq. (84] is satis ed, the estimation is
considered to be true €.g., the motion vectors MVB and MVF for this block are
not modi ed). Otherwise, the vectors are identi ed as suspicious vectors and will be
further re ned.

Algorithm 1l - If Eq. (B4) is satis ed for the block b, the motion vectors MVB
and MVF are re ned independently within a small search area of 2 pixels. This
re nement is only applied two times during the decoding of DCT bands, the rst
time being after the decoding of the rst ban d, and the secondone after the decoding
of all DCT bands. This step consists in relaxing the symmetrc bidirectional motion
vectors constrained in MCTI and allows a small re nement of the estimated motion
vectors. Otherwise, the vectors are considered to be suspitis and will be further
re ned.

3.2.2 Motion vector re nement

In order to re ne the motion vectors that are identi ed as sus picious vectors, the PDWZF
and the reference frames are used to re-estimate the motioneectors for those selected
blocks. For the current block in the PDWZF, the block motion estimation determines,
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among all candidate blocks within a search area%) in the BRF (or FRF), the most similar
one to the current block (see Fig[34). The backward and fonard motion vectors, for the
block b in the PDWZF |, are obtained as follows:

MVX =arg Mrp/igs MAD( Po; PDWZF; XRF; MV ) (3.5)
with

MAD( Po; PDWZF ;RXF; MV ) =
1 PwmaPno1, ; o : i ;
MeN izo =0 JIPDWZF(i+ Xxo;] + yo) XRF(i+ Xo+MV x;j + yo+MV y)j
(3.6)
where MV = (MV 4;MVy) represents the candidate motion vector and XRF represents
the BRF or the FRF. MV is the backward motion vector if XRF is the BRF and the
forward motion vector if XRF is the FRF. In this module, two di erent algorithms are
carried out in order to re-estimate the motion vectors that are identi ed as suspicious
vectors. As for the motion vectors that are identi ed as being true, they are only re ned
in the second algorithm. These proposed algorithms are presited below and illustrated
in Fig. B5L.

Algorithm | :  This algorithm searches for the most corresponding block irthe XRF
(XRF is the backward or forward reference frame) within a seach area of 16 pixels in
one pixel accuracy. The obtained motion vectors are consided to be the bi-directional
motion vectors of the current block in the PDWZF .

Algorithm 11 : Even though the block size is 8 8 pixels, an extended block of
(8+n) (8+ n) pixels is considered in the block matching step of this re rement algorithm.
First, the motion vectors between the current block in PDWZF, and XRF(XRF is the
backward or forward reference frame) are re-estimated witm a search area of 16 pixels
in two pixels accuracy. The obtained motion vectors are thernre ned within a search area
of 3 pixels in half-pixel accuracy. As for the vectors that wereidenti ed as true motion
vectors, they are only re ned two times in this algorithm, within a search area of 2
pixels in half-pixel accuracy, once after decoding the rstDCT band, and another time
after decoding all DCT bands.

It can be veri ed that, in terms of the computational load, th e two algorithms almost
have the same complexity in nding the corresponding blocks

3.2.3 Motion compensation mode selection

The objective of this step is to generate a motion-compensaid estimate by selecting
the most similar block to the current block from three sources: the BRF (BACKWARD

MODE), the FRF (FORWARD MODE), and the bi-directional motio n-compensated aver-
age of the backward and forward reference frames (BIMODE). Tie decision among these
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modes is taken according to the following equations:

if MAD; MADj<T»
MODE=BIMODE
otherwise
if MAD ¢+ < MAD (3.7)
MODE=FORWARD MODE
otherwise
MODE=BACKWARD MODE

" AR/

where T, is a threshold, MADy, and MAD; are the estimated mean absolute di erences
between the current block (in PDWZFy) and the corresponding blocks (e.g. the blocks
that minimize the MAD) in the backward and forward reference frames respectively.

The re nement Sl obtained after decoding the band k is used at the WZ decoder
as a new SI for the decoding of the next band jp.1, and so forth for all bands of the
WZF being decoded. Then, after decoding all bands, a new Sl igenerated to perform the
reconstruction step and obtain the nal WZF.

3.2.4 Correlation noise model

The channel decoder (Turbo code or LDPCA code) uses the noisdistribution model
between the original WZF and the Sl in the decoding process. fie correlation noise model
can be estimated o ine or online. The o ine estimation consi sts in using the original WZF
and the Sl to determine the model parameters. Consequentlythe o ine correlation noise
model can provide the upper performance that can be achievelly the decoder. However,
it is impractical, since it requires that either the original WZF be available at the decoder
or the Sl be available at the encoder. Online correlation nade model, on the other hand,
aims at estimating the distribution parameter only using the available information at the
decoder. The commonly used methods in this contex :E}M]ae the motion compensated
residual between the reference frames to model the correliah noise.

At the beginning, the estimated motion vectors by the MCTI te chnique are used to
generate the residual frame@4] as follows:

FRF(X + MVF %;y+ MVF J) BRF(x+ MVB };y+ MVB J)

RY(x;y) = 5

(3.8)

where MVB ' = (MVB ;;MVB }) and MVF * = (MVF §;MVF {) represent the back-
ward and forward motion elds generated respectively by MCTI. The two motion elds
MVB ! and MVF ! are symmetrical (.e. MVB = MVF 1). This symmetry of the mo-
tion eld can disturb the estimation of the Sl for sequences ontaining irregular motion.
Therefore, we improve successively the accuracy of the calation noise model after each
decoded DCT band: First, the residual frame R is used for estimating the correlation noise
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Table 3.1: Rate-distortion performance gain of Alg. | for Stefan and Foreman sequences, compared
to the DISCOVER codec, for di erent values of T, (T, = 4), using Bjontegaard metric.

Alg. 1 < Tl1=4 >
[TZZO [T2:2 [T2:5 [T2:8 [nglo [T2:12
GOP =2
Stefan
r (%) 0.51 -4.92 -7.14 -7.23 -7.21 -7.25
psnr  [0B] -0.04 0.29 0.42 0.44 0.43 0.43
Foreman
r (%) -9.08 -11.79 -12.29 -12.33 -12.10 -12.14
psnr  [0B] 0.51 0.67 0.69 0.69 0.69 0.69

Table 3.2: Rate-distortion performance gain of Alg. Il for Stefan and Foreman sequences, compared
to the DISCOVER codec, for di erent values of T, (T; = 4 and n = 4), using Bjontegaard

metric.
Alg. Il < Tl=4andn=4 >
[Tzzo [T2:2 [T2:5 [T2:8 [Tzzlo [T2:12
GOP =2
Stefan
r (%) -8.29 -13.53 -15.05 -15.02 -14.95 -14.79
psnr  [0B] 0.49 0.83 0.93 0.93 0.93 0.92
Foreman
r (%) -15.37 -17.73 -18.17 -18.16 -18.16 -18.03
psnr [dB] 0.89 1.04 1.06 1.06 1.06 1.06

model to serve in the decoding of the rst DCT band. Then, a PDWZF is reconstructed
to improve the accuracy of the S| by enhancing the motion elds MVB ! and MVF *. Let
MVB 2 and MVF 2 be the backward and forward motion elds used for generatingthe
Sl, (MVB 2 and MVF 2 are computed separately). Now, the two motion elds MVB ?
and MVF 2 are not symmetrical (i.e. they have been adapted to the current motion in
the sequence using the PDWZF). These motion elds are used tgenerate a new residual
frame R?, which is used to create the correlation noise model for decling the next DCT
band. The same procedure is repeated after decoding each DCand.

3.3 Experimental results

In order to evaluate the performance of the proposed algorlims, we performed extensive
simulations, adopting the same test conditions as descriltein DISCOVER [El . test
video sequences Foreman (150 frames), Soccer (150 framespastguard (150 frames) and
Hall (165 frames) are at QCIF spatial resolution and sampledat 15 frames/sec. We also
added to the test sequences Stefan (150 frames) and Bus (7&ines).

3.3.1 Parameter tuning

The parameter T, plays an important role in the proposed method, since it detemines the
execution time of the decoding process as well as the achia/@erformance improvement.
T1 = 1 corresponds to the case where no vector is considered as aremus, which is
equivalent to the DISCOVER codec. On the other hand, whenT; = 0, all blocks are
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Table 3.3: Rate-distortion performance gain of Alg. Il for Stefan and Foreman sequences, compared
to the DISCOVER codec, for di erent values of n (T, = 4 and T, = 5), using Bjontegaard

metric.
Alg. Il < Tl=4and T2=5 >

[n=0 [ n=2]n=4n=6 [n=38

GOP =2

Stefan
r (%) -11.17 | -13.47 | -15.05 | -15.89 | -16.43
psnr [dB] 0.69 0.83 0.93 0.99 1.02

Foreman
r (%) -15.87 | -17.28 | -18.17 | -18.45 | -18.32
psnr [dB] | 0.91 1.01 1.06 1.09 1.08

Table 3.4: Rate-distortion performance gain of Alg. | for Stefan and Foreman sequences, for GOP
sizes of 2 and 8, compared to the DISCOVER codec, for di erentvalues of T; (T, =5),
using Bjontegaard metric.

Alg. 1 -T2 =5
[T1:O [T1:2 [T1:4 [T1:6 [T1:8 [T1:10 [T1=12
GOP =2
Stefan
r (%) -5.51 -6.05 -7.14 -8.07 -7.74 -7.02 -6.03
psnr  [0B] 0.32 0.36 0.42 0.48 0.46 0.41 0.35
Foreman
r (%) -10.60 -12.11 -12.29 -10.30 -8.34 -6.79 -5.40
psnr  [0B] 0.58 0.68 0.69 0.58 0.46 0.37 0.29
GOP =8
Stefan
r (%) -24.34 -24.50 -25.23 -25.27 -24.38 -22.86 -20.96
psnr [0B] 1.45 1.48 1.53 1.52 1.46 1.35 1.23
Foreman
r (%) -38.76 -39.63 -37.82 -33.35 -28.85 -24.15 -20.58
psnr  [0B] 2.21 2.29 2.14 1.84 1.54 1.26 1.04

Table 3.5: Rate-distortion performance gain of Alg. Il for Stefan and Foreman sequences, for GOP
sizes of 2 and 8, compared to the DISCOVER codec, for di erentvalues of T; (T, =5
and n = 4), using Bjontegaard metric.

Alg. Il < T2=5andn=14 >
[T1:0 [T1:2 [T1:4 [T1:6 [T1:8 [T1:10 [T1:12
GOP =2
Stefan
r (%) -14.85 -15.03 -15.05 -14.64 -13.94 -13.24 -12.70
psnr [dB] 0.92 0.93 0.93 0.90 0.86 0.82 0.78
Foreman
r (%) -18.32 -18.48 -18.17 -17.62 -17.35 -16.97 -16.74
psnr  [0B] 1.07 1.09 1.06 1.03 1.00 0.98 0.96
GOP =8
Stefan
r (%) -37.85 -37.99 -37.80 -36.91 -35.89 -34.69 -33.55
psnr [0B] 2.47 2.48 2.46 2.39 2.30 2.21 2.13
Foreman
r (%) -48.86 -48.86 -48.18 -46.92 -46.08 -45.18 -44.43
psnr [dB] 3.06 3.06 2.98 2.87 2.79 2.71 2.64

considered as erroneous and will be re ned after each decodd®CT band. Moreover, the
size of the extended block (8 +n) (8 + n) can further improve the performance, at the
cost of an increase in the decoding computational load.

As for the parameter T,, Tables[3.1 and[3.2 show the RD performance gain of the
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Figure 3.6: Visual result of the Sl estimated by MCTI, and the nal Sl obtained by the proposed
algorithms Alg. | and Alg. Il, for frame number 85 of Foreman sequence, for a GOP
size of 8 (QI = 8).

proposed algorithms | and Il respectively, for di erent values of T,, with respect to DIS-
COVER codec. T; is set to 4 for the two algorithms, and n is set to 4 for Alg. Il. As we
can see, the mode 'bidirectional T2 > 0)'is better than the mode 'unidirectional ( T, = 0)".
However, as the value of this parameter has a limited incidece on the RD performance
improvement, it was set to T, = 5 in our simulations.

Concerning the parametern that determines the size of the extended block in Alg. I,
we show in Table[3.3 the RD performance of the proposed Alg. Ifor di erent values of
n. In these simulations, T1 and T, are set to 4 and 5 respectively. It is clear that the RD
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Table 3.6: Average PSNR of the INSI estimated by MCTI technique and the nal Sl obtained by
the proposed algorithms, for a GOP size equal to 2, 4 and 8 (QI =8).

[ Sequence | Stefan | Foreman [ Bus | Coastguard [ Soccer [ Hall ]

GOP =2

MCTI [dB] 22.78 29.38 25.37 31.47 22.13 35.81

Alg. | [dB] 25.66 33.46 | 27.29 32.23 20.65 | 36.62

Alg. 11 [dB] 26.61 34.45 27.78 32.35 29.53 36.84
GOP = 4

MCTI [dB] 21.44 27.64 24.00 29.91 20.87 34.64

Alg. | [dB] 25.14 32.66 26.77 31.14 28.79 35.95

Alg. 11 [dB] 25.97 33.63 27.33 31.49 28.66 36.10
GOP =8

MCTI [dB] 20.78 26.29 22.95 28.82 20.20 33.68

Alg. | [dB] 24.83 32.03 | 26.17 30.49 28.32 | 35.38

Alg. 11 [dB] 25.63 32.93 26.69 30.88 28.19 35.49

performance forn > 0 (an extended block is used) is better than the RD performane
for n = 0. Furthermore, the RD performance for n =4, n = 6 and n = 8 is almost the
same. On the other side, the computational load of the decodig process is much higher
for n = 8. For this reason, we have seth = 4 in the rest of the simulations.

For the important parameter T1, Tables[3.2 and [3.5 show the RD performance of the
proposed algorithms Alg. | and Alg. Il respectively. It is clear that the performance tends
to be similar for T; = 0, T = 2 and T1 = 4, but it decreases starting at Ty > 4. This
means that fewer blocks tend to be selected for the re-estint@n. Consequently, in the
simulations, we have set the valuesl; = 4, along with T, =5 and n = 4, because of the
high performance gain and the low computational load achiegd for these values.

3.3.2 S| assessment

Fig. shows the visual result of the SI for frame number 85 foForeman sequence, for a
GOP size of 8 (Ql = 8). The Sl obtained by MCTI technique has a poor quality, as shown
in this gure (top-right - PSNR = 16 :78 dB). On the contrary, the successive re nement of
the Sl after decoding each DCT band can signi cantly enhancehe quality of the SI. The
nal Sl frames obtained by the proposed algorithms Alg. | and Alg. |l are signi cantly
improved compared to the INSI estimated by MCTI technique.

Table [3.8 shows the average PSNR of the Sl obtained with the MTI technique and
the nal Sl obtained by the proposed techniques Alg. | and Alg. Il, for di erent sequences
and di erent GOP sizes. The successive re nement of the Sl byapplying Algorithms | and
[l can signi cantly improve the quality of the SI.

3.3.3 RD performance assessment of the proposed methods

Fig. B.7 shows the visual results of the decoded frames obtaéd by di erent methods, for
frame number 125 of Foreman sequence, for a GOP equal to 8. Thieecoded frame obtained
by DISCOVER codec contains block artifacts. On the contrary, the decoded frame obtained
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» "DISCOVER"
Original frame (125) < Rate = 62.71 Kbits - PSNR = 34.78 dB >

111111 1 i i R,

"Alg.I" "Alg.II"
< Rate = 43.46 Kbits - PSNR = 37.74 dB > < Rate = 39.38 Kbits - PSNR = 39.04 dB >

Figure 3.7: Visual results of the decoded frames that are olatined by the proposed methods (Alg.
I and 1) and DISCOVER codec, for frame number 125 of Foreman squence.

by the proposed algorithm Alg. | has a better quality(up to 3 dB improvement), with less
requested bits (from 6271 Kbits down to 43:46 Kbits). Moreover, the proposed algorithm
Alg. 1l allows a signi cant enhancement compared to the DISCOVER codec. The gain is
up to 4:26 dB with a bit reduction of 37 % (the rate decreases from 621 Kbits down to
39:38 Kbits).

The RD performance of the proposed algorithms Alg. | and Alg.ll, along with those of
VISNET Il codec [a] and Martins et al. [@], are shown in Table[3Y, for Stefan, Foreman,
Bus, Coastguard, Soccer and Hall sequences, with di erent GP sizes (2, 4 and 8), in
comparison to DISCOVER codec, using Bjontegaard metricﬂ]t

The rst proposed algorithm (Alg. 1) respectively gives a gain of up to 0:43, 069,
0:01, @1, 0:85 and Q03 dB and an average rate reduction of 81, 1111, 012, 2, 1456
and 0:38 % for Stefan, Foreman, Bus, Coastguard, Soccer and Hall geences, compared
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Table 3.7: Rate-distortion performance gain of VISNET Il codec [9], Martins et al. [10], Alg. | and
Alg. Il for Stefan, Foreman, Bus, Coastguard Soccer and Hall sequences, for GOP sizes
of 2, 4 and 8, compared to DISCOVER codec, using Bjontegaard etric.

[ Sequence | Stefan | Foreman [ Bus | Coastguard | Soccer [ Hall |
GOP =2
VISNET 11 [9] _

r (%) 3.51 -2.41 6.10 1.63 -6.59 1.56
psnr [0B] | -0.22 0.14 -0.34 -0.08 0.36 0.11
Martins et al. [10]

r (%) -5.25 -6.54 -2.69 -0.98 -9.45 -0.45
psnr  [0B] 0.33 0.40 0.16 0.05 0.54 0.03

Alg. |
r (%) -6.81 -11.11 0.12 -2.00 -14.56 -0.38
psnr  [0B] 0.43 0.69 -0.01 0.10 0.85 0.03

Alg. 1l
r (%) -14.06 -16.29 450 224 -17.65 134
psnr [dB] 0.93 1.05 0.27 0.11 1.05 0.10

GOP =4
VISNET 11 [9] _

r (%) -0.08 -9.36 2.57 -0.78 -10.01 0.88
psnr [0B] 0.00 0.53 -0.14 0.03 0.58 -0.05
Martins et al. [10]

r (%) -13.38 -16.96 -7.37 -4.26 -14.63 -1.96
psnr [dB] 0.85 1.04 0.45 0.18 0.90 0.12

Alg. |
r (%) -17.90 -24.33 -7.99 -7.33 -20.78 -2.17
psnr [dB] 1.16 1.53 0.48 0.31 1.30 0.13

Alg. i
r (%) -27.84 -32.65 -15.82 -11.94 -25.08 -4.24
psnr  [0B] 1.93 2.19 0.99 0.52 1.61 0.27

GOP =8
VISNET 11 [9] _

r (%) -1.76 -14.05 -0.68 -8.44 -11.37 -5.36
psnr  [dB] 0.11 0.82 0.05 0.36 0.68 0.33
Martins et al. [10]

r (%) -18.36 -23.96 -12.66 -9.67 -17.68 -6.99
psnr [dB] 1.23 1.54 0.81 0.43 1.13 0.42
Alg. |
r (%) -23.02 -32.52 -14.08 -16.35 -23.12 -8.97
psnr [dB] 1.56 2.17 0.90 0.73 1.50 0.54

Alg. i
r (%) -34.13 -41.88 -22.83 -24.21 -28.16 -11.04
psnr [dB] 2.51 3.02 1.53 1.14 1.88 0.68

to the DISCOVER codec, with a GOP size of 2. The gains become nmre important for
larger GOP sizes. It is clear that the performance of the algathm Alg. | is better than
DISCOVER for all GOP sizes.

Moreover, the second algorithm (Alg. Il) can achieve a gain 6up to 0:93, 105, 027,
0:11, 105 and Q1 dB and an average rate reduction of 146, 1629, 45, 2:24, 1765 and
1:34 % for Stefan, Foreman, Bus, Coastguard, Soccer and Hall geences, compared to
the DISCOVER codec. The algorithm Alg. Il always allows a gan with respect to the
algorithm Alg. 1. It is clear that the gain in RD performance i ncreases with the GOP length.
In this case, classical interpolation techniques for S| gegration become less e ective.

The proposed algorithm Alg. Il allows a signi cant gain of 3:02 dB for Foreman se-
guence compared to DISCOVER codec, for a GOP size of 8. Moreey, the performance of
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Figure 3.8: Percentage of re ned blocks after decoding the B band for Soccer and Foreman se-
guences with a GOP size 2.

the proposed algorithms is better than both VISNET Il codec E] and Martins et al. dﬂ]
for all test sequences.

For sequences containing slow motion such as Coastguard artdhll, the gains between
the proposed algorithms and the DISCOVER codec are smallerrad range between @03
and 114 dB.

Fig. B8 indicates the percentage of re ned blocks, that is,the percentage of blocks
that are identi ed as having suspicious motion vectors, in ane execution of the re nement
procedure after decoding the DC band, for Soccer and Foremasequences, with a GOP
size equal to 2. It is clear that the percentage of re ned bloks increases with the motion
level within the video sequence. For the Foreman sequencehe percentage tends to zero
due to the low motion at the end of the sequence.

In Fig. we show the average rate and the average PSNR of hDISCOVER codec
and the proposed algorithms Alg. | and Alg. Il for Foreman sealence, for a GOP size of 8
(QI = 8). The proposed algorithms allow a reduction in the rate compared to DISCOVER
codec for all test sequences. At the same time, the quality ahe decoded frames is improved
compared to DISCOVER codec. The proposed algorithm Alg. Il kads the best performance
(i.e., the highest quality of the decoded frames at the lowest bit ate).

Figs [3.10 and[3.Ill show the RD performance of DISCOVER codethe proposed al-
gorithms, H.264/AVC Intra and H.264/AVC No motion for all te st sequences, for GOP
sizes of 2 and 8. The dierence between the performance of DISOVER codec and
H.264/AVC No motion is up to 1:15 dB for Foreman sequence for a GOP size 2. In
this case, the proposed algorithm can achieve the same perfoance as H.264/AVC No
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Figure 3.9: Average rate (Kbps) and PSNR (dB) of DISCOVER and the proposed algorithms, for
all test sequences, for a GOP size of 8 (Ql = 8).

motion, whereas the performance of DISCOVER codec is closetH.264/AVC Intra. For
a GOP size 8, the proposed algorithm (Alg. Il) gives a gain up b 0:15 dB compared to
H.264/AVC No motion. For some sequences, the proposed algithm Alg. Il leads to the
best RD performance, and for the other sequences, the proped algorithm can reduce the
gap between DISCOVER codec and H.264/AVC No motion.

In Fig. B 12, we show the performance of DISCOVER codec and Al Il for all GOP
sizes and for all test sequences. For the Foreman sequencégtperformance loss, using
DISCOVER codec, exceeds :b dB, when the GOP size increases from 2 to 4 and from
4 to 8. In our proposed algorithm, this loss is less than A dB, when the GOP size
increases from 2 to 4, and less than:@ dB between the GOP sizes 2 and 8, despite a
big di erence of 3 dB in the case of DISCOVER codec. For all tes sequences, the gap
between the performances for di erent GOP sizes is also sigrantly reduced compared
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Figure 3.10: RD performance of DISCOVER, proposed algoritms, H.264/AVC Intra and
H.264/AVC No motion for GOP sizes of 2 and 8, for Stefan, Forenan and Bus se-
quences.
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Figure 3.11: RD performance of DISCOVER, proposed algoritms, H.264/AVC Intra and
H.264/AVC No motion for GOP sizes of 2 and 8, for Coastguard, $ccer and Hall

sequences.
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It can be concluded that the performance gains are more subahttial for high motion se-
guences and for long GOP sizes. They are mainly associatedtithe proposed algorithms
for successive re nement of the Sl interpolation after eachdecoded DCT band, which is
the major contribution of our present work with respect to th e reference codec.

3.4 Summary

In this chapter, we introduced two new techniques for the sucessive re nement of the
Sl using the PDWZF based on the successive decoding of the DCWbands. The initial
Sl is generated using MCTI technique. Then, the decoder reatstructs a PDWZF after
the decoding of the rst DCT band. The latter is used in order to detect the suspicious
motion vectors in the last Sl. Furthermore, the motion vectors of the suspicious blocks are
re-estimated using two di erent algorithms.

As a consequence, a new Sl is generated for decoding the nex€D band. Then, a new
PDWZF is reconstructed and the same steps are carried out tomprove the quality of the
S, after each decoded DCT band. The successive re nement dhe Sl can signi cantly
improve the performance of DVC, since it generally resultsi a reduced amount of parity
information requested by the decoder through the return chanel. At the same time, the
quality of the decoded WZF is improved during reconstruction.

Experimental results showed that our proposed method can dudeve a gain in RD
performance of up to 108 dB for a GOP size of 2 and 35 dB for longer GOP sizes,
compared to DISCOVER codec, especially when the video sequoee contains high motion.
The improvement becomes even more important as the GOP sizencreases.

The material in this chapter was published in:

1 A. Abou-Elailah, J. Farah, M. Cagnazzo, B. Pesquet-Popesg, and F. Dufaux \Im-
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cessive Re nement of Motion Compensated Interpolation forTransform-Domain Dis-
tributed Video Coding", European Signal Processing Conference (EUSIPCQ)Au-
gust 2011, Barcelona, Spain.
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The Side Information (Sl) is commonly generated using the Mdion-compensated tem-
poral interpolation (MCTI) technique [ﬂ. In fact, the Slis not accurate when the temporal
distance between the neighboring reference frames increzs or when the video sequence
contains fast motion. In this chapter, three approaches areproposed for S| improvement
in transform-domain DVC.

First, we propose a new method that uses backward and forwaranotion estimation
to enhance the generation of the initial SI (INSI). It consists in selecting reliable motion
vectors from the backward and forward estimations.
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Second, we propose a new approach that allows improving thel Sising an adaptive
motion search area. This solution is based on our successive nement technique [B],
previously explained in the former chapter, which consistsn progressively improving the
S| after each decoded DCT-band. However, until now a constansearch area has been
used to re ne the Sl after each decoded DCT-band, regardlessf the distance between
the reference frames. This method achieves a signi cant gai compared to DISCOVER
codec, for sequences containing fast motion, as well as foorlg duration GOPs. In the
second proposed approach, variable search areas are initiaset according to the temporal
distance between the neighboring reference frames. We rsstart by generating an INSI
by using the backward and forward reference frames, simildy to the S| generated in
DISCOVER codec. The decoder then reconstructs a Partially ezcoded Wyner-Ziv Frame
(PDWZF) by correcting the INSI with the parity bits of the rs t DCT-band. Afterwards,
the PDWZF, along with the backward and forward reference franes, is used to adapt the
initial search area. Furthermore, the adapted search areasi used to re ne the INSI. Finally,
we correct this improved INSI with the parity bits of the next DCT-band and we repeat
the same procedure to decode all DCT-bands of the current WZF

A third method that we propose aims at re ning the Sl for large GOP sizes. In these
conditions, it is known that the central Sl is of worse quality w.r.t. the lateral ones, be-
cause the reference frames used for estimating the central ¥¥ are farther apart. The
consequence is that the PSNR of the decoded frames uctuatewithin the GOP. There-
fore, we propose to re-estimate the Sl using the already deded WZF and the adjacent
decoded frames (WZF or KF). During the re-estimation procedire, an adaptive search
area and a variable block size are also used. Finally, the WZ$-are reconstructed with an
improved quality, using the same parity bits sent during the rst step.

This chapter is structured as follows. First, the rst appro ach is introduced in Sec-
tion .1l with experimental results and analysis. The secondipproach based on successive
re nement of the Sl using an adaptive motion search area is decribed in Section[4.2 with
the obtained results. The third approach of re-estimating the Sl using the already decoded
WZF, along with the neighboring decoded frames, is illustrded in Section[43. Finally,
conclusions are presented in Section4.4.

4.1 Backward and forward motion estimation

In this section, we rst present the main existing methods far S| generation. Then, we
describe the proposed method for S| generation. Finally, te experimental results are
shown.
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4.1.1 Related work

The Sl is generally estimated using interpolation/extrapolation of the available information
at the decoder side, since the reconstructed WZF is not avagble. In @], the Sl is simply
generated by averaging the two reference frames. For eachxgl p in the interpolated
Sl, the two pixels at the same position in the Backward referace frame (BRF) and the
Forward reference frame (FRF) are averaged:

BRF(p) + FRF( p)

Sl(p) = >

(4.1)

This method is very simple and can be e cient for sequences aataining low motion.
When the sequence contains medium or high motion, this simg averaging of the two
frames leads to a bad quality SI. For this reason, the authorpropose in the same paper [33]
a more elaborated technique based on Symmetric Motion Vects (SMV) interpolation. For
a given block in the interpolated Sl, the motion vector from the BRF to the Sl is assumed
to be the same as the motion vector from the Sl to FRF. Thus, ths method consists in
nding the best candidate motion vector that gives the smallest Sum Square Distance
(SSD) for the current block b:

X
SSDW) = (BRF(p V) FRF(p+ v))? (4.2)

wherev is a candidate motion vector. The SMV interpolation was usedin many works B
@,@@]Since it allows for a better interpolation, compaed to simple averaging, when
motion activity is present in the sequence. However, the SMVmethod is not e cient for
sequences exhibiting complex and high motion. For this ream, Aaron et al. proposed a
technique @1] that aims at using the SMV to obtain symmetrical bidirectional motion
estimation. Then, smoothness constraints on the estimateanotion vectors are applied. In
addition, overlapped block motion compensation is perforned.

In [64], the edge information of the decoded frames is used tomprove the accuracy
of the SI. However, the largest advance for S| generation waproposed in EF] and has
been used in the DISCOVER and VISNET Il projects. This technique is called Motion-
Compensated Temporal Interpolation (MCTI) and is composedof four modules: forward
motion estimation, bi-directional motion estimation, spatial smoothing of motion vectors
and bi-directional motion compensation (it is fully described in Chapter 2). In @], the au-
thors propose a novel frame interpolation method that allows improving the MCTI using a
block-adaptive matching algorithm. This technique enables block size adaptation to local
motion activity within the reference frames. Furthermore, Huang and Forchhammer l[__6_13]
proposed an algorithm that consists of a variable block sizebased on Y, U and V com-
ponents motion elds, and an adaptive weighted overlapped ltock motion compensation

In this section, we describe the proposed method for S| genation based on backward
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Backward Motion Estimation Forward Motion Estimation

BRF FRF BRF FRF

Backward motion vector Forward motion vector

Figure 4.1: Backward and forward motion estimation.

and forward motion estimation. We also use a quadtree re nenent approach to predict
the motion vectors from a coarse motion estimation. The obténed results are compared
to the DISOVER codec.

4.1.2 Proposed method

In the DISCOVER codec, the Sl is generated using MCTI technigqie. Here, we propose
a new approach to generate the Sl, which is based on backwardnd forward motion
estimation. We refer to backward motion estimation when we garch in the BRF to nd
the most similar block to the target block in FRF and to forwar d motion estimation when
the most similar block to the target block in BRF is found in FR F (see Fig.[4.1).

Fig. £2 shows an example of four parts A, B, C and D in the backward and forward
reference frames. Parts A and B are de ned in BRF, and parts C ad D are de ned in
FRF. As shown in the gure, parts A and D cannot be found in FRF and BRF respectively.
Conversely, parts B and C can be found in FRF and BRF respectiely. While the motion
vectors for the blocks in part D cannot be reliable in backwad motion estimation, the
motion vectors for the same block positions can be reliablerad accurate in forward motion
estimation (the part B can be found in FRF). Similarly, the mo tion vectors for the blocks
in part A are not reliable in forward motion estimation. In or der to nd the correct motion
vectors for all blocks, we propose a new method that consisti® combining backward and
forward motion estimations. The proposed Sl generation is dpicted in Fig.[4.3. This new
approach is described as follows:

Low-Pass Filtering:  The reference frames are padded and low-pass lItered in order
to improve the motion vectors reliability.

Backward and Forward Motion Estimation: A block matching algorithm is
applied to estimate the backward and forward motion vector elds. These motion es-
timations are computed with a block size B§ BSp, a search area$) of SA pixels,
and a step size of N pixels. In the block matching algorithm, the Weighted Mean
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Backward reference frame

Part A can not be found in
forward reference frame

Part B can be found in
forward reference frame

Part C can be found in
backward reference frame

Part D can not be found in
backward reference frame

Figure 4.2: An example of backward and forward reference fraes.

Absolute Dierence (WMAD) criterion is used to compute the similarity between
the target block b in the frame F1 (F1 can be the BRF in forward motion estimation
or the FRF in backward motion estimation) and the shifted block in the frame F»
(F2 can be the BRF in backward motion estimation or the FRF in forward motion
estimation) by the motion vector v (vx;Vvy) 2 S, as follows:

X0XBS o YoxBS o q
WMAD(b ;Vv) = 5 JF10Gy)  Fa(x+ vy +w)j 1+ vZ+v2

y
SO X=Xo Y=Yo

(4.3)

where (Xo;Yo) is the up-left pixel of the block b and is a penalt& factor which

allows to penalize the MAD by the length of the motion vectorkvk = vZ+ vZ. is
empirically set to 0.01. The objective of the block matchingalgorithm is to nd the

block in F, most similar to the target block in F 1. In other words, the algorithm aims
at obtaining the best motion vector V, for the block b by minimizing the WMAD

as follows:

Vp =argmin WMAD(b ;v;): (4.4)
Vi2S
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Figure 4.3: Proposed Sl generation.

The obtained motion vectors are then rened in N1 (N1 < Np) pixel(s) accuracy
within a search area of SA; pixels (SA1 SAp). The MAD criterion is used in
the re nement process. LetV 23 and V[ be the obtained backward and forward
motion vectors for the block b respectively, and MADyack and MAD ¢, the mean
absolute di erences corresponding to the motion vectors/ P2 and V ' respectively.
We now aim at replacing the false motion vectors that can be otained at the borders
of the image by reliable ones (for example, the obtained motin vectors for the blocks
that form the part D in backward motion estimation are not rel iable). The motion
vectors can be improved as follows:

5 if jMAD back MAD forj <Thp
% The motion vectors V P2 and V' are considered to be reliable
otherwise
if MAD pack < MAD for
The motion vector V [°" is dropped
otherwise

The motion vector V §3% is dropped
where Ty, is a threshold.
Quad-tree Re nement: The backward and forward motion vectors are obtained

for each B§ BSy block. The objective of this step is to estimate the motion vetors
for blocks of size B BS; (BSj+1 = BS;=2) based on the obtained motion vectors of
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Figure 4.4: Motion vectors candidates for each B§ BS; block.

the BSy BSp blocks from the previous step. Thus, each B§ BSp block is divided
into four BS1 BS; blocks. First, each four BS BS; blocks inherit the motion vector
of the corresponding B§ BSg block (see Fig[4.4). Then, for every B BS; block
b, the motion vectors of the neighboring blocks are taken inb account to select the
most accurate one. As shown in FiglZ4}4, one motion vector ammy the four di erent

candidatesv, (n =1;:::;4) is selected for the block b according to:

Vp = arg rr\1/in MAD(b ;vp): (4.5)

The motion vector for each B§ BS; block is computed using Eq[4.b. Then, the
BS; BS; block is split into four BS, BS, blocks. The motion vectors for the
BS, BS; blocks are computed using the same procedure. Finally, theasne procedure
can be repeated until obtaining the motion vectors for B§y BSy blocks M > 1).

Selection of Motion Vectors: This step consists in selecting the best motion
vector @y, (backward or forward motion vector) for each block b (BSy BSy ). Let

MAD 2. and MADY. be the mean absolute di erence corresponding to the motion
vectors V B2 and V [°' respectively. The selection of the best motion vector is doa

as follows: 8
E if MADD,, < MADY,

e, =V gack
§ otherwise
e,= V Lor
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Bi-directional Motion Estimation: First, we aim at splitting the obtained motion
vectors to estimate bi-directional motion vectors for the bocks in WZF. For each
block w in WZF, the distances between the center of the block wand the center of
each obtained motion vector are computed. The closest motio vector to the block w
is selected. Then, the selected motion vector is associatad the center of the block
w, and divided by symmetry to obtain the bidirectional motion eld. Second, the
bidirectional motion vectors are re ned within a small search areaS®of SSR pixels
in half-pixel accuracy. Let (rp, rp) be the bidirectional motion vector for the block
b in WZF. A small displacement d{¢' is added to the bidirectional motion vector
during the re nement process. This displacement is obtaind as follows:

d[)ef = arg [jnzigo MAD(b ;rp; d) (4.6)

with

P, P
MAD(b;r;d)= & X5 Yl @4.7)

JBRE(X + Ipy + dy;y + by + dy) FRF(x rpx dyy I by dy)j

whered  (dy;dy) and r,  (rpy; rny). Even though the size of the block is B
BSy , an extended block of L L (L =BS \y + EX) is used to compute the MAD in
the re nement process.

Spatial Smoothing:  The obtained bidirectional motion vectors may sometimes
present low spatial coherence. The spatial smoothing alg@éhm aims at achieving
higher motion eld spatial coherence, by reducing the numbe of suspicious bidirec-
tional vectors. For each block b, the spatial motion smoothing algorithm considers the
neighboring bidirectional motion vectors as candidates fothe block b. The weighted
median vector eld [@] is used to select the best bidirectioal motion vector from

the candidate bidirectional motion vectors as follows:
!

¥ib
sp=arg _min . aijire  rijj (4.8)
with
1 XLt _ .
a= JBRE(Xx + rix;y+riy) FRFE(X rix;y Tiy)j (4.9)
X=Xo Y=Yo

Nb is the number of neighboring blocks, and L = BSy + EX.

Bi-directional Motion Compensation: Once the nal bidirectional motion vec-
tors are estimated, the Sl can be interpolated using bidirettonal motion compensa-
tion as follows:

Sl(p) = %(BRF(p + sp)+FRF(p  sp)); (4.10)
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Figure 4.5: PSNR of the proposed S| generation (SIG) and the LTI S| generation techniques for
Stefan, Foreman, Bus, Coastguard, Soccer and Hall sequers;dor a GOP size of 2.

where s, and s, are the bidirectional motion vectors, associated to the poitsion
p = (x;y) toward the BRF and FRF respectively.

4.1.3 Experimental results

With the aim of evaluating the performance of the proposed mé&ods, we performed ex-
tensive simulations, adopting the same test conditions as escribed in DISCOVER[4] ,i.e.
test video sequences are at QCIF spatial resolution and sanigd at 15 frames/sec.

The parameters of the proposed method are set as follows in thexperiments: B3 = 32
pixels, BSy = 4 pixels, SAg = 48 pixels, SA; = 3 pixels, SSR = 1:5 pixels, Ny = 2 pixels,
N1 = 1 pixel, and EX = 4 pixels. The results of the proposed method are compared to
DISCOVER codec.
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Table 4.1: Average PSNR of the Sl obtained with the proposed rathod and the MCTI technique.

S| Average PSNR [dB]
sequence [[ Stefan | Foreman [ Bus [ Coastguard [ Soccer | Hall
GOP =2
MCTI 22.57 29.31 24.72 31.43 22.05 35.66
SIG 23.83 29.97 27.14 32.35 22.75 36.22
GOP =4
MCTI 21.28 27.58 23.48 29.85 20.81 34.51
SIG 22.24 28.10 25.68 30.75 21.42 35.03
GOP =8
MCTI 20.64 26.24 22.53 28.75 20.15 33.69
SIG 21.47 26.69 24.61 29.59 20.70 34.04

Frame number « 24 » of Bus sequence

Original frame MCTI - PSNR =23.19 dB Proposed - PSNR = 27.65 dB

Figure 4.6: Visual result of the SI generated by the proposednethod and the MCTI technique, for
frame number 24 of Bus sequence, with a GOP size of 2.

Sl performance assessment

The quality of the generated Sl, estimated in terms of the PSNR obtained with the pro-
posed method and with the MCTI technique, is shown in Fig.[45 for Stefan, Foreman,
Bus, Coastguard, Soccer and Hall sequences, for a GOP size2fAs shown in this gure,
the proposed method consistently achieves a gain compared tMCTI technique. The gain
is considerable in the case of Bus sequence.

The average PSNR of the Sl is shown in Tablé4]1, for the prop@s method and the
MCTI technique, for all sequences and di erent GOP sizes. A gni cant gain is observed
with the proposed method for all test sequences and all GOP ses. The gain reaches
1:26 dB and 242 dB for Stefan and Bus sequences respectively, for a GOP siof 2.

Fig. &8 shows the visual result of the Sl estimated by the prposed and the MCTI
techniques, compared to the original frame, for frame numbe24 of Bus sequence, with a
GOP size of 2. The Sl generated using the MCTI technique contims many block artifacts
(PSNR = 23:19 dB), whereas the proposed method presents a much better glity, with
a gain of 445 dB compared to MCTI.
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Figure 4.7: RD performance comparison between the proposadethod SIG and DISCOVER codec
for Stefan, Foreman, Bus, Coastguard, Soccer and Hall seqoees, for all GOP sizes.

Rate-Distortion performance

Fig. @17 shows the RD performance of the proposed method and IBCOVER codec for
Stefan, Foreman, Bus, Coastguard, Soccer and Hall sequers;efor all GOP sizes. The
proposed method clearly outperforms the MCTI technique.

In Table £.2, we show the RD performance of the proposed metlibcompared to DIS-
COVER codec, using the Bjontegaard metric ]. At the decoer side, the computational
complexity is increased with respect to the MCTI technique: in particular, two motion
estimations are needed for the rst step. This is justi ed, as the proposed method achieves
a signi cant rate reduction. For instance, for Bus sequencewe reach a PSNR improvement
of 1:31 dB and a bit reduction of 221% w.r.t MCTI, for a GOP size equal to 8.
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Table 4.2: RD performance gain for Stefan, Foreman, Bus, Cadguard, Soccer and Hall sequences
towards DISCOVER codec, using Bjontegaard metric.

[ sequence || Stefan [ Foreman [ Bus [ Coastguard [ Soccer | Hall ]

GOP =2

R [%] -8.32 -3.17 -13.50 -4.22 -4.95 -1.55

psNr  [dB] 0.50 0.17 0.79 0.21 0.27 0.12
GOP =4

R [%0] -9.28 -2.66 -21.16 -11.70 -6.28 -2.76

psnrR [dB] 0.54 0.14 1.24 0.47 0.34 0.19
GOP =38

R [%] -9.06 -3.58 -22.10 -16.93 -5.67 -6.07

psnr  [dB] 0.54 0.16 1.31 0.71 033 | 032

4.1.4 Conclusion

In this part, we propose a new method for Sl generation in trasform-domain DVC. The
proposed technique consists in enhancing the generation dfie initial SI using a combina-
tion of backward and forward motion estimation. First, the b ackward and forward motion
vectors are computed for large blocks of 32 32 pixels. Then, the blocks are split into four
blocks and each new block inherits the estimated motion vear. A quadtree re nement
is carried out to select the best candidate motion vector fron the neighboring vectors.
Afterwards, the same procedure is applied until the size oftie block becomes 4 4 pixels.
Then, the best motion vector is selected for each 4 4 block. Finally, spatial smoothing
and motion compensation are performed to obtain the SI.

The Sl generated by the proposed method is always better thathe one obtained using
the MCTI technique, for all test sequences and all GOP sizesThe gain reaches 126 dB
and 242 dB for Stefan and Bus sequences respectively, for a GOP siof 2. Furthermore,
the proposed method allows a gain in RD performance of up to:B1 dB and a bit reduction
of 221% compared to DISCOVER codec.

4.2 Adaptive motion search

In this section, we propose a new method that consists in adamg the motion search area
using the PDWZF and the reference frames. This adapted sealhcarea is then used by
the decoder to successively re ne the Sl by carrying out our € nement technique (called
algorithm I1) [E, previously described in chapter 2.

4.2.1 Proposed method

The block diagram of our proposed codec architecture is depied in Fig. &8. It is based
on the DISCOVER codec I[]l ]. The INSI is rst computed using the MCTI technique
with spatial motion smoothing, exactly as in DISCOVER codec The LDPC parity bits of
the rst band (DC band) are used to correct the corresponding DCT coe cients in the
INSI and obtain the PDWZF ;.
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Figure 4.8: Overall structure of the proposed DVC codec

Let d be the distance between the previous and next reference frags. For example,
for a GOP size of 8 (sequence of frames KFWZF; WZF, WZF 3 WZF 4 WZF5 WZF¢
WZF 7 KF ), d equals 8 for WZF4, equals 4 for WZF, and WZFg, and equals 2 for WZF,
WZF3, WZFs, and WZF;. We rst set the initial motion search area according to the
distance d. A search area of RA = 80 pixels is initially set if d equals 8 (the temporal
distance between the current WZF and the previous (or next) eference frame is 4), a
search area of RA = 56 pixels is set ifd equals 4, and a search area of RA= 32
pixels is set if d equals 2. These initial search areas are empirically set aocaing to the
observed motion in typical test sequences. These large s&hrareas are especially e cient
when the current GOP exhibits high motion. However, the comptational complexity is
signi cantly increased, which could constitute a useless dditional burden in the case of
slow motion in the current GOP, without signi cant enhancem ent in the SI, compared to
a small search area

Therefore, an adaptation of the initial search areas to the arrent motion level is ne-
cessary. For this purposeN points are selected in the PDWZF, (using uniform sampling).
Fig. 29 showsN = 20 selected points in the PDWZF;. Each one of those selected points
represents the center of a large block of 24 24 pixels. These blocks are used along with the
previous and next reference frames in order to adapt the seah area. The block matching
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PDWZF; (N large blocks are selected)

block size =24 24 pixels

Figure 4.9: The selected points in the PDWZF, after decoding the rst DCT band.

between the PDWZF; and the previous (and next) reference frame is carried out fothose
selected blocks in two pixels accuracy, within the search a&a de ned by RA;;i = 1;2; or 4,
depending on the distance d between the reference frames . Wh a selected block belongs
to a homogeneous region, the MAD is almost the same for all catidate blocks in this
region. In order to avoid obtaining false large motion vectaos in these homogeneous areas,
the MAD computed during the matching procedure is penalized(MAD pen) by the length
of the motion vector m = (my; my) using:

q_ —
MAD pen =MAD 1+ m2+m2 ; (4.11)

y
where the penalty parameter is empirically set to 0:008 ifd = 8, to 0:012 ifd = 4 and
to 0:02 if d = 2, after preliminary tests. This penalty allows to avoid th e large estima-
tion errors that can occur with large search areas, when a setted block belongs to a
homogeneous region.

The initial search area is adapted in the four directions (Idt, right, top and bottom)
according to the N obtained motion vectors as follows: the maxima of the obtaied motion
vectors in the four directions are used to adapt the initial ssarch area, as depicted in
Fig. £.10. Let us de ne the search area by the four parameterSA;, SA;, SA; and SA;,
which represent the distance between the center and the righleft, top, and bottom points,
respectively, attained by the search area. The initial seath area always has a squared
shape, whereas the shape of the adapted search area can betaegular, depending on
the obtained motion vectors. The parameters are adapted aawrding to the N obtained
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PDWZF ; (N motion vectors)

Adapted search area

Initial search area

Figure 4.10: The obtained motion vectors used to adapt the sarch area.

motion vectors m; = (mix; miy) (i =1;2;:::;N) as follows:

% SA, = mzialx(mix); if my >0
SA = miin(mix); if mx <0

% SA; = mzi:lx(miy); if my >0

© SAp, = miin(miy); if my <0

The adapted search area is then used to re-estimate the sugjpdous motion vectors.
As explained in the previous chapter, the suspicious motiorvectors are detected by
computing the MAD between the last SI (Slk) and the last PDWZF (PDWZF ):

MAD( Po; PDWZF ; Sly) < T 1; (4.12)

where P represents the top left point for the processed block b. If Eq@.12) is satis ed,
the corresponding vectors are considered to be true motionectors. In this case, the motion
vectors are re ned within a small search area of 2 pixels, in half-pixel accuracy. Note
that this re nement is only applied two times during the decoding of DCT bands, the rst
time after decoding rst DCT band, and the second one after deoding all DCT bands.
Otherwise, the motion vectors are identi ed as suspicious ectors and will be re-estimated.
The bi-directional motion vectors are re-estimated for those selected blocks using the
adapted search area, in two pixels accuracy, with an extendeblock of (8+ n) (8 + n)
pixels. Afterwards, the obtained motion vectors are re ned within a small search area of
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Figure 4.11: Eight 4 4 quantization matrices corresponding to di erent rate-distortion points.

3 pixels, in half-pixel accuracy.

Similarly to the proposed method in Chapter 2, three modes ae used to generate a
motion-compensated estimate of the new Sl. the BRF (BACKWARD MODE), the FRF
(FORWARD MODE), and the bi-directional motion-compensate d average of the backward
and forward reference frames (BIMODE). The decision among ltese modes is performed
according to Eq.[3.7.

Fig. @11 shows eight 4 4 quantization matrices corresponding to various rate-disortion
points. The value at position k (L) within a given 4 4 quantization matrix indicates
the number of quantization levels associated with the DCT ce cients band k. The DCT
coe cients band by is uniformly quantized with L, = 2M« |evels, whereM decreases with
k. Note that the value O in the quantization matrix means that no WZ parity bits are
transmitted for the corresponding band (for instance, by = 0 when k > 4 in the quantiz-
ation matrix for Q; = 1). Indeed, we can see thatM, becomes less signi cant after the
rst three DCT bands. For this reason, the Sl is re ned after each decoded DCT band if
k < 4, and after each pair of decoded DCT bands otherwise.

4.2.2 Experimental results

In order to evaluate the performance of the proposed methodwe performed extensive
simulations, adopting the same test conditions as descriltkin DISCOVER [EIJ[Eh, i.e. test

video sequences are at QCIF spatial resolution and sampled &5 frames/sec. The obtained
results are compared to the DISCOVER codec and to our previos successive re nement
technique (Alg. Il [) from Chapter 2.
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Figure 4.12: Distribution of the selected blocks in the PDWZF; after the decoding of the rst DCT
band, for di erent values of N (N =4;6;9;12 13;16;20 and 42).

Table 4.3: RD performance gain of the proposed method for dierent values of N compared to
DISCOVER codec using Bjontegaard metric ], for Foreman ad Stefan sequences, for
a GOP size of 8.

Proposed < T1=4,T2=5andn=4 >
[N:4[N:6[N:9[N:12[N213[N:16[N:ZO[N:42
GOP =38
Stefan
r (%) -42.60 | -43.87 | -45.14 -45.59 -45.67 -45.69 -46.04 -45.99
psnr [dB] 2.86 2.99 3.12 3.15 3.15 3.16 3.19 3.19
Foreman
r (%) -49.39 | -49.83 | -49.86 -50.10 -50.00 -50.08 -50.08 -50.11
psnr [0B] 3.08 3.12 3.12 3.14 3.14 3.14 3.14 3.15

Parameter tuning

Fig. B.12 shows the distribution of the selected blocks in tk PDWZF after the decoding
of the rst DCT band, for several values of N (N = 4;6;9;12;13;16;20 and 42), using
uniform sampling. We show in Table[4.3 the RD performance gai of the proposed method
for each value ofN, for the Foreman and Stefan sequences, for a GOP size of 8. K clear
that the RD performance is slightly increased with N . In our simulations, N is set to 20.

The parameter T1 in Eq. B 12 has a great impact on the performance of the propes
method, since it determines the computational load and the ahieved performance im-
provement. T; = 1 corresponds to the case where no block is considered as ereoms,
which is equivalent to the DISCOVER codec. On the other hand,when T1 = 0, all blocks
are considered as erroneous and will be re ned. As for the pameter T,, it was set to
T, =5 in our simulations, after preliminary tests. In fact, the parameter T» has a limited
in uence on the RD performance improvement.

In Table &4, the RD performance of the proposed method and Aj. Il is shown for
di erent values of T1 and n, in comparison to DISCOVER codec, using the Bjontegaard
metric ], for a GOP size of 8. In this table, the percentageof the decoding time com-
plexity compared to DISCOVER codec is also shown. It is compted by the ratio (in %)
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Table 4.4: Rate-Distortion performance gain and decoding eamplexity for Stefan and Foreman,
compared to DISCOVER codec, for di erent values of T; and n, for a GOP size of 8.

Extended block (8+ n) (8+n)-T2=5
T1 =4 T1 =6 T1 =9 T, =12
n=0 [ n=4 n=0 [ n=4 n=4 n=4
Stefan sequence
Proposed

rR (%) -36.04 | -41.98 -35.02 | -40.26 -38.64 -37.15
psnr [0B] 2.72 3.29 2.65 3.08 291 2.7
Complexity (%) 79 85 76 77 77 80

Alg. 1l

rR (%) -28.6 | -34.13 -28.22 | -33.97 -32.38 -30.68
psnr [0B] 2.07 2.51 2.02 2.42 2.26 2.12
Complexity (%) 100 132 91 101 97 96

Foreman sequence
Proposed

rR (%) -40.49 | -43.55 -38.79 | -42.27 -40.61 -394
psnr [dB] 2.96 3.19 2.71 2.99 2.81 2.67
Complexity (%) 69 75 71 74 76 78

Alg. 1l

rR (%) -40.49 | -41.88 -37.03 | -40.6 -39.14 -37.89
psnr [dB] 2.74 3.02 2.58 2.87 2.72 2.59
Complexity (%) 75 89 71 78 76 77

between the computational load of our technique and the oneequired by the DISCOVER
codec as follows:

Decoding time required in the proposed technique

o =
Complexity (%) = 100 Decoding time required in DISCOVER

(4.13)

It is clear that for T; =4 and n = 4, the proposed method and Alg. Il achieve the best
RD performance. For Stefan, the proposed method can reducéne decoding time by 15%
compared to DISCOVER codec. On the contrary, the decoding tine is increased by 32%
for Alg. I, due to the high motion in this sequence. As we can se, the proposed method
reduces the computational load for all values ofT1, due to the appropriate adaptation of
the search area to the motion level.

In the case of the Foreman sequence, Alg. Il achieves a sigmiant gain compared to
DISCOVER codec, and the decoding time is reduced. On the othehand, with the proposed
method, the gain becomes more e ective and the decoding timés further reduced. In the
remaining simulations, we have setT; = 4 and n = 4 since these values allowed very
good performances and a low computational burden. In fact, he search area size being
sometimes increased compared to 16 pixels and the block size being extended to 12 12,
the improvement of the SI not only signi cantly reduces the amount of requested parity
bits through the feedback channel, but it also reduces the deoder processing time, by
decreasing the number of necessary decoding runs in the ittive receiver.

Sl performance assessment

Figs.[4I3 and 414 show the visual results of the original &me, the Sl estimated by MCTI
(DISCOVER), the nal Sl estimated by Alg. Il after decoding a Il DCT bands, and the nal
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"MCTI" < PSNR = 18.43 dB >

"Alg.lI" < PSNR = 26.42 dB > "Proposed” < PSNR = 29.39 dB >

Figure 4.13: Visual result comparisons among the originalrame (top-left), the S| estimated by the
MCTI technique (top-right), the nal Sl estimated by Alg. Il  (bottom-left), and the
nal Sl estimated by the proposed method (bottom-right), for frame number 95 of
Foreman sequence, for a GOP size of 8 (QI = 8).

Sl estimated by the proposed method, for frame number 95 of F@man and frame number
115 of Stefan, for a GOP equal to 8. The SI frame obtained by MCT contains block
artifacts. On the contrary, the Sl frames obtained by Alg. Il and the proposed method
present a much better quality.

For frame number 95 of Foreman (Figure[4.1B), the proposed nthod allows an im-
provement up to 11 dB compared to MCTI technique, and an improsement up to 2.76 dB
compared to the nal Sl estimated in Alg. Il. For the nal deco ded WZFs of these Sl
frames, the proposed method achieves a gain up to 2 dB compatéo DISCOVER codec,
with less requested bits, down from 4639 Kbits to 36:22 Kbits, and a gain up 067 dB
compared to Alg. I, with a bit rate decrease from 4Q30 Kbits to 36:22 Kbits.

For frame number 115 of Stefan (Figurd_4.14), the nal Sl obtdned by the proposed
method allows a gain up to 825 dB compared to MCTI technique, and an improvement
of up to 5:26 dB compared to Alg. Il. For the nal decoded WZFs of these Slframes, the
proposed method achieves a gain up to:21 dB compared to DISCOVER codec, with a
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"Alg.ll" < PSNR = 20.14 dB > "Proposed" < PSNR = 25.40 dB >

Figure 4.14: Visual result comparisons among the originalrhme (top-left), the Sl estimated by the
MCTI technique (top-right), the nal Sl estimated in Alg. Il  (bottom-left), and the
nal Sl estimated by the proposed method (bottom-right), for frame number 115 of
Stefan sequence, for a GOP size of 8 (QI = 8).

bit rate decrease from 6175 Kbits to 47:93 Kbits, and a gain up 212 dB compared to Alg.
I, with a bit rate decrease from 5975 Kbits to 47:93 Kbits.

Rate-Distortion performance

The RD performance of the proposed method is shown for the Stan, Foreman, Bus,
Coastguard, Soccer and Hall sequences in Table"4.5, in comjison to the DISCOVER
codec, using the Bjontegaard metric Hl] for di erent GOP sizes (2, 4 and 8). The rst
row represents the performance of our previous technique (4. 1), i.e., a constant search
area of 16 pixels is used regardless of the distance between the refdace frames. It is
clear that our proposed method achieves a signi cant gain capared to DISCOVER codec,
especially for sequences containing high motion such as $&& and Foreman sequences.
For Stefan sequence with a GOP size of 8, Alg. Il can achieve aain up 2:51 dB with
a rate reduction up to 3413 % compared to DISCOVER codec. The proposed method
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Table 4.5: Rate-Distortion performance gain forStefan, Foreman, Bus, Coastguard Soccerand Hall
sequences compared to DISCOVER codec, using Bjontegaard rnie [@].

[ Sequence | Stefan [ Foreman | Bus | Coastguard [ Soccer [ Hall |
GOP =2
Alg. 11 [12]_

r (%) -14.06 -16.29 -4.50 -2.24 -17.65 -1.34
psnr [dB] 0.93 1.05 0.27 0.11 1.05 0.10
Proposed
r (%) 17.31 16,53 491 2.28 -18.96 1.36
psnr [dB] 1.16 1.07 0.30 0.11 1.14 0.10
GOP =14
Alg. 11 [12]_

r (%) -27.84 -32.65 -15.82 -11.94 -25.08 -4.24
psnr [0B] 1.93 2.19 0.99 0.52 1.61 0.27
Proposed
r (%) -34.44 -33.88 -16.42 -12.15 -27.31 -4.27
psnr [dB] 2.51 2.30 1.03 0.53 1.78 0.27
GOP =8
Alg. 11 [12]_

r (%) -34.13 -41.88 -22.83 -24.21 -28.16 -11.04
psnr [dB] 2.51 3.02 1.53 1.14 1.88 0.68
Proposed
r (%) -41.98 -43.55 -26.13 -24.40 -31.43 -11.22
psnr [0B] 3.29 3.19 1.78 1.15 2.15 0.68

allows a signi cant gain up to 3:29 dB with a rate reduction of 41:98% w.r.t. DISCOVER
codec. For the other sequences, the proposed method achieva smaller, but still notable,
improvement compared to Alg. Il, while the decoding time is sgni cantly reduced, even for
sequences containing slow motion, since the search area idagpted to the current motion
in the sequence.

Figs.[4.15 and4.16 show the RD performance curves of the DIS®VER codec, the Alg.
Il, the proposed method, H.264/AVC Intra, and H.264/AVC No m otion, for Stefan, Fore-
man, Bus, Coastguard, Soccer and Hall sequences, for GOP si&of 2 and 8. The proposed
method can achieve a slight gain compared to H.264/AVC No moipn for Stefan, Foreman,
Bus and Coastguard sequences. In addition, it can reduce thgap with H.264/AVC No
motion for Soccer and Hall sequences.

4.2.3 Conclusion

Successive re nement of the Sl using an adaptive motion seah area is described in this
section, based on the sequential decoding of the DCT bands.he partially decoded frame
after decoding the rst DCT band is used to adapt the initial m otion search area. The
adapted search area is then used to progressively re ne thelSalong with the previous
and next reference frames, after each decoded DCT band.

Experimental results showed that our proposed method can dtdeve a gain in RD per-
formance of up to Q78 dB for a GOP size of 8, compared to Alg. I, and 329 dB compared
to DISCOVER codec, especially when the video sequence corites high motion. The pro-
posed method allows an improvement in the nal Sl that can reach 5.6 dB, compared to
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Figure 4.15: RD performance comparison among the DISCOVER adec, the Alg. Il, the proposed
method, H.264/AVC Intra, and H.264/AVC No motion, for Stefa n, Foreman and Bus
sequences, for GOP sizes of 2 and 8.
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Figure 4.16: RD performance comparison among the DISCOVER adec, the Alg. Il, the proposed
method, H.264/AVC Intra, and H.264/AVC No motion, for Coast guard, Soccer and
Hall sequences, for GOP sizes of 2 and 8.
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Figure 4.17: WZF estimation for a GOP size of 4.

Alg. I1, for some frames. Moreover, the decoding time is sigincantly reduced by using the
adaptive search area.

4.3 Side information re-estimation for long GOP

In this section, we rst describe the related work for SI enhaacement in the case of large
GOP sizes, and then present our proposed method in this conk. Finally, we illustrate
the experimental results and draw conclusions.

4.3.1 Sl construction for large GOP sizes

Let |, be the WZF that we want to estimate and [} the decoded WZF. The decoding
procedure is simple when the GOP size is equal to 2. The framessed for the interpolation
are the decoded KFsf} ; and .. Then, this estimation is used to obtain the decoded
frame [.

If the GOP size is equal to 4, the WZF I is usually estimated using the decoded KFs
« 2 and (. (Fig. BZI7). Then, this estimation is used in the turbo-decaler along with
the parity bits, thus producing the decoded WZF (. The WZF | ; is estimated using
the decoded framed , and [, and I+ is interpolated using the decoded frameg} and
r\k+2 .

As a consequence, the quality of the decoded WZFE, ; and (., is better than the
quality of the WZF (. In other words, the PSNR of the decoded WZFs varies within
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Decoded WZF (Nine motion vectors)

Initial search area

Adapted search area

. - | B&l

S - ™

Figure 4.18: The obtained motion vectors used to adapt the sarch area.

the GOP, depending on the distance between the reference fnees (considered for the
interpolation of each WZF). The authors in [E] propose to adl another step in order to
improve the quality of the decoded framel}: Oncely 1 and I+, have been decoded, the
frame |, can be re-estimated by applying the MCTI technique between(k 1 and i1
(Fig. E17). Then, the turbo-decoding and the reconstructbn are applied again using the
new Sl to obtain the nal decoded WZF, without requesting any additional parity bits
from the encoder. This procedure can be extended for larger GP sizes. However, inﬂ3],
the available decoded framel} is not used in the re-estimation of the new SI. For this
purpose, we propose in Sectiol 4.3.2 to modify this techniqaiin such a way to prot
from the already decoded framefy, along with the decoded frames(} ; and 41, in the
re-estimation of the new Sl. The same procedure is also apeld for the remaining WZFs.

4.3.2 Proposed method for Sl re-estimation

We now propose a new method that consists in improving the demded WZFs, already
obtained by DISCOVER or by our previous techniques Alg. | or Alg. Il, when the GOP
size is larger than 2. This improvement is achieved by re-esnhating the Sl using the
neighboring decoded frames, with an adaptive search area dra variable block size

In the method proposed by Petrazzuoli et al. ], the centra WZF | is re-estimated
without using the available decoded framefl}. In the proposed method, we re-estimate
I« using the already decoded WZF(}, along with the neighboring decoded frames. In
particular, we propose an approach to adapt the search areactthe real motion between
the decoded WZF [ and the previous (and next) decoded frame. This procedure ddeves
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NB is the total number of blocks
n=0and Bg= x
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v
Block numbern=n+1 )

[ Divide the decoded WZF into Bo Bg blocks

NO

YES

Find the corresponding block to the current block
in the previous (next) neighboring frame
Compute the MAD between the current block

and the corresponding block

Divide the By Bg block into four B;  Bj blocks
B, = %then Bo=B1

4( For eachB1 B1 block )

Figure 4.19: Proposed algorithm for the estimation of motio vectors between the decoded WZF
and the adjacent frames.

a better estimation for high motion regions. Moreover, it generates more homogeneous
motion vectors and reduces the estimation complexity for shw motion regions.

First, N large blocks are selected (using uniform sampling) in the dmded WZF. In
the simulations, we empirically setN = 9. Matching is then performed for those blocks
in order to determine their corresponding blocks in the prevous (or next) decoded frame.
The same approach already described in the previous sectios used to adapt the initial
search area (Fig[4.1IB), with the di erence that in the current re nement technique, the
distance between the reference frames is always 2. The irdli search area is set to 32
pixels and the penalty factor is empirically set to G2. Then, the search area is adapted
between the current WZF and the previous (and next) decodedrfame. The adapted search
area will be used to nd the motion vectors using a variable bbck size.

For this purpose, we start by dividing the decoded WZF into By Bg blocks. Then, block
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Figure 4.20: Proposed WZF estimation for GOP size = 4.

matching is carried out between the decoded WZF and the prevaus (and next) decoded
frame, using the adapted search area, in order to nd the coresponding blocks. The MAD
is computed between the current block in the decoded WZF andhe corresponding block
in the previous (and next) decoded frame. If the obtained MADis greater than a threshold
Tn, this block is split into four B1 Bj blocks (B; = B—ZO). Then, the motion vectors are
estimated for these four B B; blocks using the adapted search area in the same way.
The same procedure (Fig[Z.19) is repeated until the block ge becomes B B, pixels.
Subsequently, the bidirectional motion compensation (usig the previous and next
decoded frames) is applied to obtain the new SI. Finally, thereconstruction is performed
again using the decoded coe cients and the new Sl to obtain tle nal decoded WZF.
The proposed method is used to re-estimate a new SI for all WZ§ within the current
GOP, as shown in Fig.[4.2D. For a GOP size of 4, the algorithm sirts by re-estimating a
new Sl for WZF3 using the previous decoded frame WZE (f 1), the available decoded
frame WZF3 (f%), and the next decoded frame WZF, (fis1). Then, the frame WZF3 is
reconstructed using the improved SI. Similarly, the decodd key frame KF; ([ »), the
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Average PSNR of the Final SI [dB]
Sequence | Stefan | Foreman [ Bus [ Coastguard | Soccer | Hall
GOP =4
MCTI 21.44 27.64 24.00 29.91 20.87 34.64
Petrazzuoli et al. 22.71 29.43 25.53 31.46 22.13 35.96
PropA 28.79 35.02 28.66 32.39 31.36 37.77
Alg. 11 25.97 33.63 27.33 31.49 28.66 36.10
PropB 28.94 35.17 28.72 32.45 31.39 37.78
GOP =38
MCTI 20.78 26.29 22.95 28.82 20.20 33.68
Petrazzuoli et al. 22.73 29.19 25.43 31.28 22.10 35.76
PropA 28.89 34.86 28.66 32.26 31.28 37.57
Alg. 11 25.63 32.93 26.69 30.88 28.19 35.49
PropB 29.12 35.14 28.75 32.41 31.32 37.64

Table 4.6: Average PSNR of the Final SI for GOP sizes equal to 4nd 8 (QI = 8).

already reconstructed frame WZF;, and the decoded frame WZF, are used to generate a
new Sl for the frame WZF,. Then, the reconstruction is carried out again to obtain the nal
decoded frame WZF,. The same procedure is applied for the WZE. As a result, all WZFs
within the GOP are improved by applying the proposed approad), without the necessity
for a new decoding run (as was done irl:[913]), and without dematfing any additional bits

from the encoder.

4.3.3 Experimental results

The proposed Sl re-estimation method is applied in two di erent contexts. When the
enhancement is applied on the decoded WZFs obtained by DISCZER codec, the method
is called PropA, and PropB when the improvement is carried ot on the decoded WZFs
obtained by our previous algorithm Alg. 1. Both methods are compared w.r.t. DISCOVER
codec. Also, the results obtained by Petrazzuoli et alﬂ?@md by Alg. Il are shown in order
to have a complete comparative analysis of the methods.

Sl performance assessment

Table 4.8 shows the average PSNR of the nal SI, obtained aftethe re nement process,
with the di erent methods (including the non-re ned MTCI). Our proposed techniques
lead to a signi cant improvement in the Sl quality for all test sequences. Both proposed
PropA and PropB methods show very signi cant gains comparedto DISCOVER, to the
method proposed by Petrazzuoli et al. ], and to Alg. II.

Rate-Distortion performance

Fig. 421 shows the PSNR of the decoded frames of Stefan seqge for DISCOVER codec,
the method proposed by Petrazzuoli et aI.ELb], and the propsed technique PropA. We can
see that the proposed method achieves a signi cant gain congred to both DISCOVER
and Petrazzuoli et al. [13].
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Figure 4.21: PSNR of the decoded frames for two GOPs beginngnat frame number 113, from the
Stefan sequence, for a GOP size of 8.

Table 4.7: Rate-Distortion performance comparison for a G® size equal to 4 and 8, w.r.t. DIS-
COVER codec, using Bjontegaard metric.

[ Sequence | Stefan | Foreman [ Bus | Coastguard | Soccer [ Hall |
GOP =4
Petrazzuoli et al. [13]

R (%) -4.49 5.77 5.65 -4.29 -3.20 -0.84
psnr [dB] 0.23 0.28 0.30 0.18 0.15 0.04
PropA
r (%) -17.42 -21.31 -8.79 -7.25 -18.45 -3.96
psnr [0B] 1.00 1.07 0.43 0.30 0.88 0.23
Alg. i
r (%) -30.35 -36.96 -17.90 -12.25 -28.12 -4.92
psnr [dB] 1.01 2.19 1.00 0.52 1.59 0.29
PropB
r (%) -35.53 -39.88 -19.70 -14.78 -32.69 -6.17
psnr [0B] 2.30 2.39 1.09 0.63 1.85 0.37
GOP =8
Petrazzuoli et al. [13]

R (%) 830 -12.02 -11.56 -9.38 -6.53 233
psnr [dB] 0.45 0.56 0.60 0.38 0.28 0.09
PropA
r (%) -22.16 -28.01 -15.26 -13.92 -23.49 -6.91
psnr [dB] 1.27 1.40 0.74 0.56 1.10 0.32
Alg. I
r (%) -37.80 -48.18 -26.65 -26.90 -32.82 -13.00
psnr [0B] 2.46 2.98 1.53 1.16 1.86 0.71
PropB
r (%) -44.98 -53.03 -31.44 -31.99 -39.51 -16.10
psnr [dB] 3.07 3.38 1.83 1.40 2.26 0.87

The RD performance is shown for the Stefan, Foreman, Bus, Caguard, Soccer and
Hall sequences in Tabl€4]7, in comparison to the DISCOVER agec, using the Bjontegaard
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metric ], for a GOP size equal to 4 and 8. We represent the pormance of the method
proposed by Petrazzuoli et al. Eb], the proposed method PqmA, the Alg. Il and the
proposed method PropB.

The proposed method PropA, as well as the technique by Petrazuoli et al. ], consist
in a re nement of the frames decoded by DISCOVER, while PropBis a re nement of the
frames obtained by Alg. Il. It can be observed that PropA and PropB always achieve a
gain w.r.t. the previous works ,II%] especially for sequeees containing high motion.

The gains become even more signi cant for a GOP size equal to.8n fact, for PropA,
we obtain a bit reduction up to  28:01%, which corresponds to an improvement of 4
dB on the decoded frames w.r.t. DISCOVER codec. The proposedhethod PropB allows
a signi cant gain of up to 3:38 dB, with a rate reduction of 53.:03%, compared to the
DISCOVER codec. These maxima of performance gain are obtagd for the Foreman
sequence.

Figs.[4.22 and[4.ZB show the RD performance of the DISCOVER daec, the Alg. Il,
PropB, H.264/AVC Intra, and H.264/AVC No motion, for Stefan , Foreman, Bus, Coast-
guard, Soccer and Hall sequences, for GOP sizes of 4 and 8. Therformance of the pro-
posed method PropB is superior to that of H.264/AVC Intra for all test sequences, except
for the Soccer sequence with a GOP size of 4, and Bus and Socsaquences with a GOP
size of 8. The proposed method can outperform H.264/AVC No mtion for Coastguard
and Foreman sequences.

4.3.4 Conclusion

In this section, we proposed a new approach for Sl re nementni the case of long duration
GOPs. Each decoded WZF is used to adapt the initial motion seech area, along with
the adjacent decoded frames. The adapted search area is thersed to re-estimate the Sl,
along with the previous and next decoded frames, with a varille block size. Experimental
results show that our proposed method can achieve a gain in Rperformance of up to 061
dB for a GOP size of 8, compared to the Alg. Il, 28 dB compared to the one proposed by
Petrazzuoli et al. B], and 357 dB compared to DISCOVER codec, especially when the
video sequence contains high motion.
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Figure 4.22: RD performance comparison among the DISCOVER adec, the Alg. Il, the proposed
method, H.264/AVC Intra, and H.264/AVC No motion, for Stefa n, Foreman and Bus
sequences, for GOP sizes of 4 and 8.
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Figure 4.23: RD performance comparison among the DISCOVER adec, the Alg. Il, the proposed
method, H.264/AVC Intra and H.264/AVC No motion, for Coastg uard, Soccer and
Hall sequences, for GOP sizes of 4 and 8.
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4.4 Conclusions

In this chapter, we proposed three di erent approaches to inprove the quality of the Sl
in transform-domain DVC. First, a new method is proposed for SI generation based on
backward and forward motion estimation. The backward and faward motion elds are
rst estimated for large blocks of 32 32 pixels. Then, each block is divided into four
blocks and a quadtree re nement algorithm is used to selecttie motion vectors for those
blocks from the already estimated motion vectors. The same cedure is repeated until
the block size becomes 4 4 pixels. Furthermore, a motion vector is selected among the
backward and forward motion vectors for each block. In additon, spatial smoothing and
bi-directional motion estimation are applied to re ne the m otion vectors. Finally, motion
compensation is applied using the reference frames to obtaithe SI.

In the second part, we proposed a new approach which consisiis adapting the search
area to the current motion, after decoding the rst DCT band, using the PDWZF and
the two reference frames. First,N large blocks are uniformly selected in the PDWZF and
the block matching is carried out between the PDWZF and the backward (and forward)
reference frame. Then, the obtained motion vectors for thos large blocks are used to
adapt an initial search area. The PDWZF is used along with thebackward (and forward)
reference frame to successively improve the Sl using the ageed search area.

Finally, we proposed a new method to re-estimate the Sl usindghe already decoded
WZFs, for long duration GOPs, in transform-domain DVC. First, all WZFs are decoded
within the current GOP. Then, the Sl is re-estimated using the already decoded WZF
along with the neighboring backward and forward decoded franes. More speci cally, a
variable block size algorithm is used during the re-estimabn with the adaptation of the
search area. Finally, the reconstruction is carried out agan using the enhanced Sl to obtain
the improved WZF.

All three proposed methods allow consistent performance gas compared to DIS-
COVER codec and to other techniques that can be found in the kerature. They can
be applied separately or in a combined way. Even though addibnal steps are added to
the decoder, most of the time the decoding computational lod is decreased, compared to
DISCOVER codec, due to the fact that the enhanced Sl allows foa quicker convergence of
the iterative decoding procedure. At the same time, the necgsary bit rate for the decoding
of the WZFs is also decreased.

The material in this chapter was published in:

1 A. Abou-Elailah, F. Dufaux, J. Farah, M. Cagnazzo, and B. Pesquet-Popescu \Suc-
cessive Re nement of Side Information using Adaptive Seait Area for Long Dura-
tion GOPs in Distributed Video Coding ", 19th International Conference on Tele-
communications (ICT 2012), April, Jounieh, Lebanon.

2 A. Abou-Elailah, G. Petrazzuoli, F. Dufaux, J. Farah, M. Cagnazzo, and B. Pesquet-
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Popescu \Side Information Improvement in Transform-Domain Distributed Video
Coding ", SPIE, Applications of Digital Image Processing XXXV Conference August
2012, San Diego, CA United States.
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In this chapter, we propose a new method for enhancing the Sini transform-domain
DVC. This solution consists in combining global and local Slat the decoder. The global
motion parameters are computed at the encoder, based on a lesomplexity estimation
technique: For a given WZF, feature points of the two origind reference frames and of
the original WZF are extracted by carrying out the Scale-Invariant Feature Transform
(SIFT) [ algorithm. Then, a matching between these featue points is applied. Next,
we aim at nding the matches that belong to the global motion in the scene. For this
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purpose, we propose an e cient algorithm that consists in eiminating iteratively the false
matches due to local motion, in order to estimate the paramegrs of a global motion model
between the current WZF and the backward or forward referene frame. The parameters
of the global model are sent to the decoder in order to generata S| based on Global
Motion Compensation (GMC), and referred to as GMC SI. On the aher hand, another
Sl is estimated using the MCTI technique (local motion estimation) with spatial motion
smoothing, exactly as in DISCOVER codecEldﬂS]. This Sl willbe called MCTI SI.

Furthermore, two di erent methods are proposed to combine GVMC S| and MCTI SI
frames. In the rst method, the sum of absolute di erences (SAD) between the correspond-
ing blocks in the two estimations is used for the combinationof the two Sl frames. Based
on the obtained SADs, a binary or a linear combination is perbrmed. The second method
consists in using Support Vector Machine (SVM) to fuse GMC Sland MCTI SI. In this
case, the SVM classi er provides a decision for each block ithe WZF. Then, a binary or
a linear combination is also performed based on the decisioof the SVM classi er.

In addition, we propose an improvement technique for the fugon of GMC Sl and MCTI
SlI, by a re nement of the Sl after the decoding of the rst DCT b and. Starting with the
fusion of GMC SI and MCT]I SI, the decoder reconstructs a Partally Decoded Wyner-Ziv
Frame (PDWZF) by correcting the Sl with the parity bits of the rst DCT band. Here, two
variants of the algorithm are proposed to enhance the rst fusion. The rst one consists
in improving the fusion after decoding the rst DCT band, usi ng the PDWZF, while the
second uses the PDWZF along with the decoded DC coe cients. 1 is important to note
that these approaches are very e cient in terms of the computational load.

Moreover, we also propose to successively improve the fusi@f GMC Sl and MCTI Sl
after the decoding of each DCT band. Here, two variants are ao proposed. In the rst one,
the fusion is simply re ned using the PDWZF after decoding each DCT band. The second
method consists in improving the fusion using the PDWZF alorg with the backward and
forward reference frames. This method consists in re-estiating the false motion vectors
obtained by the MCTI technique, after the decoding of each DO band, similarly to the
re nement techniques previously exposed in the two former bapters.The fusion between
GMC Sl and MCTI Sl is iterated after each improvement of the PDWZF-.

This chapter is structured as follows. After recalling the most relevant related work
in Section[5.1, the estimation of the GMC Sl is introduced in Sction[5.2. The proposed
techniques for the fusion of GMC Sl and MCTI Sl are then descibed in Section[5.3, along
with the experimental results. The methods for enhancing tre fusion of GMC Sl and MCTI
S| during the decoding process are presented in Sectign b.4ittv the experimental results.
Finally, conclusions are drawn in Sectiol 5.b.
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5.1 Related work

The goal of distributed compression is to achieve a coding eciency similar to the best
available hybrid video coding scheme, while ensuring a loweencoding complexity. However,
DVC has not reached the performance level of classical inteframe coding yet. This is in
part due to the quality of the SlI, which has a strong impact on the nal Rate-Distortion
(RD) performance.

Commonly, the Sl is generated by applying the MCTI technique on consecutive ref-
erence frames and already reconstructed WZFs. The quality fothe Sl is poor in certain
regions of the video scene, like in areas of partial occlusis, fast motion, etc. In this
case, a hash information may be transmitted to the decoder irorder to improve the Sl.
However, the encoder needs to determine in advance the regise where the interpolation
at the decoder would fail. In @]], hash information is &tracted from the WZF being
encoded and sent only for the macroblocks where the sum of sgred di erences between
the previous reference frame and the WZF is greater than a céain threshold. In [E?I],
global motion is estimated at the decoder in order to adapt tenporal inter-/extrapolation
for SI generation.

In ?@], the authors proposed a Witsenhausen-Wyner Video Cding (WWVC) that
employs forward motion estimation at the encoder and sendstte motion vectors to the de-
coder to generate the Sl. This WWVC scheme achieves better prmance than H.264/AVC
in noisy networks and su ers a limited loss (up to 05 dB compared to H.264/AVC) in
noiseless channels. The authors irL_L&S9] proposed a novel fn@work that integrates the
graph-based segmentation and matching to generate interiew Sl in Distributed Mul-
tiview Video Coding.

The problem of Sl fusion has been addressed in Multiview DVC Wwere two Sl are
usually generated. The rst Sl (Sl;) is generated from previously decoded frames in the
same view, while the second one () is estimated using previously decoded frames in
adjacent views. The authors in ] proposed several new thoiques for the fusion of S|
and Sl, . Dufaux [Iﬂ] proposed a solution that consists in combiningSl; and SI, using
SVM.

In [B]B]Bl], the authors presented DVC schemes that caist in performing the
motion estimation both at the encoder and decoder. In ], he authors propose a pixel-
domain DVC scheme, which consists in combining low complefy bit plane motion estima-
tion at the encoder side, with motion compensated frame intepolation at the decoder side.
Improvements are shown for sequences containing fast and iwplex motion. The authors
in [B] present a DVC scheme where the task of motion estimatin is performed both at
the encoder and decoder. Results have shown that the coopdian of the encoder and de-
coder can reduce the overall computational complexity whié improving coding e ciency.
Finally, a DVC scheme proposed by Dufauxet al. dﬂ] consists in combining the global
and local motion estimations at the encoder. In this schemethe motion estimation and
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Figure 5.1: Block diagram of the proposed GMC technique.

LB

compensation are performed both at the encoder and decoder.

On the contrary, in the proposed method, the local motion esimation is only performed
in the decoder, while the global motion parameters are estirated in the encoder using a low-
complexity SIFT algorithm. The global parameters are sent to the decoder to estimate the
GMC SI and the combination between the GMC Sl and MCTI Sl is made at the decoder
side.

5.2 Global Motion Estimation and Compensation

In this section, we describe the estimation technique of thelobal parameters based on the
feature points. Then, the generation of the global SI (GMC S) at the decoder is shown,
and a solution is proposed to remedy for eventual black bords in the generated GMC SI.

5.2.1 Global Parameters Estimation

Fig. shows the block diagram of the proposed GMC technige. At the encoder side,
we extract the feature points of the Backward Reference Frama (BRF), Forward Refer-
ence Frame (FRF), and the original WZF. These feature pointsare extracted by applying
the SIFT algorithm [. Matching between the feature points of the WZF and the back-
ward and forward reference frames is then applied in order tastimate the global motion
parameters de ned by the two transforms Ty, and T; , respectively.

In this context, several global motion models are analyzedn order to choose the most
suited one for our proposed method. Three parametric modelare considered: translational
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motion model (two parameters), a ne motion model (six param eters), and perspective
motion model (eight parameters). The perspective motion malel is de ned as follows:

(

(ap + azX; + agyi)=(asxi + azy; +1)
(a1 + auXi + asyi)=(asX; + azyi +1)

Ui

Vi

where (ag; a1; :::; a7) are the motion parameters, ;, yi) denotes the pixel location in the
WZF, and (u;, v;) the corresponding position in the backward or forward refeence frame.
The ane ( ag = a7y = 0) and the translational (a, = a5 = 1;a3 = a4 = ag = a7y = 0)

models are particular cases of the perspective model.

Afterwards, we carry out an e cient algorithm on the feature matches that estimates
the parameters of the model between the WZF and the BRF. This &yorithm allows us to
remove the false matchesj.e., the matches that exist on individual objects of the scene
and correspond to local motion. The motion parameters betwen the WZF and the FRF
are estimated in the same way.

The motion parameters are estimated by minimizing:

X
E = f (Ei) (5.2)
i=1
with
E; ifEi<T
f(E|) — | | '
0 otherwise

where E; represents the error of feature match numberi, and N represents the number

of the feature matches between the two frames. In the aim of iareasing the robustness of

the estimation technique to false feature matches, a thresbld T is de ned so as to take

into account only the most accurate feature matches, corrgsonding to a xed percentage.
The error of feature match numberi is de ned as:

Ei= (u ri)?+(v s)?: (5.2)
where (

Age + AzeXj + AzeYi=(AgeXi + azeyi +1)
ate + ueXi + aseyi=(aeeXi + azeyi + 1)

ri

S

(ri;si) are the coordinates in the backward or forward reference fme, corresponding
to the feature point (X;;y;) in the WZF, according to the actual estimated parameters
(Qve; Ae; i35 A7¢).

The owchart diagram of the proposed algorithm for the estimation of the global model
parameters is depicted in Fig[5.2. The algorithm consists bthe following steps to estimate
the parameters of the two transforms T, and T; describing the motion models between
the WZF and the backward and forward reference frames, respively:
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Figure 5.2: Flowchart diagram of the proposed global model prameters estimation.

Step 1 - N feature matches are obtained between the original WZ and theoriginal

reference (backward and forward) frame using SIFT algorithm. Typically, a large

number of matches are found. However, in the unlikely case wére no matches are
found (e.g. in the case of a shot cut), the global motion estimtion procedure is
stopped and only MCTI Sl is used.

Step 2 - Commonly, the moving objects appear mostly in the center of he frame.

In order to increase the probability of the feature matches kelonging to the global

motion compared to the local motion, the proposed algorithmtakes the feature points

that belong to the top and bottom quarters of the frame (n feature matches are taken,
n <N ). This step allows a quick and accurate convergence of the gbrithm.

Step 3 - The parameters of the modelT}, (respectively T¢ ) are estimated by minimizing
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Figure 5.3: The obtained feature matches between frames 17/d 21 of Bus sequence before (blue,
top) and after (red, bottom) applying the proposed algorithm.

the Euclidean distance estimated on then feature matches (Eq.[51),i.e., between
the feature points in the WZF and the corresponding feature mwints in the backward
or forward reference frame.

Step 4 - The error of each matchE; (n matches) is computed according to Equation
(BE2). If the maximum error Emax (Emax = max(E;)) is greater than a threshold T,
go to Step 5. Otherwise, go to Step 7.

Steps 5 and 6 - The feature matches which give the largest errors (the top T%of the
distribution E;) are discarded, and the rest of the feature matches are takefor the
next iteration (i = i +1). Then, go to Step 3.

Step 7 - The feature matches of the entire frame N feature matches) are fed into the
estimated model to identify the valid feature matches. The fature match that gives
an error greater than T, is considered to be false match (belongs to the local motion)
and discarded.

Step 8 - Finally, the algorithm computes once again the parameters bthe model Ty
(respectively T¢ ) by taking into account only the valid feature matches (belonging
to the global motion) of the entire frame.

In this algorithm, at most Nax iterations are carried out. In most cases, the algorithm
converges rapidly before theNyax iterations. We have empirically chosenNmax =5
and Te = 1 in our simulations.
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Backward GMC Sl GMC SI Forward GMC Sl

Figure 5.4: Sl generated by GMC.

Fig. 5.3 shows the feature matches between the frames no. 1ha 21 of the Bus
sequence. The top frames represent the feature matches (@) obtained by applying the
method in [{E] (60 feature matches are obtained). The bottonframes represent the feature
matches (red) obtained by carrying out our algorithm (14 feaure matches are removed).
It is clear that the proposed technique discards all featurematches corresponding to local
motion.

Once the transforms T, and T; have been estimated at the encoder, the computed
parameters (4 in case of a translational model, 12 in case ohaa ne model, or 16 for the
perspective model) are sent to the decoder for each WZF.

5.2.2 Global SI Generation

At the decoder side, the parameters off, and T; are respectively applied to the backward
and forward decoded reference frames in order to estimate hGMC SI. Similarly to MCTI

SlI, the GMC Sl is obtained by averaging both backward and forvard predictions. Fig.
shows a computation example of a GMC SI; the top left image repesents the BRF, the
top center image represents the original WZF and the top righ image represents the FRF.
Then, the bottom left image represents the backward GMC SlI, vinere Ty, is applied to the
decoded BRF, and the bottom right image represents the forwed GMC SI, where T; is
applied to the decoded FRF. Finally, the average between theixels of the backward and
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Figure 5.5: PSNR of GMC SI for Stefan, Foreman, Bus and Coastgard sequences, for various
global motion models.

the forward GMC Sl frames is computed to generate the GMC SI, ad is shown at the
bottom center. However, when the pixels are black (on the baders of the image due to
camera motion) in the backward GMC Sl frame, only the pixels d the forward GMC Sl

frame are taken for the GMC SI, and vice versa:

8
2 BSI(p) if FSI(p) is black
GMC Sl(p) = S FSI(p) if BSI(p) is black (5.3)
BSIEFESIR)  otherwise

where BSI and FSI are the backward and forward GMC SI, respedtely.

The experimental assessment of the quality of GMC S, realied for various global mo-
tion models, is shown in Figure[5.5 for Stefan, Foreman, Busand Coastguard sequences
(QCIF, at 15 Hz). As it can be seen from the obtained results, he translational model
allows a small gain in the Foreman sequence, but it generallyails when the global mo-
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Table 5.1: Final SI average PSNR for GOP size equal to 2 (Ql = 8)for Stefan, Foreman, Bus and
Coastguard sequences for di erent global models.

Final SI Average PSNR [dB]
Sequence [ Stefan [ Foreman | Bus [ Coastguard
GOP =2
Translation 23.26 27.84 21.42 25.41
Ane 23.98 27.66 22.93 25.91
Perspective 24.08 27.59 22.84 25.49

Stefan sequence

24.5 . T . .
> 5 o * ® ®

= -
S,
0: -
Z
n
al -

21.5 Il Il Il Il

8 10 12 14 16 18

Number of bits / parameter

Figure 5.6: Average PSNR of the GMC Sl frames in terms of numbieof bits per parameter (i.e., af-
ne global parameters) for Stefan sequence, for a GOP size .

tion becomes more complicated, as in Stefan and Bus sequescéOn the other hand, the
perspective model is less robust in the case of noisy matcheBable shows the average
PSNR of the Sl frames, for Stefan, Foreman, Bus, and Coastgued sequences, with the
di erent models. For Stefan sequence, the perspective modiean achieve a small gain com-
pared to the a ne model. The latter leads to the best PSNR average for Foreman, Bus,
and Coastguard sequences. Therefore, the a ne model will bedopted for the rest of this
chapter.

First, ap and as represent the scale parametersas and a4 represent the shear para-
meters and the parametersag and a; represent the translation vector between the two
frames. In a video sequence, the amount of scaling and sheag between successive frames
remains typically small, whereas the translation vector my be large. Fig.[5.6 represents
the average PSNR of the GMC Sl frames as a function of the numbreof bits per parameter,
for Stefan sequence, for a GOP size of 2. The quality of the GMGI becomes stationary
after 12 bits per parameter. As for the a ne parameters transmission, we encode each
parameter using 15 bits.

Speci cally, the parameters a, and a5 can be written as 1+s f, wheres is the sign
of the number andf a positive oating value (f < 1). We encodes and f using 1 bit and
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Original WZF (26)

Visual difference

Figure 5.7: Original WZF number 26 of Coastguard sequence,hie corresponding estimated GMC
Sl and the visual di erence between GMC S| and the original WZF.

14 bits respectively. The parametersaz and a; can be written ass f, where s is the
sign of the number andf a positive oating number (f < 1). We encodes and f using
1 bit and 14 bits respectively. For the translation parametas ap and a;, the maximum
translation between two frames is considered to be 128 pixels. Thus, these parameters
can be written ass (n+ f), where s, n, and f represent the sign of the number, an
integer number (n < 128), and a positive oating number (f < 1) respectively. Then,s is
encoded using 1 bit,n and f are encoded using 7 bits respectively.

For the case of a video at QCIF resolution and 15 Hz with a GOP sie of 2, the
supplementary data burden, for the transmission of the a ne parameters, will be only 180
(2 6 15) bits (15 bits/parameter) per WZF (1:35 kbps). Thus, the bitrate overhead
necessary to transmit the global parameters is negligible.

5.2.3 GMC SI borders improvement

The borders of the original frames can be black in some sequees such as the Coastguard
sequence. In the estimation process of the GMC SlI, the bordsrof the obtained Sl frames
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Table 5.2: Average PSNR of the GMC SI before and after bordermprovement, for all GOP sizes

(Q1'=8).
[ Sequence | Stefan | Foreman [ Bus [ Coastguard |

GOP =2

Initial GMC Sl [dB] 24.02 28.42 23.10 25.92

GMC SI [dB] 25.88 30.70 23.10 29.28
GOP =4

Initial GMC SI [dB] 23.43 27.39 22.53 24.99

GMC SI [dB] 25.27 29.62 22.53 28.19
GOP =38

Initial GMC Sl [dB] 23.12 26.51 21.95 24.52

GMC SI [dB] 24.85 28.62 21.95 27.50

cannot be black due to the global shift of the reference fran®(i.e., camera motion). Fig.[5.4
shows an example of the GMC SlI, for frame number 26 of Coastgud sequence. As we
can see, the right borders of the GMC Sl is not black, unlike tte original WZF. Indeed,
this e ect perturbs the quality of the estimated SI by GMC. Fo r this reason, we propose
an approach that allows improving the quality of the GMC Sl for sequences containing

black borders.
For this purpose, after the estimation of the GMC SlI, the dierence between the

reference frames at the borders is considered. More specatly, for an image having NR
rows and NC columns, a windoww of three pixels is de ned as follows:

w="f(xy):x2[L3][ [NR 3;NR];y2[13][ [NC 3;NC]g (5.4)

For each block b2 w (b represents a block of 1 8 or 8 1 pixels), the average absolute

di erence between the decoded BRF and FRF is calculated by:
1 X
DBFp, = = JBRF(p) FRF(p)j (5.5)

8
p2b

The GMC Sl is then updated according to the obtained di erence DBFy, as follows:

(
BRE(PIFRECP)  if DBF < Th
GMC SI(p) otherwise

GMC SI(p) = (5.6)

where Th is a threshold (it is empirically set to 30).
Fig. shows the PSNR of the initial GMC S| and of the GMC SI ater the enhance-

ment of the borders, for Stefan, Foreman, and Coastguard semnces, for GOP sizes of
2 and 8. It is clear that the proposed approach can improve theborders of the GMC SI
estimation.

In Table 5.2, we show the average PSNR of the initial GMC SI andof the GMC Sl
after updating the borders. Border enhancement allows a casistent gain for sequences
containing black borders like Stefan, Foreman, and Coastgard sequences. The gain can
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Figure 5.8: PSNR of the initial GMC Sl and of the GMC Sl after border improvement, for Stefan,
Foreman, and Coastguard sequences, for GOP sizes of 2 and 8.

reach 336 dB for Coastguard sequence, with a GOP size of 2.
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Figure 5.9: Overall structure of the proposed DVC codec bask on the combination of GMC Si
and MCTI SI.

5.3 Fusion of MCTI SI and GMC SI

The current section deals with the fusion between MCTI SI andGMC SlI, both generated
at the decoder, as described in the previous section. The ppmsed scheme is illustrated in
Fig. 5:9. Here, two di erent methods for combining MCTI Sl and GMC Sl are proposed.
The rst method is based on the SADs between the correspondig blocks in the two
estimations, while the second one uses SVM to combine the tw8I frames.

5.3.1 Fusion based on SADs between corresponding blocks

Let us call the backward and forward reference frames respéeely Rg and Rg, for short.
Moreover, we denote byIQB and Rg the results of the GMC transforms Tg and T applied
to Rg and Rg. The GMC Sl is simply de ned as the average of the framesRg and R .
On the other hand, let Rg and Rg be the backward and forward compensated reference
frames estimated by the MCTI technique.

The block size adopted for the fusion step is 4 4 pixels. Fig.[5.10 shows the combination
of the global and local motion estimations. For a given blockB in the current Sl, the
following steps are carried out:

Step 1 - The global transforms Ty, and T; are applied to the backward and forward
reference frames respectively. The corresponding block® the current block B are
now directly Bgp and By¢ in the same position of the current block. Then, the SAD
betweenBg, and Bys is computed using an 8 8 window around the blocksB g, and
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Figure 5.10: Fusion of global and local motion estimations.

SADgmc jBgb Bygt]

X33
IRE(Xi3Y))  Re(Xi:Y))j
i= 4j= 4

(5.7)

where (Xi;Yj) =(Xo+ i;yo+ ]), and (Xo; Yo) is the coordinate of the center pixel of
the current block B.

Step 2 - The SAD is computed between the corresponding block8, and By in the
backward and forward reference frames, these blocks beingtermined by the MCTI
technique. The SADycT is computed using a 8 8 window around the blocksB
and By :

SADwcTi jBib Bi}j

x3x

IRE(Xi7Y))  Re(Xi;Yj)i
i= 4j= 4
(5.8)

where (Xi;Yj) =(Xo+ i;yo+ j), and (Xo; Yo) is the coordinate of the center pixel of
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the current block B.

Step 3 - Based on SADQsuc and SADycT , we propose two methods for combining
the global and local motion estimations. The rst method consists in a binary fusion
of the two SI frames and the second method aims at linearly cotrining the two Sl
frames.

SAD binary fusion - The GMC SI and MCTI Sl are combined using SADgmc
and SADycTt as follows:

GMC SI(b if SAD < SAD
SI(b) = (b) i oue MCTI (5.9
MCTI Sl(b) otherwise

This method is referred to as 'SADbin'.

SAD linear fusion -  Inspired from [@], a linear fusion of GMC Sl and MCTI Sl
is proposed as follows:

SADpcr (GMC SI) + SAD gme  (MCTI SI)
(SADgmc + SAD e )

Sl(b) = (5.10)

This method is referred to as 'SADIin'.

At the border of the image, if the pixels of the block By, or Byt are black due to
the shift resulting from the application of the global transforms, the GMC Sl is only
taken into account to generate the fusion of these blocks (irthis case, the pixels in
the GMC Sl are only taken from B gy if the block By is black and vice versa).

The error distribution between the corresponding DCT bandsof SI and WZFs is neces-
sary for the Slepian-Wolf decoder, in order to correct the erors in the DCT Sl coe cients.
Furthermore, an o ine process for determining this distrib ution is not realistic, since it
requires either the encoder to recreate the Sl or to have ther@inal data available at the
decoder. In Ell], the correlation noise is estimated onlinat the decoder, using the residual
frame (denoted by RF) between the backward and forward motiem compensated reference
frames as a con dence measure for the frame interpolation agration. Here, this approach
is adopted for the MCTI Sl:

RFvcr (XY) = RE(xy)  Re(Xy) (5.11)

For GMC SI, the dierence between the transformed decoded réerence frames (by
applying the transforms T, and T;) is computed to create the residual frame for the
correlation noise:

(

RFawc (X Y) = if R (x;y) or Re (x;y) is black

0
Rr(x;y) Rg(xy) otherwise (5.12)
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Figure 5.11: Overall structure of the proposed DVC codec basd on SVM.

The correlation noise for the new Sl (fusion of MCTI SI and GMC SI) is estimated by
combining the two residual frames RRycti and RFguc in the same manner as in FigC5.700.
In other words, the two residual frames are combined accordig to the fusion scheme of
MCTI SI and GMC SlI.

5.3.2 Fusion using Support Vector Machine

The block diagram of our proposed codec architecture is depted in Fig. 5.11. The three
new modules in this system are the Model construction, the Gissi cation, and the gener-
ation of SVM SlI, which will be described in this section.

Each block in the SI can be predicted from either GMC Sl or MCTI SI using the
SVM classi er. In this work, we use the SVM-9M software implementation E*]. We have
investigated several kernels in this context, without noticing a signi cant impact on the
system performance. Therefore, a linear kernel will be usebereafter.

First, the training stage used to generate the model is desdbved, along with the clas-
si cation procedure. Then, the proposed methods are desdoied for the combination of
GMC Sl and MCTI SI, based on the predicted value by the SVM clasi er.

Model and Classi cation

Fig shows the main modules of the proposed SVM method toegperate SVM Sl (a
combination of GMC Sl and MCTI Sl using SVM). First, we select the most discriminative
features to be used in SVM. For this reason, three features arestimated in the proposed

method as follows: 8
2 f1=SADgwmc

fo = SAD mcT (5.13)
f3=SADgmc SADwcTi

>
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Figure 5.12: Proposed SVM-based combination algorithm to gnerate SVM SI.

where SADgyc and SADycr are de ned in Egs.[5.7 and[5.B respectively. Note that we
have considered di erent types of features, but we retain hee the three ones (Eq.[5.1IB)
that give the best results.

In the training stage, the rst WZF is encoded using the H.264/AVC Intra mode, as
in the encoding of the Key-Frames (KFs). This frame is used tdbuild the model for SVM.
For each 4 4 block b, the two SADs between the WZF and the GMC SI and MCTI Sl
respectively, Dgmc and DycT , are computed according to:

Demc = JWZF(p) GMC SI(p)j

_ _ (5.14)
Dmcmi = JWZF(p) MCTI SI( p)j

The block b is assigned to GMC Sl ifDgmc is smaller than Dycr (a label of +1 is
set in this case), or to MCTI SI otherwise (with a label of 1). Only the N blocks that
give the largest di erence D between the two SADs © = jDgmc  Dwmcri j) are taken in
the training stage. This step allows increasing the accurag of the training stage. In our
experiments, N has been empirically set to 300 blocks (about 20% of the totahumber of
blocks). However, the value ofN has a moderate impact on the RD performance of the
proposed method.

The features (1, f2, and f 3) are computed for those selected blocksN = 300 blocks),
and used in the training step, in order to create the rst model (i.e., nd the hyperplane
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that separates the blocks of GMC S| and MCTI SI) for the classication. Next, the clas-
si cation procedure is carried out on the rst WZF using this model. The SVM classi er
gives a decision valuel for each block d represents the distance between this block and the
separating hyperplane). The predicted valued indicates the class of the block as follows:

8
% fd>0
GMC SI class
otherwise

MCTI Sl class

The well-classi ed blocks are de ned based on the predicted/alue d, Dgmc , and Dy :

8
% if (d>0andDgmc <D mcmi ) or (d< 0andDgmc > D mcTi )

This block is well-classi ed
otherwise
This block is not well-classi ed

The blocks that are well-classi ed are taken into account fo a second learning stage,
in order to produce the nal model. This model will then be used in the classi cation
procedure for all WZFs in the sequence.

In the classi cation, three features f 1, f,, and f3 are computed for each WZF using
GMC SI and MCTI SI. The SVM classi er computes a predicted value for each block
based on the features and the obtained model.

Based on this value, we de ne two fusion algorithms. The rst algorithm consists of
a binary combination of GMC SI and MCTI SI. The second algorithm linearly combines
the two SI.

SVM binary fusion - In this method, the value d is directly used to combine the

two Sl as follows:

GMC SI ifd>0
Si(b) = ha=s (5.15)
MCTI SI otherwise

where d represents the classi cation label at blockb. This method is referred to as "SVM-
bin'.

SVM linear fusion - This method aims at linearly combining GMC S| and MCTI
Sl. The linear combination is de ned as follows:

8
> GMC S ifd>T

Si() = _ MCTI SI if d<( T) (5.16)
(T+d) GMC SI;(TT d) MCTI SI if de T

where T represents a threshold. In our experiments;T has been empirically set to 3. This
method is referred to as "SVMIin'.
Oracle fusion -  This method is impractical, but it aims at estimating the upp er
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Figure 5.13: PSNR of MCTI SI, GMC SlI, and the fusion of MCTI SI and GMC Sl (SADbin) for
Stefan, Foreman, Bus and Coastguard sequences for a GOP siaé 2.

bound limit that can be achieved by combining GMC SI and MCTI S, using the original
WZF. This fusion is de ned as follows:
GMC SI if DGMC <D MCTI

SI(b) = _ (5.17)
MCTI SI otherwise

where Dgmc and Dyct are de ned in Eq. [5.14. This method is referred to as 'Oracle’

5.3.3 Experimental results

In order to evaluate the performance of the proposed methodswe performed extensive
simulations, adopting the same test conditions as descrilze in DISCOVER [El Eh ie.
test video sequences are at QCIF spatial resolution and santgd at 15 frames/sec. The
obtained results of the proposed methods SADbin (Eq[C5I9), ADIin (Eq. £.10), SVMbin

(Eq. B2I83) and SVMIin (Eq. B.14) are compared to the DISCOVER codec, to the GMC,
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Figure 5.14: Visual quality of the original WZF( top-left), the Sl obtained by MCTI Sl (top-right),
by GMC SI (bottom-left), and by the fusion of MCTI SI and GMC SI (bottom-right),
for frame number 6 of Stefan sequence.

and to "Oracle’ fusion (Eq.[5.1T7).

S| performance assessment

Fig. shows the SI PSNR of MCTI SI, GMC SI, and the fusion ofthe two Sl frames
(SADbin) for Stefan, Foreman, Bus, and Coastguard sequencg for a GOP size of 2. For
Stefan and Foreman sequences, the quality of the GMC Sl is badr than that of the MCTI
SlI, in most cases. However, for Bus and Coastguard sequengceése MCTI Sl is, most of
the time, better than the GMC SlI. It is clear that the fusion of global and local motion
estimations can achieve the best quality SI in most frames,dr all sequences. When the gap
between the quality of MCTI SI and GMC Sl is high, the fusion method can signi cantly
reduce the gap (i.e. in such conditions, the fusion achieves performance very close to the
best case).

Fig. shows the visual quality of the Sl for frame number 6f Stefan sequence. The
S| obtained by DISCOVER codec (MCTI) contains block artifacts (top-right - 21:46 dB).
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"GMC" < PSNR = 23.86 dB > "SADbin" < PSNR = 28.76 dB >

Figure 5.15: Visual quality comparisons among the originalframe (top-left), the Sl obtained by
MCTI SI (top-right), GMC Sl (bottom-left), and the fusion of MCTI Sl and GMC Sl
(bottom-right), for frame number 14 of Bus sequence.

On the contrary, the Sl obtained by the GMC technique is free fom these artifacts (bottom-
left - 27:63 dB). However, the foreground object Stefan is poorly esthated in GMC SlI.
The Sl improvement obtained with our fusion technique SADbin (bottom-right - 28 :16 dB)
is 6:7 dB compared to MCTI. Fig. shows the visual quality of the SI for frame number
14 of Bus sequence. In this case, the Sl obtained by MCTI is b&tr than the one obtained
using GMC. However, the fusion of global and local motion esimations (SADbin) achieves
a gain up to 275 dB, compared to MCTI, for this frame.
Figure 5.18 shows the percentage of blocks that are taken fro the MCTI SI, the GMC

Sl, and the border (due to camera motion) during the fusion ofglobal and local motion
estimations for Stefan, Foreman, Bus, and Coastguard sequees. The border corresponds
to the blocks that are taken from only one side in the estimaton of GMC SI (from the
backward or forward globally compensated reference framek.g. when this block is black
in the backward (or forward) GMC SI due to camera motion. The percentage of MCTI
S| and GMC Sl in the fusion of global and local estimations depnds on the sequence. It
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Figure 5.16: Percentage of blocks in the combination from Ml SI, GMC SlI, and the border for
Stefan, Foreman, Bus and Coastguard sequences.

is clear that the percentage of the border increases with themount of camera motion in
the sequence.

Figs[5.17 and5.1B show the original frame and the Sl regionshat are taken from the
MCTI SI (white) and from GMC SI (black), for the frame number 1 6 of Stefan, Foreman,
Bus, and Coastguard sequences. The gray color representsettblocks taken from GMC
S| due to the camera motion. It is clear that most of the backgound blocks are taken
from GMC SI (global motion), and that object blocks are taken from the MCTI Sl (local
motion).

Fig. shows the PSNR of the S| estimated by MCTI and by the poposed methods
SADbin and SVMbin, for Foreman sequence, for GOP sizes of 2 @h4. The proposed
method SVMbin allows a signi cant gain compared to MCTI S| and a consistent improve-
ment compared to the proposed fusion SADbin, where the gaingaches 4 dB for some
frames.
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Figure 5.17: Frame number 16 of Stefan and Foreman sequencasd the corresponding di erent
regions in the fusion of MCTI SI and GMC SI. The white regions represent the blocks
that are taken from MCTI Sl, the black regions represent the docks taken from GMC

SI, and the gray regions represent the blocks correspondingp the border (camera
motion).

Figure 5.18: Frame number 16 of Bus and Coastguard sequencesd the corresponding di erent
regions in the fusion of MCTI SI and GMC SI. The white, black, and gray regions

represent the blocks that are respectively taken from MCTI S, GMC SI, and the
border (camera motion).

Fig. shows the visual di erence of the Sl for frame numbe of 125 of Foreman
sequence, for a GOP size of 8. The Sl obtained by MCTI technigel has a poor quality, as
shown in this gure (top-right - 18 :33 dB). The proposed method SADbin can improve
the quality of this SlI, with a gain of 5:26 dB compared to MCTI SlI. In addition, the Sl
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Figure 5.19: PSNR of MCTI Sl and the proposed methods SADbin ad SVMbin, for Foreman
sequence, with GOP sizes of 2 and 4.
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Figure 5.20: Visual di erence of the S| estimated by MCTI, SAD-fusion, and the proposed SVM
methods, for frame number 125 of Foreman sequence, for a GORze of 8 (Ql = 8).

obtained by the proposed method SVMlin is signi cantly better than the ones estimated
by both MCTI and SADbin. The gain is 5 :5 dB compared to the proposed method SADbin,
for this frame.

Table shows the average PSNR of the Sl obtained with MCTI,GMC, SADbin,
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Table 5.3: Sl average PSNR for a GOP size equal to 2, 4, and 8 (G 8).

S| Average PSNR [dB]
Method [ MCTI [ GMC [ SADbin [ SADlin [ SVMbin [ SVMIiin | Oracle
GOP =2
Stefan 22.78 25.88 26.27 26.22 26.47 26.55 27.23
Foreman 29.38 30.70 30.82 31.02 31.24 31.33 31.94
Bus 25.37 23.10 27.30 27.19 27.25 27.52 28.34
Coastguard 31.47 29.28 32.00 31.92 32.08 32.18 32.57
GOP =14
Stefan 21.44 25.27 25.31 25.24 25.59 25.66 26.48
Foreman 27.64 29.62 29.27 29.51 29.81 29.91 30.75
Bus 24.00 22.53 26.27 26.23 26.23 26.49 27.30
Coastguard 29.91 28.19 30.76 30.74 30.88 31.00 31.43
GOP =8
Stefan 20.78 24.85 24.76 24.70 25.05 25.13 26.00
Foreman 26.29 28.62 28.09 28.33 28.71 28.81 29.71
Bus 22.95 21.95 25.26 25.26 25.22 25.47 26.24
Coastguard 28.82 27.50 29.85 29.85 29.98 30.09 30.58

SADIin, SVMbin, and SVMIin, for Stefan, Foreman, Bus, and Coastguard sequences for
GOP sizes of 2, 4, and 8. It is clear that the proposed fusion nteods SADbin, SADIin,
SVMbin, and SVMIin can improve the quality of the SI compared to MCTI for all test
sequences and all GOP sizes. The proposed technique SVMliedds to the best S| quality
for all test sequences.

Rate-Distortion performance

The RD performance of the proposed methods GMC, SADbin, SADOh, SVMbin, and
SVMIin is shown with the Oracle fusion for the Stefan, Bus, Foeman, and Coastguard
sequences in Tablé 5]4, in comparison to the DISCOVER codeajsing the Bjontegaard
metric [11], for GOP sizes of 2, 4, and 8. The rst column repraents the performance of the
GMC scheme,i.e., the Sl is only generated using the global motion estimationthe second
and third columns represent the performance of the binary ad linear combinations of the
global and local estimations respectively, and the fourth ad fth columns represent the
performance of the binary and linear fusions of global and loal Sl using SVM. The last
column represents the performance of the Oracle fusion whicconsists in combining the
global and local motion estimations based on the original WE. The Oracle performance
is shown as an upper bound limit in order to assess the e cienyg of the proposed fusion
method.

The GMC method can achieve a signi cant gain compared to DIS@VER codec for
Stefan and Foreman sequences, for a GOP size of 2, and for Sief Foreman, and Bus
sequences, for GOP sizes of 4 and 8. For Stefan sequence, taagompared to DISCOVER
codec reaches 64, 321, and 396 dB for GOP sizes of 2, 4, and 8 respectively.

The proposed fusion methods SADbin, SADIin, SVMbin, and SVMin can achieve an
important gain compared to DISCOVER codec for all test sequaces and all GOP sizes.
The proposed method SVMIin always performs better than the ¢her fusion methods for
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Table 5.4: Rate-distortion performance gain for Stefan Foreman, Bus, and Coastguard sequences
towards DISCOVER codec, using Bjontegaard metric, for a GOPsize of 2, 4, and 8.

[ Method [ GMC [ SADbin [ SADlin [ SVMbin [ SVMIiin | Oracle |
GOP =2
Stefan
r (%) -23.67 -22.39 -19.69 -23.63 -23.26 -25.46
psnr  [0B] 1.64 1.54 1.33 1.65 1.62 1.80
Foreman
r (%) -8.51 -7.51 -8.71 -10.90 -11.47 -13.57
psnr [0B] 0.52 0.46 0.53 0.68 0.72 0.86
Bus
r (%) 6.14 -12.10 -9.28 -12.17 -12.75 -15.71
psnr [0B] -0.34 0.76 0.57 0.76 0.80 1.00
Coastguard
r (%) 10.02 -4.40 -3.01 -4.90 -5.24 -7.43
psnr  [0B] -0.47 0.22 0.15 0.25 0.26 0.38
GOP =4
Stefan
r (%) -42.38 -39.59 -34.48 -41.59 -40.80 -44.52
psnr  [0B] 3.21 2.94 2.45 3.16 3.07 3.44
Foreman
r (%) -21.89 -15.14 -17.62 -22.59 -23.44 -28.50
psnr [dB] 1.35 0.90 1.06 1.41 1.47 1.84
Bus
r (%) -1.09 -23.60 -20.05 -23.83 -24.59 -29.14
psnr  [0B] 0.07 1.55 1.29 1.58 1.63 1.97
Coastguard
r (%) 8.53 -13.26 -11.18 -14.89 -15.49 -20.08
psnr [0B] -0.35 0.58 0.48 0.66 0.69 0.91
GOP =8
Stefan
r (%) -49.34 -46.05 -40.30 -48.27 -47.60 -51.89
psnr  [0B] 3.96 3.61 3.00 3.89 3.80 4.26
Foreman
r (%) -30.51 -20.88 -23.41 -30.36 -31.25 -36.90
psnr  [0B] 1.99 1.28 1.45 1.98 2.05 2.51
Bus
r (%) -8.60 -28.23 -25.10 -28.64 -29.67 -34.63
psnr  [0B] 0.54 1.97 1.71 2.01 2.09 2.49
Coastguard
r (%) -2.37 -22.47 -20.19 -25.02 -25.69 -31.72
psnr  [0B] 0.10 1.04 0.92 1.18 1.21 1.55

Foreman, Bus, and Coastguard sequences, for all GOP sizesoiFStefan sequence, SVMbin
achieves the best performance among all fusion methods, fall GOP sizes.

It is clear that the performance of the proposed fusion techigues SVMbin and SVMIin
becomes closer to that of "Oracle' fusion, compared to DISC@ER, for all test sequences.
Their gap towards the “Oracle' is smaller than 05 dB for all GOP sizes.

The gains obtained with our fusion techniques become even me signi cant for a GOP
size equal to 8. In fact, for SVMbin, we obtain a bit rate redudion of upto  48:27%, which
corresponds to an improvement of 389 dB on the decoded frames w.r.t. DISCOVER codec,
for Stefan sequence. For Foreman sequence, SVMIin allows aig of up to 2:05 dB, with
a rate reduction of 31:25%, compared to the DISCOVER codec.

For Soccer sequence, the fusion of MCTI SI and GMC SI does notllaw a gain com-
pared to MCTI Sl, due to the fact that global motion estimatio n does not improve the
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Figure 5.21: RD performance comparison among DISCOVER, GMCSADIin, SVMIin, H.264/AVC

Intra and H.264/AVC No motion for Stefan, Foreman, Bus, and Coastguard sequences,
for a GOP size of 2.

prediction quality.

Figs.[5.21 and[5.2P show the RD performance performance of ¢hDISCOVER codec,
GMC, SADIin, SVMIin, Oracle, H.264/AVC Intra, and H.264/AV C No motion for Stefan,
Foreman, Bus and Coastguard sequences for GOP sizes of 2 ande&spectively. The pro-
posed method SVMIin can achieve a gain compared to H.264/AVONo motion for Stefan,
Bus, and Coastguard sequences. In addition, it can reduce thgap with H.264/AVC No
motion for Foreman sequence.

Complexity assessment

The complexity of the SIFT algorithm and the matching process increases with the number
of feature points and therefore depends on the video contenHowever, given that original
frames are used for global motion estimation, the complexit of the SIFT algorithm is
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Figure 5.22: RD performance comparison among DISCOVER, GMCSADIin, SVMIin, H.264/AVC
Intra and H.264/AVC No motion for Stefan, Foreman, Bus, and Coastguard sequences,
for a GOP size of 8.

independent of the RD operating point.

For 60 to 120 feature points, typical for sequences such as Feman or Coastguard, the
encoding complexity is increased by 15 to 30 % compared to thBISCOVER codec. In

], it is shown that the encoding complexity of WZFs is abou 1=6 the average encoding
complexity of H.264/AVC Intra or H.264/AVC No motion. There fore, despite the com-
plexity increase due to SIFT, the encoding time for the propsed scheme remains lower
than the one for H.264/AVC Intra or H.264/AVC No motion.

With the proposed DVC scheme or DISCOVER, the encoding compxity saving com-
pared to conventional H.264/AVC Intra or No motion coding in creases with the GOP size,
as fewer KFs are used. However, DISCOVER tends to perform ver poorly at a large
GOP size, making such operating points less attractive. In ontrast, the proposed scheme

performs almost equally well at GOP sizes of 2, 4, and 8. Henceur system makes the
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use of large GOP sizes more appealing, since it allows for amportant reduction in the
encoding complexity compared to conventional coding techigues.

In order to further reduce the encoding complexity, SpeededUp Robust Features
(SURF) [H] could be used instead of SIFT to extract feature mints. Indeed, it has been
shown that SURF achieves similar performance to SIFT with a geatly reduced complex-
ity. Therefore, SURF could be e ectively used at the encoderto extract feature points,
allowing for a marginal increase in complexity compared to DSCOVER.

Finally, it should be noted that the execution time of the decoding process is signi c-
antly reduced due to the enhancement of the Sl, which resultén fewer requests through
the feedback channel, despite the additional processing faylobal motion compensation.

5.3.4 Conclusion

First, a new technique for the fusion of global and local moton estimations is proposed
in this chapter. This fusion is based on the SADs between the @responding blocks in
the global and local SI. Based on these di erences, binary a linear combinations are
performed.

Second, a new technique based on SVM for the fusion of globahd local Sl is invest-
igated. Three features are de ned and the SVM classi er gives a predicted value for each
block in WZF. Based on the predicted values, we propose a bimg and a linear fusion of
the two Sl frames.

Experimental results show that our proposed method can acldve a gain in RD per-
formance up to 1:65 dB for a GOP size of 2 and 39 dB for longer GOP sizes, compared to
DISCOVER codec, especially when the video sequence contairhigh global motion. The
improvement becomes even more important as the GOP size ineases.

5.4 Fusion enhancement during the decoding process

In this section, two di erent approaches are introduced to improve the fusion of GMC Sl
and MCTI Sl (SADbin) during the decoding process. The rst one consists in improving
the fusion using the decoded DC coe cients and the PDWZF, after decoding the rst
DCT band. The second one consists in re ning the MCTI SI during the decoding of the
DCT bands, and, at the same time, successively improving thdusion between the two Sl
frames using the PDWZF.

5.4.1 Fusion enhancement after the decoding of the DC band

Once the decoded DC coe cients are obtained after decodingtie rst DCT band ( i.e. DC
band), a PDWZF (called PDWZF p¢) is reconstructed. The PDWZFpc and the decoded
DC coe cients are used to re ne the fusion of the two Sl frames (MCTI SI and GMC
SI). Then, the improved Sl is used to decode the remaining DCTcoe cients, i.e., the AC
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Figure 5.23: Fusion improvement using the decoded DC coe cénts.

coe cients. This improved technique is motivated by the fact that the enhancement of the
Sl signi cantly reduces the amount of requested parity bits through the feedback channel,
as well as the decoder processing time.

Here, two approaches are proposed to improve the combinatioof the global and local
Sl using the PDWZFpc and the decoded DC coe cients. The rst approach consists in
exploiting the PDWZF pc to enhance the fusion of the two estimations and it is referrd
to as 'FsPF'. The second approach aims at using the PDWZpc with the decoded DC
coe cients to improve the combination of global and local SI frames. This approach is
referred to as 'DCFsPF".

FsPF method - For each 4 4 block, the SADs between the PDWZRp ¢ and the
GMC Sl and MCTI SI are computed as follows:

x3 X3

SGMC; = JGMC SI(i + Xo;] + Yo) PDWZFpc(i + Xo;j + Yo)i
i=0 j=0
x3 X

SMCTI; = jMCT| S|( i + Xo;j + yo) PDWZF DC(i + Xo;j + yo)]
i=0 j=0

(5.18)

where (Xo; Yo) is the coordinate of the origin of the current block. The fusgon consists in
choosing the most similar block in MCTI SI or GMC S to the current block in PDWZF pc.
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In other words, the block that gives the smallest SAD is chose for the next Sl as follows:

GMC SI if SGMC 1 < SMCTI,

Sl(b) = .
MCTI SI otherwise

(5.19)

Then, the improved Sl is used to decode the remaining DCT bans.

DCFsPF method - Recall that the WZF is transformed using a 4 4 block-based
integer DCT. The DC coe cients are quantized using a quantization step Qstep. In order
to improve the fusion, for each block in the current WZF, the decoded DC coe cient is
compared to the DC coe cients of MCTI SI and GMC SlI.

For the current block in the FSI (the rst fusion of GMC Sl and M CTI Sl), let DD pc¢
be the decoded quantization DC coe cient. We refer to the quantization interval that
corresponds to DDy¢ by the term “correct interval', as shown in Fig. [5.Z23. Let "Middle'
be the center of the correct interval:

Qstep (5.20)

Middle = DD p¢c + 5

Let GMC pc and MCTlI pc be the DC coe cients of the GMC S| and MCT]I Sl transformed
using a 4 4 block-based integer DCT respectively. The distanced gmc and LcT
between the Middle and GMCpc and MCTI pc are computed using:

Lemc = jMIdd'e GMCch
Lvet = leddIe MCTI ch
(5.21)

The FSI enhancement technique is described by several stejps follows:

if Lemc <L mct and SGMC; < SMCTI,
The fusion for this block is selected from GMC Sl
otherwise
if Lmcti <L gmc and SMCTI, < SGMC,
The fusion for this block is selected from MCTI SI
otherwise
The fusion for this block is the average of GMC Sl and MCTI Sl

* WWRRRKARN/

In both FsPF and DCFsPF techniques, the improved Sl is used todecode the re-
maining DCT bands b (k > 1). In these approaches, the rst fusion of GMC Sl and
MCTI Sl is improved once after decoding the rst band by using the decoded coe cients
and the PDWZFpc. In addition, the correlation noise model is updated accoréhg to the
improvement of the fusion of MCTI and GMC SlI.




5.4. Fusion enhancement during the decoding process 121

5.4.2 Fusion enhancement after each decoded DCT band

First, a simple approach is proposed for improving the fusio of GMC SI and MCTI SI,
after decoding each DCT band, using the PDWZF. For this purpcse, let PDWZFy be
the PDWZF obtained after the decoding of the kth band k. In this approach, the SADs
between PDWZF, and GMC SI and MCTI are computed for each 4 4 block:

X3 3

Semc = JGMC SI(i + Xo;j + Yo) PDWZF(i + Xo;j + Yo)]
i=0 j=0
X3 3

Svcti = JMCTI SI(i + Xo;] + Yo) PDWZF (i + Xo;] + Yo)]
i=0 j=0

(5.22)

Based on $uvc and Sycr , the fusion is improved according to the block which gives tke
smallest SAD as follows:
SIh) = GMC SI if SGM(.; < SvcT (5.23)
MCTI Sl otherwise
The enhancement of the fusion is carried out after each decadl DCT band without chan-
ging the initial estimations GMC S| and MCTI Sl during the dec oding process. This
approach is referred to asFsPFAIl'

On the contrary, the second approach consists in improving NCTI S| during the decod-
ing process while the GMC Sl remains unchanged. Afterwardshe fusion of GMC Sl with
the improved MCTI Sl is performed after decoding each DCT bard. MCTI enhancement
consists in re-estimating the suspect vectors by integratig the algorithm that we formerly
proposed in Chapter 3, due to its high performance. This algdthm is applied after the
decoding of each DCT band. Furthermore, the fusion betweentte global and local motion
estimations is carried out after each improvement of the loal motion estimation using the
PDWZF . This method will be referred to as'Fslter' .

Let MCTI Sl ¢ be the MCTI Sl used at the decoding of the bandb, (MCTI Sl ; is the
initial MCTI SI). The algorithm consists in re-estimating t he vectors suspected of being
false. For a given block (8 8 pixels), the Mean of Absolute Di erences (MAD) between
the PDWZF ¢ and the MCTI Sl is calculated and compared to a thresholdT; as follows:

MAD(MCTI S| ; PDWZF ((MV )) < T1; (5.24)

whereMV = (MVy;MVy) is the candidate motion vector. An extended block of 12 12
pixels is considered for calculating the MAD.

If Eq. (B224) is not satis ed, the motion vector is identied as a suspicious vector and
will be re-estimated. Otherwise, the motion vectorMV for this block is only re ned twice
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within a small search area; the rst time, after the decoding of the rst DCT band and
the second time after the decoding of all DCT bands. This stepconsists in relaxing the
symmetric bidirectional motion vectors constrained in MCTI and allows a small re nement
of those estimated motion vectors. In the simulations, we hee setT; = 4 after preliminary
tests, in such a way to achieve high performance with a low coputational load.

The re nement of MCTI Sl ¢ is applied during the decoding process by using this
algorithm after decoding each DCT band. It starts by a rst de coding of the FSI frame
(i.e. the Sl obtained after the rst fusion of MCTI SI ; and GMC SI) using the parity bits
of the rst DCT band. The reconstructed PDWZF  is then used for re nement, together
with the backward and forward reference frames. After each & nement step, the fusion
of MCTI SI and GMC Sl is applied using the PDWZF : For each block in the actual SI
(4 4 pixels), the SADs between the PDWZF, and MCTI Sl and GMC Sl are computed
using a window of 8 8 pixels as follows:

X3 X3
Semc, = JGMC SI(i + Xo;j + Yo) PDWZF (i + Xo;j + Yo)]
i= 4j= 4
X3 X3
Sveti, = JMCTI Sl (i + Xo3] + Yo) PDWZF (i + Xo;] + Yo)i
i= 4j= 4
(5.25)

The fusion consists in choosing the block in MCTI Sk or GMC Sl that gives the smallest
SAD to the current block in PDWZF :

GMC SI if Semc, < Swicti ¢

Sl(b) = .
MCTI Sl otherwise

(5.26)

The enhancement of MCTI Sl is carried out after each decoded BT band using this
approach and the fusion is performed after each improvement

5.4.3 Experimental results

To assess the performance of the proposed methods throughnsilations, we adopted,
once again, the same test conditions as in DISCOVERHAD 5],. fie obtained results are
compared to the DISCOVER codec, the Alg. Il (Chapter 3), the H.264/AVC Intra (Main
pro le), H.264/AVC No motion ( i.e. all motion vectors are zero), and H.264/AVC with
Inter prediction and motion estimation in Main pro le explo iting temporal redundancy in
an IB...IB... structure.
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for Stefan, Foreman, Bus, and Coastguard sequences, for a GCsize of 2.

Table 5.5: Sl average PSNR for a GOP size equal to 2, 4, and 8 (G4 8).

70

S| Average PSNR [dB]
Method [ MCTI [ GMC [ SADbin [ FsPF [ DCFsPF [ FsPFAIl [ Alg. Il | Fslter
GOP =2
Stefan 22.78 25.88 26.27 26.76 27.09 27.52 26.61 28.85
Foreman 29.38 30.70 30.82 31.55 32.18 32.65 34.45 35.56
Bus 25.37 23.10 27.30 28.07 28.59 29.20 27.78 29.53
Coastguard 31.47 29.28 32.00 32.11 32.53 33.16 32.35 33.46
GOP =14
Stefan 21.44 25.27 25.31 25.92 26.32 26.81 25.97 28.33
Foreman 27.64 29.62 29.27 30.22 30.94 31.46 33.63 34.76
Bus 24.00 22.53 26.27 27.21 27.77 28.36 27.33 29.04
Coastguard 29.91 28.19 30.76 30.93 31.41 31.95 31.49 32.53
GOP =8
Stefan 20.78 24.85 24.76 25.47 2591 26.39 25.63 28.00
Foreman 26.29 28.62 28.09 29.14 29.85 30.38 32.93 34.04
Bus 22.95 21.95 25.26 26.36 26.94 27,51 26.69 28.57
Coastguard 28.82 27.50 29.85 30.07 30.55 31.05 30.88 31.84

80
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Sl performance assessment

Fig. shows the SI PSNR of the Sl estimated by MCT], the fugon of MCTI and GMC
S| (SADbin), the improvement of the fusion after decoding the rst band using PDWZF
(FsPF), and the enhancement of the fusion after decoding therst band using PDWZF
with the decoded DC coe cients (DCFsPF), for Stefan, Foreman, Bus, and Coastguard
sequences, for a GOP size of 2. It is clear that the methods F$Pand DCFsPF can improve
the quality of the Sl for all test sequences. As we can see, thexploitation of the decoded
DC coe cients with the PDWZF (DCFsPF) allows a gain compared to FsPF.

Table shows the average PSNR of the Sl obtained with MCTI,GMC, SADbin,
FsPF, DCFsPF, FsPFAIl, Alg. I, and Fslter, for Stefan, Fore man, Bus, and Coastguard
sequences, for GOP sizes of 2, 4, and 8. It is clear that the ppmsed methods can sig-
ni cantly improve the quality of the SI compared to the rst f usion SADbin, for all test
sequences and all GOP sizes. The proposed technique Fslteyalds to the best S| quality
for all test sequences.

Rate-Distortion performance

The RD performance of the di erent methods is shown in Table[58 for Stefan, Bus, Fore-
man and Coastguard sequences, with GOP sizes of 2, 4, and 8.1Alhe proposed methods
can achieve a gain compared to the rst fusion SADbin. DCFsPF allows a gain up to
2:21 dB, compared to DISCOVER, with a rate reduction up to 33:21 %, for Foreman
sequence, with a GOP size of 8. On the other side, the rst fusin achieves a gain of
1:27 dB with a rate reduction of 20:88 %. Thus, the DCFsPF method can improve the
fusion by using the decoded DC coe cients and the PDWZF;, especially when the gap
between the rst fusion and the Oracle fusion is high (refer © the results of Foreman and
Coastguard sequences in Table’5.4). Moreover, the DCFsPF ntieod is very light in terms
of computational load.

The proposed method Fslter can achieve a signi cant gain compared to DISCOVER
codec and Alg. I, for all sequences and all GOP sizes. The gaireaches 459 dB with a
rate reduction of 5398 %, when Alg. Il achieves a gain of 51 dB with a rate reduction
of 3413 %, for Stefan sequence, with a GOP size 8. For Foreman sequez, the gain
obtained with Fslter becomes 365 dB and the rate reduction 4786 %, facing 302 dB and
41:88 % for Alg. Il. It can be seen that the Fslter method allows animportant performance
improvement compared to the rst fusion of global and local motion estimation, especially
for Foreman and Stefan sequences.

The RD of Alg. Il, the proposed methods DCFsPF and Fslter, H.264/AVC Intra,
H.264/AVC No motion and H.264/AVC Inter is shown in Table 571 Figs. and[5.26
show the RD performance curves for Stefan, Bus, Foreman, an€oastguard sequences.
The performance of the proposed method Fslter is always beér than both H.264/AVC
Intra and H.264/AVC No motion for all sequences and for all GOP sizes.
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Table 5.6: Rate-distortion performance gain of Alg. Il and the proposed methods forStefan Bus,
Foreman, and Coastguard sequences w.r.t. DISCOVER codec, using Bjontegaard metric

[ Method [ Alg. Il [ SADbin [ FsPF [ DCFsPF [ FsPFAIl [ Fslter |
GOP =2
Stefan
r (%) -14.06 -22.39 -22.92 -23.45 -23.87 -26.51
psnr  [0B] 0.93 1.54 1.59 1.63 1.67 1.89
Foreman
r (%) -16.29 -7.51 -8.99 -12.24 -11.39 -19.68
psnr [AB] 1.05 0.46 0.55 0.77 0.71 1.30
Bus
r (%) -4.50 -12.10 -13.19 -14.23 -14.46 -15.32
psnr [0B] 0.27 0.76 0.83 0.90 0.92 0.98
Coastguard
r (%) -2.24 -4.40 -4.69 -6.07 -6.03 -7.68
psnr  [AB] 0.11 0.22 0.24 0.31 0.31 0.40
GOP =4
Stefan
r (%) -27.84 -39.59 -40.55 -41.68 -42.25 -46.11
psnr [0B] 1.93 2.94 3.03 3.14 3.22 3.65
Foreman
r (%) -32.65 -15.14 -19.28 -25.28 -23.99 -38.12
psnr [dB] 2.19 0.90 1.17 1.60 1.52 2.69
Bus
r (%) -15.82 -23.60 -25.83 -27.73 -27.74 -30.89
psnr  [0B] 0.99 1.55 1.72 1.87 1.88 2.13
Coastguard
r (%) -11.94 -13.26 -14.30 -17.59 -16.57 -21.60
psnrR [0B] 0.52 0.58 0.63 0.79 0.74 1.00
GOP =38
Stefan
r (%) -34.13 -46.05 -47.44 -48.99 -49.58 -53.98
psnr [dB] 251 3.61 3.76 3.93 4.03 4.59
Foreman
r (%) -41.88 -20.88 -26.20 -33.21 -31.52 -47.86
psnr [0B] 3.02 1.28 1.66 221 2.10 3.65
Bus
r (%) -22.83 -28.23 -31.73 -34.31 -34.18 -40.40
psnr [0B] 1.53 1.97 2.25 2.47 2.48 3.04
Coastguard
r (%) -24.21 -22.47 -23.93 -28.53 -26.98 -34.51
psnr  [0B] 1.14 1.04 1.12 1.37 1.29 1.74

Fig. 5221 shows the performance of the proposed method Fsitén comparison to that
of H.264/AVC Inter prediction with motion, for Stefan, Bus, Foreman, and Coastguard
sequences. The gap between the performance of H.264/AVC lat prediction with motion
and the proposed method is reduced to a large extent, compageto previous techniques.

The performance of our proposed method is signi cantly beter than the performance
of [@], where the global motion is estimated at the decoder ithout any fusion with the
local motion information. However, it should be noted that da] uses a pixel-domain DVC.
The proposed method in E]d], where the global and local motio estimations are combined
at the encoder, allows a gain up to 1 dB in the high bitrate range, and up to 05 dB in
the low bitrate range, for Foreman sequence and a GOP size of. 2n comparison, our
proposed method achieves an average gain of3r dB for this sequence. In 2@3], where
the local motion estimation task is shared between the encost and the decoder, the RD
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Table 5.7: Rate-distortion performance gain (w.r.t. DISCOVER codec) of Alg. I, H264, and the
proposed methods, forStefan Bus, Foreman, and Coastguard sequences, using Bjon-
tegaard metric.

Method Alg. Il SADbin DCFsPF Fslter H.264/AVC H.264/AVC H.264/AVC
Intra No motion Inter
GOP =2
Stefan
r (%) -14.06 -22.39 -23.45 -26.51 -6.01 -12.10 -38.97
psnr [0B] 0.93 1.54 1.63 1.89 0.42 0.72 3.18
Foreman
r (%) -16.29 -7.51 -12.24 -19.68 6.17 -16.77 -35.90
psnr  [0B] 1.05 0.46 0.77 1.30 -0.41 1.13 2.73
Bus
r (%) -4.50 -12.10 -14.23 -15.32 2.33 0.02 -31.23
psnr  [0B] 0.27 0.76 0.90 0.98 -0.13 -0.02 2.20
Coastguard
r (%) -2.24 -4.40 -6.07 -7.68 30.18 9.92 -17.15
psnr  [0B] 0.11 0.22 0.31 0.40 -1.44 -0.49 1.04
GOP =4
Stefan
r (%) -27.84 -39.59 -41.68 -46.11 -25.40 -27.20 -58.30
psnr  [0B] 1.93 2.94 3.14 3.65 1.78 1.77 5.22
Foreman
r (%) -32.65 -15.14 -25.28 -38.12 -12.28 -30.39 -58.93
psnr [0B] 2.19 0.90 1.60 2.69 0.68 2.08 5.07
Bus
r (%) -15.82 -23.60 -27.73 -30.89 -12.18 -10.33 -49.87
psnr  [0B] 0.99 1.55 1.87 2.13 0.75 0.57 3.87
Coastguard
r (%) -11.94 -13.26 -17.59 -21.60 26.01 14.42 -35.73
psnr  [0B] 0.52 0.58 0.79 1.00 -1.04 -0.64 2.06
GOP =8
Stefan
r (%) -34.13 -46.05 -48.99 -53.98 -36.34 -36.13 -61.58
psnr  [0B] 2.51 3.61 3.93 4.59 2.78 2.56 5.64
Foreman
r (%) -41.88 -20.88 -33.21 -47.86 -28.48 -37.93 -67.93
psnr  [0B] 3.02 1.28 221 3.65 1.93 2.66 6.40
Bus
r (%) -22.83 -28.23 -34.31 -40.40 -27.19 -23.96 -49.98
psnr  [0B] 1.53 1.97 2.47 3.04 1.86 1.50 3.94
Coastguard
r (%) -24.21 -22.47 -28.53 -34.51 0.86 2.00 -50.31
psnr [0B] 1.14 1.04 1.37 1.74 0.04 -0.11 3.01

performance is unfortunately not shown.

5.4.4 Conclusion

In this section, two di erent methods for improving the fusi on during the decoding process
are presented. The rst method consists in exploiting the deoded DC coe cients and the
PDWZF after the decoding of the rst DCT band to improve the r st fusion of MCTI Sl
and GMC SI. The second method aims at exploiting the PDWZF after the decoding of
each DCT band to improve the MCTI SlI, and enhance the fusion ofGMC Sl and MCTI
Sl after each improvement.

Experimental results show that our second method can achiex a gain in RD perform-
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Figure 5.25: RD performance comparison - DISCOVER, Alg.ll, SADbin, DCFsPF, Fsilter,
H.264/AVC Intra, and H.264/AVC No motion for Stefan, Bus, Fo reman and Coast-
guard sequences, for a GOP size of 2.

ance up to 189 dB for a GOP size of 2, and %69 dB for longer GOP sizes, compared to
DISCOVER codec, especially when the video sequence contarhigh global motion. The
improvement becomes even more important as the GOP size ineases.

With the second proposed method, DVC now outperforms H.264/A/C Intra and
H.264/AVC No motion in all reported test conditions. Moreov er, the performance gap
between the proposed DVC scheme and H.264/AVC Inter predicion with motion is signi-
cantly reduced.
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Figure 5.26: RD performance comparison - DISCOVER, Alg.ll, SADbin, DCFsPF, Fsilter,
H.264/AVC Intra, and H.264/AVC No motion for Stefan, Bus, Fo reman and Coast-

guard sequences, for a GOP size of 8.
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Figure 5.27: RD performance of the proposed method Fslter athH.264/AVC Inter prediction with
motion for Stefan, Bus, Foreman, and Coastguard sequencefgr all GOP sizes.
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5.5 Conclusions

In this chapter, we rst proposed an approach to generate a ne/ Sl based on global motion
estimation and compensation (GMC). First, the feature points of the original reference
frames and the original WZF are extracted at the encoder usig the SIFT algorithm. Then,
the matching between the feature points of the WZF and the ba&ward (and forward) ref-
erence frames is carried out. In addition, we proposed an e @nt algorithm to eliminate
the feature matches that belong to the objects. This algorihm allows a robust estima-
tion of the parameters of the global model characterized by he two transforms T, and
T; between the WZF and the BRF and FRF respectively. These globhparameters are
encoded (each parameter on 15 bits) and sent to the decoder.hEn, the transforms Ty
and T; are applied to the decoded backward and forward reference dmes respectively,
to generate the backward and forward GMC SI. Finally, an avelage of the two obtained
frames is applied to obtain the GMC SI.

Second, we proposed di erent approaches to combine the gla and local estimations
at the decoder, in order to generate an improved Sl. The locagstimation is obtained using
MCTI as in DISCOVER codec, and the global estimation is the GMC SI. To this aim, the
SADs between the corresponding blocks in the global and lo¢&stimations are computed.
Based on the obtained SADs, a binary or a linear combination dthe two Sl frames (GMC
Sl and MCTI SI) is performed. Afterwards, we proposed an appoach for combining MCTI
Sl and GMC Sl using a Support Vector Machine (SVM). Based on a onstructed model,
the SVM classi er provides a predicted value for each blockm the SI. Then, a binary or
a linear fusion of the GMC Sl and MCTI Sl is performed based on he predicted value.
These fusion methods achieve a signi cant gain compared to [BICOVER codec, for all
test sequences and all GOP sizes.

Finally, we proposed to improve the fusion of GMC Sl and MCTI Sl during the decod-
ing process. In this context, a rst approach consists in impoving the fusion after decoding
the rst DCT band, using the PDWZF and the decoded DC coe cien ts. A second approach
aims at re ning the MCTI SI based on the PDWZF and the reference frames, after each
decoded DCT band. Then, the fusion of GMC Sl and the improved MCTI Sl is performed
using the PDWZF, after each enhancement of MCTI Sl. These prposed approaches allow
an important gain compared to DISCOVER codec, and a consistet gain compared to the
rst fusion of GMC Sl and MCTI SI.

The material in this chapter has been published in:

1 A. Abou-Elailah, F. Dufaux, J. Farah, M. Cagnazzo, and B. Pesquet-Popescu \Fu-
sion of global and local motion estimation for Distributed Video Coding ", IEEE
transactions on circuits and systems for Video Technology(in press).

2 A. Abou-Elailah, F. Dufaux, J. Farah, and M. Cagnhazzo \Fusion of Global and
Local Side Information using Support Vector Machine in transform-domain DVC
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" European Signal Processing Conference (EUSIPCO)) August 2012, Bucharest,
Romania.
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Chapter 6

Fusion based on foreground
objects estimation
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In this chapter, we propose new methods to combine the globahnd local motion es-
timations. The two estimations MCTI SI and GMC Sl are generated at the decoder, using
the reference frames and the global parameters estimated drtransmitted by the encoder.
Normally, the background pixels are assigned to the global mtion and the foreground
objects are assigned to the local motion. For this reason, th foreground objects are seg-
mented from the backward and forward reference frames at thalecoder side. Then, an
estimation of the foreground objects in the Sl is computed umg the backward and for-
ward foreground objects, while the background pixels are dectly taken from GMC SlI.
However, when the backward and forward global estimation ae averaged to generate the
GMC SlI, an artifact e ect around the foreground objects can occur in GMC SlI, due to
the di erent motion of the foreground objects. This artifact e ect appears in GMC Sl
when the average between the background and foreground pikeis carried out. Here, an
approach is proposed to remove the artifact e ect around theforeground objects in GMC
Sl using the backward and forward segmented foreground obgs.

First, we propose a new method based on elastic curveﬁsﬂﬂ]l?& order to estimate
the foreground objects masks in the estimated SlI. Then, the gels in the estimated masks
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are selected from MCTI SI, while GMC Sl is used to cover all theremaining pixels in the
estimated Sl. More speci cally, the foreground objects maks are generated using the seg-
mented foreground objects in the reference frames. Then, thforeground objects contours
are constructed from the generated masks. Furthermore, theontours are considered as
closed curves and the algorithm in |L_1|4] is used to generate thcurves in the estimated
S| using the curves of the reference frames. Finally, the m&s are generated using the
obtained curves.

Second, two di erent approaches are proposed for generatmthe foreground objects
in the Sl, based on local motion compensation. In the rst appoach, the MCTI tech-
nique is directly applied on the backward and forward foregpund objects to generate the
foreground objects in the Sl. In the second approach, a locahotion estimation method is
proposed to generate the foreground objects in the Sl explthg the backward and forward
foreground objects. Contrary to MCTI technique, in this approach, an extended window is
used in estimating backward motion vectors, bi-directiond motion re nement and spatial
smoothing of the motion vectors are not applied.

Then, a mask is generated using the estimated foreground obgts in the Sl. Based on
the mask, two approaches are proposed to combine global anddal motion estimations.
The rst one aims at directly using the estimated foreground objects and GMC SI. The
second one consists in using MCTI SI for the pixels in the objet mask and GMC SI for
the remaining pixels.

This chapter is structured as follows. The proposed methodgor the fusion of global
and local motion estimations are described in Sectiofi 6l1. ire speci cally, the removal
of artifacts a ecting the GMC Sl is described in Section[6.117], fusion using elastic curves
is described in Sectior 6.1]2, fusion using local motion copensation is described in Sec-
tion 6.1.3, and the oracle fusion is described in Sectioh 6.4. Experimental results are
shown in Section[G.2 in order to evaluate and compare the RD p&rmance of the pro-
posed approaches. Finally, conclusions are presented in @®n B6.3.

6.1 Proposed methods

For the segmentation of the foreground objects, the authordn [IE Iﬂ] propose a coarse-
to- ne segmentation method for extracting moving regions fom compressed video. In the

proposed methods, we consider that the foreground objectsnithe Backward Reference

Frame (BRF) and Forward Reference Frame (FRF) are already sgmented. Here, we are

interested in the combination of global and local motion esimations.

Let Rg and Rg be the backward and forward reference frames respectivelyf.he fore-
ground objects FEis and F; (i =1;2;:::;Ng, Ng is the number of foreground objects) are
already segmented from the backward and forward referencedmes, respectively. Further-
more, the foreground objects masksMg andM 'F are generated from the foreground objects
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Figure 6.1: Original frame number 1 of Stefan Figure 6.2: Foreground object ) of frame
sequence. number 1 of Stefan sequence.

Figure 6.3: Foreground object mask M) of  Figure 6.4: Foreground object contour () of

frame number 1 of Stefan sequence. frame number 1 of Stefan sequence.
according to: 8 (
_ 0 ifFi(xy)=0
% Mg (x;y) = .
1 otherwise
(O (6.1)
E - 0 ifFL(x;y)=0
Mg (Xy) = )
: 1 otherwise

Then, the foreground objects contours are extracted from tke foreground objects masks.
The contours can be considered as closed curves. Herg, and | are the representations
of the backward and forward foreground objects contours. Fis.[6.1,[6.2,[6.B and [6l4
show, respectively, the original frame, the foreground olgct, the foreground object mask
generated from the foreground object, and the generated feground object contour, for
frame number 1 of Stefan sequence.

6.1.1 Artifact removal in GMC Sl using foreground objects ma sks

The two transforms Tg and Tg are de ned as the a ne transforms between the WZF and
the backward and forward reference frames respectively. IIeFI?B and Fb[: be the results
of the GMC transforms Tg and Tg applied to Rg and Rg respectively. The GMC Sl is
simply de ned as the average of the framedRg and Re. Fig. shows an example of a
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Orlglnal frame 3)

Updated GMC Si

Figure 6.5: Original frame, GMC SI, updated GMC SI, Object mask, GMC SI with mask and
updated GMC SI with mask for frame number 3 of Stefan sequence

GMC SI (top center) and the GMC Sl with the object mask (bottom center), for frame
number 3 of Stefan sequence. As we can see, the background amnd the foreground object
in GMC Sl is a ected by the shifted foreground objects due to dobal motion. In this case,
the background in one of the reference frames is averaged \ithe foreground objects of
the other reference frame. We propose to remove this artiface ect around the foreground
objects using the obtained segmented foreground objects diie reference frames.

The masksMg and Mg are de ned as the union of all foreground objects masksMé
and ML respectively:

8

S
3 Mg= M

= 6.2
s 8 (6.2)
. F— F

Let Mg and M be the results of the GMC transforms Tg and Tg applied to the
masks Mg and Mg respectively. flg and K¢ are used in order to remove the artifact
of the pixels in the background around the foreground objecs. First, each pixel in the
transformed framesRg and Re is assigned to either the background or the foreground
objects, usingMg and M. Then, in order to avoid the averaging between the backgroud
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and the foreground objects, the GMC Sl can be updated as folles:

S if Mg(x;y)=21and Me(x;y)=0
% GMC SI(x;y) = Re(x;y)
otherwise
g if Mg(x;y)=0and Me(x;y)=1
GMC SI(x;y) = Rg (x;y)

In such situations, only the background is taken for GMC SI. Hg. shows the updated
GMC SI (top right) and the updated GMC SI with the object mask, for frame number
3 of Stefan sequence. It is clear that the artifact e ect is ranoved around the foreground
object compared to the GMC SlI.

6.1.2 Fusion using elastic curves
The function is de ned as follows:

'D7! R?

t7! (xy) (6-3)

wheret 2 D =[0;1] and (x;y) represent the coordinates of each point in the contour. For
the purpose of studying the shape of , it is represented using the Square Root Velocity
(SRV) function de ned as q: D 7! R? ]:

q(t) = G—— (6.4)
N4
wherejj:jj is the Euclidean norm in R? and —= f’j—t The curve can be obtained usingq
as follows: Z,
(t) = . a(s)jjacs)jjds (6.5)

The backward and forward curves | and | are considered as closed curves in our ap-
plication, but they are considered as open curves when ndig the best matching between
them. Here, we aim at nding the estimated curve . between the backward and forward
curves. The algorithm used to estimate . is described as follows (we refer the reader to
] for the theory behind this estimation): First, the SRV representation of the curve {)
is computed as follows:
- 5()
() = g (6.6)
i ()]
At the beginning of this algorithm, the parameters min, t, and k are respectively set

to2 , 1, and zero.
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Compute gi(t) using L(t)
Initialization (kK =0; mn =2 and t = %)

Y

NO

YES

Set ()= I(t Kk(t))and compute ¢ (t)
Compute Ry using d,(t) and ¢ (t)
Update ¢ (t) = R1:¢ (t)
Compute again 7 (t) using the updated ¢ (t)
Compute (t) by applying DP algorithm using gj(t) and ¢ (t)
Re-sample 3 (t) = 7 ( ISIR)) and compulte g (t)

Compute =cos ! _ g(t)g (t)dt
k=k+1

NO

YES

min = ;kczk;R:RlandQ}(t)zqi‘(t) )7

Compute di(t) = (3) = L ”q{)(t) + %y (t)l

cos (-mn—)

Then, estimate (t) = Ré(Reo‘.'e(s))jj(Reo’.é(s))jj0|S

)

Figure 6.6: Algorithm proposed in E] for estimating L(t).

Step 1 - A circular shift of k( t) is applied on the forward curve }(t) as follows:

TO= ft k() (6.7)
Then, the SRV representation of “]1 (t), denoted by q}- (1), is computed using Eq.[6.4.

Step 2 - Rotation: The optimal rotation between q}) and q% is given by Rz as follows:
Ri= UIVT (6.8)

where Z
[U;S;V]=SVD(B), B= d(t)g (t)Tdt and | =
D

RO

(6.9)

or
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SVD stands for the Singular Value Decomposition of matrix B. If det(B) < 0, the
last column of I changes sign before multiplication in Eq[6.8. Theng~is multiplied
by R; as follows:

o (t) = Rugf () (6.10)
Following that, € (t) is used to reconstruct 7 (t) as follows:

T = . & ()it (s)ijds (6.11)

Step 3 - Reparameterization: This step consists in usingc;,i3 and q% to nd a function
(1), by applying the Dynamic Programming (DP) algorithm. The o btained function
(t) is used to re—samplej‘; (t) as follows:

T = 1) (6.12)

Furthermore, ¢ (t) is again computed using the updated™ (t) (Eq. 6:4).

Step 4 - Compute the length of the geodesic as follows:

Z
=cos * ) a(t)e (t)dt (6.13)

If < min,the parameters min, ke, R and q‘f (t) are updated as follows:

s R-R: (6.14)

G (t) = € (1)
Then, k is settok +1. If k is smaller thann, go to Step 1. Otherwise, go toStep 5

Step 5 - The geodesic ( ); 2 [0;1] that connectsq‘a(t) and C}'f (1), is de ned as follows:

()= SiN(min (1 )G +sin( min )G (1) (6.15)

It is clear that (0) = d(t) and (1) = 4j (t). This equation allows predicting
the curves between the backward curve | and the forward curve | at any time
2 [0; 1]. Here, we aim at estimating the curve at the middle betweerthe backward
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Figure 6.7: The backward curve L(t) (left, frame number 1), the forward curve f' (t) (right, frame

number 3) and the estimated curve L(t) (center, = %) between the backward and
forward curves.

and forward curves. For this reason, we compute (%) to obtain d.(t) as follows:

d0= () = gcy SNEEIG0 +sn(-3E W

1 qm+d
Ccos (%)

(6.16)
Then, d.(t) is projected ] in C° to obtain &(t) (C° represents the closed curves)
Step 6 - The objective of this step is to obtain the curve L(t) using @(t) with the
rotation matrix R. The rotation matrix can be written as follow:

!
cos( ) sin(' )
sin(") cos()

where' is the angle of rotation. The rotation matrix R for the estimated curve can
be written as follows:

|
cos( ¢) sin( )

sin( ¢) cos( ¢)

e =

where ¢ = 5 The curve L(t) can be estimated as follows:
z

e(t) = . (Relk(9)) i (Retk(s))jids (6.17)
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Figure 6.8: The backward curve L(t) (left, frame number 1 of Stefan sequence), the forward cure
i (t) (right, frame number 5) and the three estimated curves L(t) for = ;% and 2
(center curves).

Fig. shows an application example of this algorithm, whee we show the backward
curve L(t) (left curve) of frame number 1 of Stefan sequence, the forwd curve }(t)
(right curve) of frame number 3 of this sequence, and the esthated curve L(t) (center
curve) between the backward and forward curves using this @orithm. Moreover, Fig.
shows the backward curve l‘)(t) (left) of frame number 1 of Stefan sequence, the forward
curve ! (t) (right) of frame number 5 of Stefan sequence and the estimad curves L(t)
for = 1;2 and 3(center curves).

The obtained curves ‘e(t) are then used to obtain the foreground objects maskst\/lj9
by covering all the pixels lying inside the curves. The maskM is de ned as the union of

all masks M \:
Me= M} (6.18)

Then, to generate the SlI, the pixels inside the maskM ¢ are selected from MCTI Sl and
the background pixels from GMC Si:

SI(x:y) = MCTI SI( x;y) if Me(x;y)=1 (6.19)
Y GMC SI(x;y) otherwise '

This fusion method is referred to as 'FusElastic'.

6.1.3 Fusion using local motion compensation

In this section, we propose to apply the MCTI technique B’] to the foreground objects
in order to estimate the local motion. Then, a new scheme fordcal motion estimation is
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Figure 6.9: Foreground objects number 1 and 9 of Foreman seeguce, split into 16 16 blocks.

proposed.

Applying MCTI on the foreground objects

In this approach, the MCTI technique is applied to the backward foreground object Fé
and the forward foreground objectF , in order to estimate the foreground objectF |,y in
the Sl. In this case, there are blocks entirely black, partlyblack or entirely white. Fig.
shows foreground objects for frame number 1 and 9 of Foremareguence, splitinto 16 16
blocks. In contrast, MCTI Sl is estimated by applying the MCT | technique to the whole
(Background and Foreground) reference frames. LeEyct be the union of all foreground
objects in the SI, which are estimated using the MCTI technicue:
I
Fmet = Fumem (6.20)
i=1

The mask M ycT is generated from the estimated foreground object&yct as follows:

(
0 if Fmer (x5y)=0
M MCTI (X; y) = ) (6.21)
1 otherwise

Here, we propose two approaches for the combination of globand local motion estim-
ations, based on the generated masM ycr . The rst approach consists in fusing GMC
Sl with the estimated foreground objectsFyct using:

F X; if M X;y)=1
Si(xy) = mcTi (X;Y) veT (xy) (6.22)
GMC SI(x;y) otherwise
This method is referred to as 'FOMCTI".
The second approach fuses GMC SI and MCTI Sl (taken within themasks) and is
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Figure 6.10: Proposed method for foreground objects estintan.

de ned as follows:

MCTI SI( x;y) if Mpcm (X3y) =1

SIl(x;y) =
y) GMC SI(x;y) otherwise

(6.23)

This method is referred to as 'FOMCTIZ2'.

Proposed local motion estimation

In this section, we propose a new method for estimating the fieground objects in the Sl,
using the backward and forward foreground objects. The propsed scheme is illustrated
in Fig. B10. This technique is referred to as Foreground Olgct Motion Compensation
(FOMC).

Low-Pass Filtering:  The backward Fg and foreground F; foreground objects are
low-pass Itered in order to improve the motion vectors reliability.

Backward Motion Estimation: A Block Matching Algorithm (BMA) is applied
to estimate the backward motion vector eld. This estimatio n is done using a block
size 16 16, a search area$) of 32 pixels, and a step size of 2 pixels. First, if
all the pixels in the current block bin FL and the co-located block inF} are black
(corresponding to non-object pixels), the motion vector isset to O for this block (see
Fig. £9). In the case when the blockb is partly black, the BMA is used to nd the
corresponding block {.e., BMA can nd the most similar shape).

In the BMA, the Weighted Mean Absolute Di erence (WMAD) crit erion is used to

compute the similarity between the target block b in the forward foreground object

frame F‘F and the shifted block in the backward foreground object frane FE‘; by the

motion vector v (vx;Vy) 2 S, as follows:
Rre Rre . q

WMAD( biv) = -5 JFE(GY)  Fe(x+viy+w)j 1+ vZ+v2

X= ey= e

(6.24)

with a penalty factor used to penalize the MAD by the length of the notion vector

kvk = v+ vZ (itis empirically set to 0:05). An extended block of (16+2e;16+2€)
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(e being empirically set to 8) is used in the WMAD. The best backward motion vector
V for the block bis obtained by minimizing the WMAD as follows:

Vp =arg miznS WMAD( b;vi): (6.25)
Vi

Motion Vector Splitting: Here, the obtained motion vectors are divided in such a
way to obtain bi-directional motion vectors for the blocks in the estimated foreground
object Floye - For each blockbin Fly,,. , the distances between the center of the
block b and the center of each obtained motion vector are computed. fie closest
motion vector to the block bis selected. Then, the selected motion vector is associated
to the center of the block b, and divided by symmetry to obtain the bidirectional
motion eld.

Bi-directional Motion Compensation: Once the nal bidirectional motion vec-
tors are estimated, the FLo,c can be interpolated using bidirectional motion com-
pensation as follows:

Flowc ()= S(Fh(p+ s+ Fh(p s); (6.26)

where sy and s, are the bidirectional motion vectors, associated to the posion
p = (x;y), toward the F} and FL respectively.

The Floyc is estimated for each foreground object (i = 1;2;::;No). Then, all Floy,c
are combined to formFropmc as follows:

[¢]

FFOMC = Fli:OMC (627)
i=1

Furthermore, the mask Mgomc is generated usingFromc as follows:

0 if Fromc (X;y)=0
Mromc (X)Y) = _ (6.28)
1 otherwise

Here, two approaches are proposed to combine the global anddal motion estimations
using Mromc - The rst one aims at combining GMC Sl and Fronc as follows:

SIxy) = Fromc (X;Y) if Mromc (Xy) =1 (6.29)
’ GMC SI(x;y)  otherwise '

This method is referred to as 'BmEst'".
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The second approach consists in combining GMC Sl and MCTI Sl a follows:

’ GMC SI(x;y) otherwise '

This method is referred to as 'BmMCTI'.

6.1.4 Oracle method

In this section, we describe the oracle method which consistin fusing GMC Sl and MCTI
Sl using the foreground objects masks of the original WZFs. et Mzr be the union of
all foreground objects masks in the original WZF :
[o .
MWZF = MWZF (631)
i=1
M,z is the i'" foreground object mask in the WZF. The oracle method combine GMC
Sl and MCTI Sl as follows:
MCTI SI( x; if M y)=1
SI(x:y) = (xy) i wzF (xy) (6.32)
GMC SI(x;y) otherwise
This method is of course impractical, but it allows us to estmate the ideal upper bound
limit that can be achieved by combining GMC SI and MCTI Sl, using the foreground
objects masks of the original WZF.

6.2 Experimental results

The performance of the proposed methods are assessed usingeasive simulations under

the same test conditions as in DISCOVER IﬂﬁlDS] An example isliustrated in Fig 6171

for several test sequences with the corresponding foregrad objects: Stefan (one object,
45 frames), Foreman (one object, 150 frames), Bus (three ob¢ts, 75 frames), and Coast-
guard (two objects, 150 frames). Here, the segmentation m&s for the reference frames
are assumed to be known. The obtained results of the proposeadethods are compared to
the DISCOVER codec and to our previous fusion technique SADm (presented in Chapter

5).

Sl performance assessment

Fig. shows the original curve and the estimated curve usg the elastic curve al-
gorithm [@], for frame number 2 of Stefan sequence, for a GOBize of 2. It is clear that
the di erence between the two curves is small.
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Figure 6.11: The foreground objects in the test sequenceste&an (one object), Foreman (one ob-
ject), Bus (three objects), and Coastguard (two objects).

= Original curve
Estimated curve

Figure 6.12: Comparison between the original curve and the stimated curve using the elastic
curve [14] for frame number 2 of Stefan sequence.

Table shows the average PSNR of the Sl obtained with MCTISADbin, FusElastic,
BmEst, BmMCTI, FOMCTI, FOMCTI2, and Oracle for Stefan, Fore man, Bus, and Coast-
guard sequences, for GOP sizes of 2, 4, and 8. It is clear thahé proposed fusion methods
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Table 6.1: Sl average PSNR for a GOP size equal to 2, 4, and 8 (G 8).

S| Average PSNR [dB]

Method [ MCTI | SADbin [ FusElastic [ BmEst | BmMCTI [ FOMCTI [ FoMCTI2 | Oracle
GOP =2
Stefan 25.17 28.16 28.43 28.72 28.53 28.69 28.49 28.71
Foreman 29.38 30.82 31.09 30.97 31.11 30.99 31.13 31.15
Bus 25.37 27.30 27.30 26.92 27.56 27.30 27.48 27.90
Coastguard 31.47 32.00 31.80 31.91 31.91 32.03 31.89 32.07
GOP =14
Stefan 23.49 27.18 27.72 27.95 27.86 27.87 27.79 28.14
Foreman 27.64 29.27 29.79 29.71 29.82 29.71 29.83 29.88
Bus 24.00 26.27 26.29 26.02 26.54 26.28 26.39 26.91
Coastguard 29.91 30.76 30.68 30.77 30.73 30.88 30.72 30.88
GOP =8
Stefan 22.84 26.91 27.35 27.67 27.55 27.55 27.46 27.80
Foreman 26.29 28.09 28.74 28.64 28.75 28.65 28.77 28.83
Bus 22.95 25.26 25.33 25.13 25.55 25.36 25.45 25.94
Coastguard 28.82 29.85 29.77 29.88 29.83 29.96 29.82 30.00

FusElastic - PSNR = 26:61 dB
— - -

el

Figure 6.13: Visual result of the Sl estimated by SADbin (PSNR = 23:66 dB) and FusElastic
(PSNR = 26:61 dB), for frame number 27 of Stefan sequence, for a GOP sizé 4 (QI
= 8). The bottom images represents the visual di erences of hese Sl frames.

can improve the quality of the SI compared to MCTI for all test sequences and all GOP
sizes. The proposed method FusElastic can achieve a gain cpared to the previous fusion
SADbin for Stefan and Foreman sequences. For Bus sequencéet PSNR average of the
two approaches SADbin and FusElastic is almost the same. Fo€oastguard sequence, the
SADDbin can achieve a slight gain compared to FusElastic.

Concerning BmEst and BmMCTI fusion methods, BmEst can achiee a gain compared
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Table 6.2: Rate-distortion performance gain for Stefan, Foreman, Bus, and Coastguard sequences
towards DISCOVER codec, using Bjontegaard metric, for a GOPsize of 2, 4, and 8.

[ Method | SADbin | FusElastic | BmEst | BmMCTI [ FOMCTI [ FOMCTI2 | Oracle |
GOP =2
Stefan
r (%) -17.97 -19.72 -20.06 -19.98 -20.05 -19.79 -20.38
psnr  [0B] 1.23 1.36 1.39 1.38 1.39 1.37 1.41
Foreman
r (%) -7.58 -9.65 -8.561 -9.67 -8.37 -9.70 -10.07
psnr [dB] 0.45 0.59 0.52 0.59 0.49 0.59 0.61
Bus
r (%) -12.94 -12.51 -10.25 -13.34 -10.75 -11.25 -14.51
psnr [dB] 0.79 0.75 0.61 0.80 0.64 0.68 0.87
Coastguard
r (%) -4.60 -4.32 -4.34 -4.74 -4.40 -4.33 -5.36
psnr  [0B] 0.23 0.22 0.22 0.24 0.22 0.21 0.27
GOP =4
Stefan
r (%) -40.66 -45.18 -45.73 -45.74 -45.80 -45.71 -46.42
psnr [dB] 2.93 3.38 3.42 3.44 3.44 3.45 3.51
Foreman
r (%) -15.54 -21.72 -20.91 -21.81 -20.34 -21.93 -22.41
psnr [dB] 0.90 1.33 1.25 1.32 1.19 1.33 1.36
Bus
r (%) -25.95 -25.97 -24.10 -27.45 -22.19 -23.67 -28.60
psnr  [0B] 1.60 1.57 1.41 1.67 1.34 1.40 1.78
Coastguard
r (%) -14.91 -16.48 -16.37 -16.59 -16.24 -15.70 -17.94
psnr [dB] 0.61 0.68 0.68 0.69 0.67 0.65 0.75
GOP =38
Stefan
r (%) -51.56 -55.95 -57.12 -57.04 -57.10 -56.94 -57.84
psnr  [0B] 4.05 4.60 4.72 4.72 4.73 4.72 4.83
Foreman
r (%) -22.29 -31.24 -30.09 -31.01 -29.12 -30.78 -31.80
psnr  [0B] 1.29 1.93 1.84 1.92 1.76 1.91 1.97
Bus
r (%) -32.07 -32.82 -31.58 -34.16 -27.87 -28.53 -35.50
psnr [dB] 2.04 2.07 1.97 2.19 1.72 1.74 2.31
Coastguard
r (%) -26.32 -29.50 -30.37 -29.73 -29.48 -28.19 -31.32
psnr  [0B] 1.10 1.24 1.27 1.26 1.23 1.18 1.35

to BmMCTI for Stefan and Coastguard sequences, while BmMCTlallows a gain compared
to BmEst for Foreman and Bus sequences. According to this coparison, we can say that
the estimation of the foreground objects in MCTI Sl is better than the estimation of the
foreground objects using our FOMC method for Foreman and Bussequences. However,
FOMC is better than MCTI in the estimation of the foreground o bjects for Stefan and
Coastguard sequences.

For FOMCTI and FOMCTI2, we can see the same comparison as bet@en BmEst and
BmMCTI. Therefore, when the MCTI technique is only applied on the foreground objects,
the quality of the estimated foreground objects is better than the quality of MCTI S,
for Stefan and Coastguard sequences. For Foreman and Bus semces, the estimation of
the foreground objects in MCTI Sl is better than the quality of the generated foreground
objects by applying MCTI only on the foreground objects.
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It is important to note that the oracle method represents the fusion of GMC SI and
MCTI Sl using the foreground objects of the original WZF. However, BmEst and FOMCTI
methods represent the fusion of GMC Sl and the estimated forground objects. Thus, the
oracle fusion represents the upper bound limit that can be alieved by the proposed fusion
methods excluding BmEst and FOMCTI. For this reason, the aveaage PSNR obtained by
BmEst (28:72 dB) is better than that the average PSNR of the oracle fusia (28:71 dB),
for Stefan sequence, for a GOP size of 2.

Fig. shows the visual results and the visual di erence®f the SI for frame number
of 27 of Stefan sequence, for a GOP size of 4. The Sl obtained I&ADbin fusion may
contain a block artifact (top-left - 23:66 dB). The proposed fusion FusElastic can improve
the quality of the Sl for this frame (top-right - 26 :61 dB), with a gain of 2:95 dB compared
to SADbin.

Rate-Distortion performance

The RD performance of the proposed methods SADbin, FusElagt, BmEst, BmMCTI,
FOMCTI, and FOMCTIZ2 is shown along with the Oracle fusion, for Stefan, Bus, Foreman,
and Coastguard sequences in Table 8.2, in comparison to theIBCOVER codec, using the
Bjontegaard metric [ﬂ], for GOP sizes of 2, 4, and 8.

All the fusion methods can achieve a gain compared to DISCOVR codec. The pro-
posed method FusElastic allows a gain compared to SADbin foiStefan and Foreman
sequences for a GOP size of 2, and for all test sequences for ®B size of 8. The gain
is up to 4:6 dB compared to DISCOVER codec and @65 dB compared to SADbin, for a
GOP size of 8. The loss is up to 4 dB compared to SADbin for Bus sequence with a
GOP size of 2.

The remaining fusion methods almost achieve the same gaine@mpared to DISCOVER.
The gain is up to 473 dB compared to DISCOVER codec for Stefan sequence, for a GO
size of 8.

Figs.[6.14[6.15, and 6.16 show the RD performance of the DIS®/ER codec, SADbin,
FusElastic, and the Oracle, for Stefan, Foreman, Bus, and Castguard sequences, for GOP
sizes of 2, 4, and 8 respectively. The proposed fusion methedSADbin and FusElastic
always achieve a gain compared to DISCOVER codec for all tesequences. The proposed
fusion FusElastic can achieve a gain up to A3 dB, 45 dB, and 055 dB compared to
SADbin fusion for a GOP size of 2, 4, and 8 respectively, for &fan sequence. For Foreman
sequence, FusElastic fusion allows a gain up to:04 dB, 0:43 dB, and 064 dB respectively
for a GOP size of 2, 4, and 8. For Bus and Coastguard sequencéke two methods SADbin
and FusElastic almost achieve the same RD performance.
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Figure 6.14: RD performance comparison among DISCOVER, SAIn, FusElastic, and Oracle for
Stefan, Foreman, Bus, and Coastguard sequences, for a GOPzsiof 2.
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Figure 6.15: RD performance comparison among DISCOVER, SAIn, FusElastic, and Oracle for
Stefan, Foreman, Bus, and Coastguard sequences, for a GOPzsiof 4.
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Figure 6.16: RD performance comparison among DISCOVER, SAIn, FusElastic, and Oracle for
Stefan, Foreman, Bus, and Coastguard sequences, for a GOPzsiof 8.
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6.3 Conclusion and Future work

In this chapter, new approaches have been proposed to comtsrthe global and local motion
estimations, based on the foreground objects. In the rst ore, elastic curvesﬂd] are used
to estimate the contour of the foreground objects. Based ontte estimated contour, the
fusion of GMC Sl and MCTI Sl is performed.

Second, the foreground objects are estimated using MCTI andFOMC techniques. In
this case, for the local motion, MCTI Sl and the estimated foreground objects are available.
Thus, two approaches for the fusion are proposed. The rst oe aims at fusing GMC Sl
with the estimated foreground objects. The second one comhes GMC SI and MCTI SI.

The proposed fusion methods allow consistent performanceains compared to DIS-
COVER codec and to our SADbin fusion method. The gain is up to 473 dB compared to
DISCOVER codec, and up to 068 dB compared to SADbin, for a GOP size equal to 8.

Future work will be focusing on further improvement of the fusion in order to achieve
a better RD performance. We will investigate the use of the eimated contours by elastic
curves in the estimation of the foreground objects.

We are preparing and plan to submit a journal paper presentirg the work in this
chapter:

1 A. Abou-Elailah, F. Dufaux, J. Farah, M. Cagnazzo, and B. Pesquet-Popescu\Fusion
of global and local motion estimation using foreground objets for Distributed Video
Coding", (in preparation) .
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Chapter 7

Conclusions and Future work

In this chapter, we give a summary of the contributions preseted in this manuscript,
conclusions and propose some directions for future work.

7.1 Summary

The Side Information (SI) has a strong impact on the Rate-Digortion (RD) performance of
Distributed Video Coding (DVC). The Sl can be considered as anoisy version of the Wyner-
Ziv frame (WZF) being decoded. This Sl is estimated using theavailable decoded frames at
the decoder. An accurate Sl {.e., a high correlation between the S| and the original WZF)
allows requesting less parity bits for error correction, aml at the same time, improving the
quality of the decoded WZF. In this manuscript, several appioaches have been proposed
to improve the quality of the SlI. Due to this improvement, the RD performance of DVC
is enhanced, and the decoding time is reduced. The proposegproaches allow signi cant
gains, especially for sequences containing high motion anfdr large GOP sizes.

First, an approach based on successive re nement of the Sl & each decoded DCT
band was described in Chapter 3. More speci cally, a Partialy Decoded WZF (PDWZF)
is reconstructed after decoding each DCT band. This PDWZF isexploited, along with the
backward and forward reference frames, to re ne the bi-diretional motion vectors. Exper-
imental results showed that the performance of DVC is signicantly improved compared
to DISCOVER codec and that it can reach the performance of H.B54/AVC No motion
in some cases. Furthermore, the decoder processing time isduced due to the signi cant
improvement of the Sl.

Furthermore, a new method for S| generation is described in Gapter 4, based on
backward/forward motion estimation and quad-tree re nement. In addition, the reliable
motion vectors are selected from the backward and forward miion estimations. Then, a
new method for successive re nement of the Sl is described g an adaptive search area.
In this method, the search area is adapted using the PDWZF afér decoding the rst DCT
band and the adapted search area is used to re ne the Sl afterecoding each DCT band.
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For long duration GOPs, a new approach is proposed for enhariieg the decoded WZFs by
carrying out again the reconstruction on the improved Sl. This approach consists in using
the adjacent decoded frames for re-estimating the Sl. In th8 re-estimation, a variable block
size and an adaptive search are used.

Afterwards, an estimation of a global Sl is presented in Chaper 5 using a matching
of feature points between the WZF and the reference frames. e feature points are ex-
tracted using Scale-Invariant Feature Transform (SIFT) algorithm. Then, the fusion of the
global and local Sl frames is presented to improve the S| quéy. Two di erent approaches
for the combination of the two Sl frames are described. Aftewards, the improvement of
the fusion during the decoding process is presented using ¢hPDWZF and the decoded
DC coe cients. Experimental results showed that the proposed methods can achieve a
signi cant improvement compared to DISCOVER codec,outperform H.264.AVC Intra and
H.264/AVC No motion, and signi cantly reduce the gap with H. 264/AVC (Inter IB...IB
con guration).

Finally, in Chapter 6, new approaches are presented for theusion of the global and
local SI. These approaches are based on the segmented formgnd objects. First, a new
method for estimating the foreground object contours in the Sl frame is presented using
elastic curves. Based on the estimated contours, the fusioof the global and local Sl is
performed. Then, the foreground objects are estimated by aplying MCTI on the back-
ward and forward foreground objects. Fusion of the global ad local motion estimations
is then performed using the estimated foreground objects. &thermore, a new method
for estimating the foreground objects is presented, along ih the corresponding fusion
technique.

7.2 Conclusions

In this thesis, several di erent approaches are presentedthat aim at enhancing the per-
formance of DVC. These approaches can be divided into two maj groups:

1. In this group of methods, the Sl is improved using the availalle decoded informa-
tion at the decoder side, while the encoding process of WZF isot changed compared
to DISCOVER codec (i.e. the proposed approaches in Chapter 3 and 4). In such
schemes, the encoding process complexity is kept very low.hls, these approaches
can be used for applications that require a simple encoderi.e. mobile devices, low-
power sensors, etc.). At the decoder, the computational colexity (i.e. hardware
implementation) is increased compared to DISCOVER codec de to the fact that
some modules are added, while the decoding time is reduced@ithe RD performance
is improved.

2. This groups concerns the fusion techniques of global and lat motion estimations
(i.e. the proposed approaches in Chapter 5 and 6). In these schemethe global
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parameters are estimated at the encoder using SIFT algoritm, and sent to the
decoder. Thus, the complexity of the encoder is increased otgpared to DISCOVER
codec. However, the encoding complexity is still saved congred to conventional
H.264/AVC Intra and H.264/AVC No motion encoding. Thus, the proposed schemes
can be used for low encoding complexity applications. At thedecoder, a global Sl
is computed using the global parameters and a combination oflobal and local SI
is performed. Thus, an additional processing for global mdbn compensation and
for the fusion is required. However, the execution time of tke decoding process is
reduced due to the enhancement of the SI, which yields fewerguests through the
feedback channel.

7.3 Future work

In this section, we give some points that seem interesting tanvestigate, in order to further
improve the performance of DVC.

HEVC: Atthe beginning, H.263+ was used in DVC for the encoding and eécoding of
KFs. Then, most DVC research works have used H.264/AVC Intrafor KFs encoding
and for performance comparison. HEVC will soon become an igtrnational standard
with stable features. Thus, HEVC can be used instead of H.26AVC for KFs encod-
ing, to further improve the performance of DVC. Furthermore, DVC coding can be
considered for high/very high resolution video,e.g. HDTV, 4K and beyond.

Elastic curves : As shown in Chapter 6, the elastic curves have been used in oed
to estimate the foreground object contours in the Sl. An interesting idea would be to
use these estimated foreground object contours, along witlthe foreground objects
of the reference frames, in order to further improve the estnation of the foreground
objects in the SI.

Foreground objects :  We presented, in Chapter 6, the fusion of global and local
motion estimations using the foreground objects. It would ke interesting to apply the

successive re nement techniques of Chapter 3 in this contdx during the decoding

process, the PDWZF can be used in order to re ne the estimatio of the foreground

objects in the SI, and to further enhance the combination of he global and local
motion estimations.

Feedback channel : As known, if the S| was available at the encoder, an accurate
estimation of the necessary amount of parity bits, to be trarsmitted for the decoding
of the WZF, could be made at the encoder side. This step would llow decreasing
the delay which is a ected by the feedback channel and reducig the decoding time
(by avoiding the iterative decoding process). Some reseadncworks try to create a
rough estimation of the Sl at the encoder by a simple averagerausing Fast Motion
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Compensated Interpolation (FMCI) of the reference frames,in order to keep a low
complexity encoding.

However, in our scheme, the global parameters are availablat the encoder. These
global parameters can be used to control the compression ratat the encoder (.e. re-
move the feedback channel). For example, a global SI can be wstructed at the
encoder by applying the global parameters to the referencerdmes. Also, a local S
can be estimated by a simple average of the reference framekhen, an oracle fusion
of the global and local S| can be performed at the encoder, usg the original WZF.
The result of this fusion can be seen as a good estimation of éhSl and can be used
to predict the necessary compression rate at the encoder sd

lterative re nement : We showed, in Chapter 3, the e ciency of the successive
re nement of the Sl, after each decoded DCT band, in enhancig the RD performance
of DVC. An interesting perspective would be to apply the Sl renement technique
after each decoded bit-plane, such that the remaining bit-panes can be improved by
exploiting the already decoded ones.

Quality assessment :  Visual quality assessment such as subjective tests and peptually-

based objective metrics can be used to measure the quality ¢iie SI and the decoded
WZFs.
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Annex A

Finite Rate of Innovation Signals

In the present section, we aim at using the Finite Rate of Innwation (FRI) signals in the
context of DVC. First, we give a brief introduction of FRI sig nals. Second, we focus on
the application of FRI signals in the case of DVC. This appliation consists in estimating
the parameters of an a ne transformation among successiverames, at the decoder side,
using quantized transmitted samples of the non-key framesResults show that the para-
meters of the transformation are well-estimated for video squences containing a unique
moving object. Unfortunately, these parameters are considrably a ected when real video
sequences are used.

A.1 Introduction

In 2002, the notion of FRI signals was introduced by Vetterli, Marziliano, and Blu [@].
They considered a set of 1-D signals that neither are bandlinted nor they belong to a given
subspace. The Shannon's theory of classical sampling cangiride perfect reconstruction
strategies for bandlimited signals. Therefore, FRI sighad cannot be perfectly reconstruc-
ted using Shannon's theory. The authors in @b] propose newasnpling schemes for perfect
reconstruction of the original continuous signal out of thediscrete representation provided
by samples. Examples of such signals are streams of Dirac ofiggewise polynomial sig-
nals. The FRI signal can be completely characterized by a nie number of parameters.
Moreover, the intuitive idea behind the sampling theory for FRI signals is that by recov-
ering exactly those parameters using the available sampleshe original FRI signal can be
perfectly reconstructed.

Sampling theory for FRI signals has already found applicatons in several areas such
as resolution enhancement]El], distributed com ressioé], biomedical signals like ECG
signals @], image super-resolution algorithm&&], .etc. Feature extraction refers to the
problem of nding geometrical structures such as edges, coers and ellipses into an image.
Current techniques for image feature extraction are basedfor example, on statistical
methods that do not cope well with very low-resolution images @]. In @1], the authors
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proposed two novel feature extraction techniques based onM signals, that allow the exact
retrieval of global features like moments or local featuredike step edges in low-resolution
images.

A.1.1 De nition

An FRI signal can be written as:

X X1
k2Z r=0

.....

unknown parameters are the coe cients a., and the time shifts ty, in the signal x(t).
The function that computes the number of unknown parametersin the signal x(t) over

a given interval [ty;tp] is de ned as the counting function Cy(ta;tp). Then, the rate of

innovation is de ned as the average number of free parameters present ix(t):

1 1
= lim = = =) A2
lim +Cx( 5:3) (A.2)
It is important to note that bandlimited signals can be considered as a particular
case of FRI signals. LetFnhax be the maximum non-zero frequency in a bandlimited real
signal xp(t). The well-known formula for the reconstruction of bandlimited signals with a
sampling periodT = ﬁ using the samplesxy(nT), is de ned as:

Xp(t) = xb(nT)sinc(t T ): (A.3)

n=1

For these signals, the rate of innovation is = % since it has a nite number of
coe cients per unit of time. The rate of innovation of a signal can be nite but is not
necessarily constant with time. For this reason, one can dene the local rate of innovation
at time t over a moving window of sizel [@].

A.1.2 Sampling Setup

The sampling process of a signak(t) involves a sampling kernel (t) which represents the
impulse response of the acquisition device. The samples atieen expressed as:
Z
Yk =<x(t); (t=T k)>= x(t) (t=T n)dt (A.4)
R

where T is the sampling period. It has been shown that a FRI sigal can be perfectly
reconstructed from its samples when in nite-support kernds are used |1§|O]. However, re-
cently it was also found @] that many FRI signals are perfetly reconstructed from their
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samples, even with some particular nite-support and physcally realizable kernels, such
as B-splines, exponential splines, signals with rational Burier transform, and scaling and
wavelet functions. This result has the consequence that maninteresting signals can in
principle be completely reconstructed from their wavelet bw-pass coe cients.

A.2 FRI signals for Distributed Video Coding

In this section, we show how FRI signhals can be used in DVC. Thenaterial in this section
is inspired from the work of V. Chaisinhop and L. Dragotti [@]. We re-implement the
method proposed in [@3] for mono-view DVC and present some dhe obtained results.
Then, we aim at extending the proposed method to the case of niti-view DVC.

This section is organized as follows. First, we introduce tie Sampling of 2D FRI Signals
and show how the continuous moments can be retrieved from theamples if a speci ¢ family
of sampling kernels is used. Second, the estimation of a ne prameters using higher order
moments is explained. Third, applications of FRI signals in mono-view and multi-view
DVC are investigated. Finally, we show the e ciency of those applications for synthetic
video sequences that are generated using a real object sceaed the reason behind the
failing of the application of FRI signals in multi-view DVC.

A.2.1 Sampling of 2-D FRI Signals

In this section, we introduce the family of sampling kernelsthat reproduce polynomials
and therefore satisfy the Strang-Fix conditions , ]. let f (x;y) be a 2-D continuous
signal and' (x;y) be the 2-D sampling kernel, with x;y 2 R. The obtained samples by
convolving f (x;y) with ' (X;y) can be expressed as:

Smn =<f (X;y);" (x=T m;y=T n)>; (A.5)

wherem andn 2 Z.
The sampling kernel' (x;y) is considered to satisfy the polynomial reproduction prop
erty. Thus, the sampling kernel can be used to produce a polyomial function as follows:

X X
il (x=T m;y=T n)= xPy% (A.6)
m2Z n27Z
with pandqg2 Z.
On the other side, the continuous geometric momenimpq of order (p+ q) of the signal
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f (x;y) can be expressed as:

zZz
f (x;y)xPy‘dxdy

Mp;q

<f (xy);xPy%>

(A.7)
Using Eq.[A.G, the continuous geometric moments can be writen as:
X X
Mpq = <f(Xy); chn' (Xx=T  m;y=T n)>
m2Z n2Z
= Chn <f (xy);" (x=T myy=T n)>
m2Z n27Z
(A.8)
Finally, the continuous geometric moments (using Eq[A5) ae expressed as:
X X
Mp;q = Chizh Smin * (A.9)
m2Z n22

Therefore, given a sampling kernel (x;y) satisfying Eq. a set of coe cients cplg'
can be computed. Using those coe cients, the continuous gemetric moments can be
retrieved from an arbitrarily low-resolution set of samples Sy,., as shown in Eq[A9.

A.2.2 A ne parameters estimation

In this section, we assume that the disparity between two adjacent framesfy and fy.1
can be modeled by an ane transformation. In this case, the rdationship between the
positions of the pixels off and f+1 can be written as follows:
! ! ! !

Xk+1 — Axx axy Xk + tx (A.lO)

Yk+1 Ayx adyy Yk ty
where (Xk+1;Yk+1 ) and (Xx;Yk) are the pixels coordinates inf 41 and f respectively, and
faw, axy, ayx, ayy, ty, tyg are the a ne transform parameters. In [@], the author proposed
an approach that consists in retrieving the a ne parameters using second and higher order
moments offy and fy.1 (for more details, the reader can refer tol[88]).

A.2.3 Application of FRI signals in mono-view DVC

Let I, (k=0;1;:::;N) bek + 1" frame of a video sequence, where the relationship among
successive frames is considered to be an a ne transformatim Fig. [A.J]shows the scheme of
the proposed method @k] for mono-view DVC. The rst framelg (let us call it key-frame)
of the sequence is encoded and decoded using JPEG2000 codBee non-key-framesly,
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Figure A.1: Coding schema with intraframe encoding and inteframe decoding based on the concept
of sampling of signals with FRI.

Sampled non-key-frame Reconstructed non-key-frame

v

Figure A.2: Reconstructed non-key-frame using the key-frene and the sampled non-key-frame.

k=1;2;:::;N, are sampled using a sampling kernel (x;y). This kernel satis es Eq.
i.e. the used kernel can produce a polynomial functionxPy9. Afterwards, the obtained
samples are quantized and transmitted to the decoder.
At the decoder side, the continuous geometric moments of th&ey-framel g are directly
computed as follows: 7 7
Mp.q = (10)xPy9dxdy (A.11)

As shown in Eqg.[AS, the continuous geometric moments of the an-key-frame I
can be retrieved using the quantized samples, since those reples are generated by a
sampling kernel that satis es the condition in Eq. As previously mentioned, the
a ne parameters can be estimated between two frames using te second and higher order
moments [88]. Thus, the a ne parameters between the key-frane Iy and the non-key-
frame | are computed using the continuous geometric moments. Thenthe estimated
parameters are applied to the decoded key-framé§ to obtain the reconstructed non-key-
frame 1. Note that the received quantized samples froml 2 can also be used in order to
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Figure A.3: Frames from MIT sequence.

improve the quality of the reconstructed non-key-framel E.

In order to assess the performance of this scheme, a synthetvideo is created using a
real object (left image in Fig.[A.Z). The remaining frames are created by applying an a ne
transformation on the rst frame, i.e., the real object frame. Fig.[A2 shows the key-frame
lo, the samples of the non-key-framel x, and the reconstructed non-key-framellg. IE is
obtained using the moments of the key-frame and the retrievé moments from the samples
of the non-key-frame. For a real video sequence with a xed bekground, the proposed
scheme |{E|6] can be e ciently used. First, the approach consits in extracting the objects
from the background. Second, the same scheme can be applied each moving object
(assuming that the objects movements along the video sequee can be modeled using
a ne transformations) and the background is encoded and deoded once using JPEG2000
codec. At the decoder, the reconstructed objects and the decded background are used to
obtain the decoded frame. For more details, we refer the reast to ].

A.2.4 Application of FRI signals in multi-view DVC

In the present section, we extend the previous study to the cse of multiple cameras
capturing overlapped images from the same scene, with di eent viewing positions. It
is important to note that correlation exploitation via moti on search requires signi cant
computing resources, and exploiting inter-view correlaton at the encoder implies that a
large amount of data must be communicated between cameras.ir®&e most of the current
video capturing devices have limited computing ability and power supply, we are interested
in multi-view DVC since it avoids the motion search and inter-view communication at the
encoder. In other words, the inter-view communication is sfkfted to the decoder to exploit
the correlation among the views.

Inspired from [@], we try to apply the same scheme to the casef multi-view DVC.
In the general case, the disparity among the di erent views § modeled by a Homography
transform @]. However, for the sake of simplicity, we assme that this disparity can be
modeled by an a ne transformation. At each moment, we have a frame from each one of the




A.2. FRI signals for Distributed Video Coding 167

cameras (N in this study). In our scheme, all frames originaing from the central camera
are encoded and decoded using JPEG2000 codec, and framesniradhe other cameras
are sampled and quantized before being transmitted to the deoder (.e. using the same
encoding process of the non-key-frames in the previous sahe). At the decoder, non-key-
frames can be reconstructed using the moments of the framesoim the central camera and
the retrieved moments from the samples of the frames from thether cameras.

Before studying the feasibility of the proposed scheme for miti-view DVC, simulations
are performed on MIT sequence (mono-view sequence). Note dhthe relationship among
frames is an a ne transformation in MIT sequence. The quality of the reconstructed frames
is compared to [89], in order to assess the accuracy of the @siated a ne parameters. The
obtained results in [89] are signi cantly better than that of the proposed method (more
than 5 dB for the reconstructed frames). Fig. A.3 shows two fames from the MIT sequence,
where we can observe that a part of the border (contour) in therst frame is clipped when
a zoom is done in the second frame. We can conclude that the plped border signi cantly
disturbs the e ciency of the proposed method. Similarly, th e lost pixels among views from
di erent positions disturb the performance of the proposed scheme for multi-view DVC,
therefore limiting its applicability to this context.

A.2.5 Conclusion

In this section, the state of the art of FRI signals was brie y shown. Moreover, the applic-
ation of FRI signals [86] in DVC was explained. For video segances that contain a xed

background or a moving object, the proposed method can give signi cant gain compared

to JPEG2000. However, the proposed method cannot be e cienly applied on real video

sequences due to the motion complexity in such contexts, andecause of the clipped pixels
among frames, especially in multi-view DVC. In the remaining of this thesis, other new
techniques will be proposed in order to improve the RD perfomance of DVC.
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