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Résumé en Francais

La caractérisation des dynamiques de sous-mésoéchelle (<10km) & la surface de
I'océan et leurs impacts sur les processus océaniques globales sont des enjeux sci-
entifiques majeurs. L’utilisation des données d’observation “directes”’, recueillies
in situ, pose des difficultés et des limitations multiples pour aborder ce type de
problématique. Les principales difficultés sont liées notamment a la couverture
spatiale trés peu dense desdites données. L’observation des océans repose désor-
mais sur l'utilisation d’une multitude d’outils. Depuis une vingtaine d’années, des
mesures de caractéristiques physiques de la surface des océans sont disponibles &
partir d’instruments embarqués sur des satellites. Ces satellites sont soit défilants
soit stationnaires. Avec des échantillonnages spatiaux et temporels différents, des
techniques de mesures parfois différentes, ’ensemble de ces observations est devenu
essentiel pour la description de la dynamique océanique. Le développement de ces
instruments a été accompagné par des avancées importantes des algorithmes de
traitement des données collectées.

Dans le cas des observations de la température de surface (SST), les capteurs
infrarouges fournissent des observations de haute-résolution (~1-10km) mais sont
généralement associées & un taux trés élevé de données manquantes du fait de la
présence des nuages. A linverse, les capteurs micro-ondes sont peu sensibles & la
présence des nuages mais représentent des résolutions spatiales trés faibles (~25-
50 km). A titre d’exemple, les figures 1(a-b) et 1(c-d) comparent des observations
de SST acquises simultanément par un capteur infrarouge et micro-onde dans la
région du Gulf-Stream le 31 Octobre et 07 Novembre 2006 respectivement. Dans
cet exemple, les images haute-résolution (~1km) ont été acquises par MODIS et
les images basse-résolution (~50km) par AMSR-E. Notons que ces deux capteurs
sont embarqués sur la plateforme AQUA. On remarque clairement dans la deuxiéme
situation (Fig.1c), un taux trés élevé de données manquantes dans l'image acquise
par MODIS a cause de la couverture nuageuse.

Toutefois, 'imagerie satellitaire haute-résolution de la température de surface de
l'océan (SST) mettent en évidence de nombreuses structures dites de petites échelles
de 1-100 km & la surface de 'océan : tourbillons, filaments, méandres, fronts (Fig.2).

L’utilisation de ces données est devenu cruciale pour la compréhension et la car-
actérisation des dynamiques de l'océan aux petites échelles, dynamiques qui jouent
un réle primordial dans la compréhension des dynamiques globales et également
du forgage opéré par les dynamiques physiques sur les dynamiques biochimiques
et écologiques des systémes marins. La capacité & tirer pleinement partie des dif-
férentes modalités d’observation disponibles pour produire des champs d’observation
haute-résolution constitue un enjeu majeur, mais reste un probléme ouvert. Les
principales limitations sont: 1) la présence d’artefacts d’acquisition dans les don-
nées de SST haute-résolution et 2) la capacité de reconstruction a partir de données
partiellement observées. Dans ce contexte générale, nous proposons 4 contributions
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Mods Terra October, 312006 AMSR-E Aqua October,31 2006

(c) (d)

Figure 1: Comparaison de données SST haute et basse résolution pour la zone Gulf
Stream (a)-(c) MODIS, (b)-(d) AMSR-E

AMSR-E Aqua July.04 2006

Modis Terra July.04 2006

10

10

(a) (b)

Figure 2: SST MODIS (a) et AMSR-E (b) pour la zone du courant des Aiguilles .
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principales: 1) le prétraitement d’artéfacts géométriques dans les observations satel-
litaires haute-résolution de SST par une approche conjointe Fourier-Ondelette, (2)
la modélisation stochastiques des variabilités inter-échelles de champs 2D de SST,
(3) la super-résolution stochastique appliquées aux images de SST et (4) la carac-
térisation de la variabilité géométrique dans les observations satellitaires de SST par
des processus de type marche aléatoire.

Dans ce qui suit, nous présentons une synthése des contributions majeurs de cette
thése. Ce résumé est organisé comme suit. La premiére section présente ’algorithme
développé pour le destriping d’images satellitaires haute-résolution. Dans la deux-
iéme section, nous présentons la méthode proposée pour la reconstruction stochas-
tique de champs de SST haute-résolution a partir d’images basse-résolution. Une
caractérisation spatiale de ces observations est proposée dans la derniére section a
travers une analyse des lignes de niveaux de champs de SST haute-résolution en
utilisant des processus SLE.

Algorithme de filtrage pour le destriping d’images satel-
litaires

Les satellites d’observation infrarouge de la surface de 'océan font 'acquisition
d’images par I'intermédiaire de barrettes de détecteurs, formant une ligne de I'image;
I’avancement du satellite dans une direction orthogonale a ces barrettes permettent
a chaque détecteur de former une colonne de I'image. En pratique, les détecteurs
possédent certains défauts, ce qui peut produire sur 'image un effet de rayures
(stripes). Ces artefacts sont visibles sur les images de temperature (SST) et né-
cessitent un prétraitement spécifique avant de pouvoir utiliser les images pour des
fins scientifiques ou opérationnels. Beaucoup de travaux ont été menés pour pro-
poser des algorithmes de filtrage efficaces permettant d’éliminer ce type d’artefacts.
Ces méthodes exploitent des a priori sur la régularité géométrique du bruit a élim-
iner. On peut notamment citer les méthodes qui se basent sur 'utilisation de filtres
passe-bas. Ces méthodes peuvent étre implémentées dans le domaine spatial ou
fréquentiel (i.e., domaine de Fourier) [6, 7, 8, 9, 10|. Le principal inconvénient de
ces approaches est de flouter les images, faisant perdre les petits détails ainsi que
les contours. Afin de mieux réduire ces artefacts de lissage, les recherches se sont
alors tournées vers des décompositions multi-échelles, notamment des décomposi-
tions en ondelettes dyadiques [11|. Une adaptation des filters pass-bas a été congue
pour modifier uniquement les sous-bandes des détails [4, 12| tout en conservant les
coefficients d’approximations.

Le but du Chapitre 4 de cette thése et de poursuivre ’étude et le développement
de ces méthodes de débruitage, en particulier en ce qui concerne les algorithmes de
filtrage dans le domaine des ondelettes. Nous proposons une méthode de débruitage
basée sur un filtrage de Fourier des sous-bandes d’ondelettes. En effet, les méthodes
classiques se basent sur l'utilisation des ondelettes dyadiques, ce qui peut causer
des artefacts lors de la reconstruction de I'image & partir des coeflicients filtrés.
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Nous nous pencherons donc sur des algorithmes de décomposition en ondelettes
beaucoup plus adaptés a des problématiques de reconstructions. Nous utilisons
notamment des décompositions en ondelettes stationnaires. Le choix de 1'ondelette
adaptée (type et ordre) a analyse n’est pas une chose aisée pour arriver a des
résultats parfaits. En effet, 'algorithme de ’état de I’art [4] repose sur l'utilisation
d’ondelettes possédant un certain nombre de moments nuls, ce qui peut augmenter
la complexité calculatoire. Le choix des décompositions en ondelettes stationnaires
nous permettra l'utilisation du filtre de Haar a support compact, qui correspond a
une ondelette discontinue & un seul moment nul.

Synthése de textures par simulation de champs Gaussiens
aléatoires: Application & la super-résolution stochastique

de champs de SST

Champs Gaussiens pour la synthése de textures multivariées: La synthése
de textures consiste & donner en entrée une image de texture, et ensuite produire
une image de sortie qui soit & la fois visuellement similaire et différente pixel & pixel
de I'image d’entrée. Dans cette thése, nous nous sommes intéressés & des méthodes
de synthése par simulation de champs aléatoires Gaussiens. En particulier, nous
considérons des méthodes de synthése simples, rapides et qui permettent de cibler
des caractéristiques spectrales et statistiques. Le modéle dit "bruit & phase aléatoire
(RPN)” et "Spot noise discret asymptotique (ADSN)” [2] semblent étre les bons
candidats. Ces deux processus aléatoires se basent sur la définition d’une image ap-
pelée "spot” définit comme 'image de synthése normalisée. La synthése par ADSN
consiste alors & convoluer cette image avec une réalisation de bruit blanc Gaussien.
La simulation par RPN consiste & apprendre les amplitudes de la transformée de
Fourier de I'image "Spot” et d’associer des phases aléatoires a chacune de ces com-
posantes. La synthése se fait ensuite par une transformée de Fourier inverse. Nous
pouvons facilement montrer que ces méthodes de synthése préservent les structures
du second ordre. Ces modéles peuvent étre étendre pour la modélisation et la syn-
thése de textures multivariés. Etant donné un vecteur de textures, I'objectif est de
synthétiser un autre vecteur de textures tout en préservant les structures du second
ordre de chaque texture ainsi que les covariances croisées entre textures. Comme
applications, on peut citer par exemple la synthése de textures en couleur, la simula-
tion d’images multispectrales ou, comme considéré dans cette thése, la modélisation
et la simulation des coefficients d’ondelettes. En ce qui concerne I'extension multi-
variée, 'approche existante dans 1’état de 'art [2] consiste & convoluer chaque "spot”
séparément avec la méme réalisation de bruit blanc Gaussien dans le cas de ’ADSN.
Pour le RPN, la synthése multivariée se fait en ajoutant la méme phase aléatoire a
chacune des phases originales des textures. Dans cette thése, nous avons développé
une approche qui permet de faire la synthése de champs multivariés tout en partant
de réalisations différentes de bruits blancs. Cette formulation consiste & simuler un
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systéme d’équation, ici illustré pour le cas trivarié

9 fu(h) 0 0 Wi
g2 | = | fa(h) far(h) 0 * | Wa (1)
g3 fs1(h)  fsa(h) f3z(h) Ws

ot Wi—1,... 3 est un vecteur de bruits blancs Gaussiens et les opérateurs matriciel
fij sont obtenues en ciblant les structures de corrélations et corrélations croisées des
images d’apprentissage.

Outre son intérét applicatif dans la synthése de textures multivariées par-
tiellement observées, cette approche présente deux avantages majeurs: 1)
L’interprétabilité en terme des structures de covariances et covariances croisées, ce
qui rend la considération des modéles paramétriques dans ce cas envisageable, 2) la
compacité: notre approche se base sur la définition d’opérateurs liés aux structures
de covariances et non pas l'image "spot”.

Application a la super-résolution d’images satellitaires de SST: La prob-
lématique considérée ici est la suivante: étant donné une image basse-résolution,
I’objectif est de pouvoir générer une version haute-résolution qui soit visiblement
réaliste et qui posséde des caractéristiques similaires a celles des images haute-
résolution. On s’intéresse a des caractéristiques visuelles, notamment I’augmentation
du contenue de texture de maniére réaliste, le rehaussement du contraste (i.e., pro-
duction des gradients forts) et également & des caractéristiques spectrales (i.e,.
reproduction du spectre de Fourier) et statistiques (ie., reproduction des his-
togrammes).

La figure 3 propose une analyse qualitative et quantitative des images haute-
résolution par le biais de la composante inter-échelle (i.e., différence entre observa-
tion haute et basse-résolution) et du champs des gradients. L’analyse de la com-
posante inter-échelle met en évidence la présence de structures de petites échelles.
Ces structures sont caractérisées par une distribution statistique non-Gaussienne.
L’analyse du spectre de Fourier montre la concordance du spectre de la composante
inter-échelle avec celui de I'image haute-résolution dans les échelles plus petits que
~20 km. Ces spectres sont caractérisés par une loi de puissance. En ce qui concerne
les champs du gradient, & haute-résolution les structures des gradients sont fines,
avec des valeurs élevées comparées a celles des gradients basse-résolution. Les gra-
dients les plus forts dans la haute-résolution restent présents dans la version bass-
résolution mais dans une version lissée. Ce dernier point est observé quantitative-
ment en analysant les distributions statistiques associées. Notons qu’en comparant
I'aspect géométrique de la composante inter-échelle avec le champ des gradients
basse-résolution, on remarque une variabilité forte dans les zones de gradients forts
qui sont visibles dans la basse résolution. Ce dernier point suggére une dépendance
de la variance de la composante inter-échelle aux gradients basse résolution. Une
autre caractéristique importante des images haute-résolution est 'information con-
tenue dans la phase de Fourier. Pour illustrer I'importance de cette composante,
la figure 4 illustre une simulation d’un champ turbulent qui contient des structures
géométriques marquées, en utilisant seulement la structure du second ordre (i.e.,
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Figure 3: (a) SST MODIS haute-résolution, (b) SST basse-résolution , (c) la com-
posante inter-échelle associée, (d) Gradient de SST MODIS, (e) Gradient de SST
basse-résolution, (f) Histogramme marginale normalisée de la composante inter-
échelle, (g) spectres de Fourier associés a (a), (b) et (c) .
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amplitudes de Fourier). Cette simulation montre que I’absence de contrainte sur
la phase, on peut obtenir une image qui a le bon spectre, (i.e., la méme distribu-
tion de la variance selon les échelles que 'image originale), mais cette énergie n’est
pas placée aux bons endroits et I'information géométrique (i,e., contours) est com-
plétement détruite. Ces observations empiriques nous ont suggéré l'utilisation de
Iinformation de phase contenue dans la basse-résolution pour la reconstruction des
champs inter-échelles. Cela permettra de placer la part d’énergie (ou variance) aux
gradients basse-résolution encore visibles.

Figure 4: (a) Champ turbulent 2D, (b) synthése de (a) par apprentissage du spectre
avec des phases aléatoires. L’'image (b) a exactement le méme spectre que I'image
(a) mais sans information de phase, I’énergie n’est pas placée aux "bons endroits”.

Pour traiter cet enjeu de modélisation inter-échelle, on propose la méthodologie
suivante: Tout d’abord, une approche multi-échelle est adoptée. On utilise no-
tamment des décompositions en ondelette stationnaires. Ce choix est motivé par
I'importance des facteurs d’échelle recherchés. Dans notre contexte applicatif, ces
facteurs sont de ordre de 20-32. Le probléme de la modélisation inter-échelle
est ensuite formulé dans le cadre de la synthése de texture multivariées avec des
contraintes spectrales. Pour pouvoir produire des champs réalistes, notamment les
structures géométriques marquées, un conditionnement vis-a-vis la basse-résolution
est introduit. Ce conditionnement est explicite en imposant la phase de Fourier de
I'image basse-résolution a la composante inter-échelle simulée. Etant donnée une im-
age basse-résolution, le probléme de la super-résolution est ensuite posé comme étant
la problématique de la simulation de composante inter-échelle. Dans le domaine des
ondelettes, étant donnée les coefficients d’approximation (i.e., basse-résolution), le
modéle ADSN, appliqué aux coefficients d’ondelettes, est cascadé. Partant des co-
efficient d’approximation de départ, a chaque niveau de reconstruction, la phase de
I'image obtenue au niveau précédent est imposée.

La figure 5 présente des résultats obtenus sur la base d’'un champ de tempéra-
ture de surface acquis par MODIS. Remarquons que l'image reconstruite présente
des caractéristiques similaires a 'image haute-résolution réelle, avec une variabil-
ité plus importante que I'image basse résolution. On constate également que les
structures géométriques reconstruites sont cohérentes et présentent des irrégularités
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Figure 5: Application & des observations de la température de surface de 1'océan
(SST). (a) et (b) représentent l'image basse-résolution et son gradient. (d) De
gauche a droite: image haute-résolution, gradient haute-résolution et composante
inter-échelle. (e) Résultats de reconstruction sans contraintes de phase (méme ordre

que (d)).
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visuellement réalistes.

Caractérisation de la variabilité géométrique dans les ob-
servations satellitaires de SST par processus SLE
Le principe général est que les observations satellitaires instantanés (snapshot) d’un

traceur géophysique a la surface de 1'océan (e.g., SST, Chlorophylle...) contiennent
des informations sur les dynamiques sous-jacentes. A titre d’exemple, la figure 6

L L’
-205 ~-20 -185 ~-19 185 -18 17

(a) hiver (b) été

Figure 6: SST MODIS pour la région de Benguela.

illustre deux images de SST dans une zone d’upwelling (la région de Benguela) qui
présentent des différences visuellement importantes et dont on peut supposer qu’elles
sont liées aux dynamiques sous-jacentes (en particulier, la saisonnalité de lactivité
de I'upwelling). La question posée est de savoir quelles sont les caractéristiques de la
dynamique qu’on 'on peut extraire de ces images. L’état de I’art propose différents
descripteurs classiques. Les figures 7(a) et 7(b) montrent un exemple d’analyse a
travers les caractéristiques spectrales et des distributions des intensités du gradient.
L’analyse spectrale ne révele pas de différences avec des pentes spectrales identiques
de -3. A contrario, I'observation des distributions des gradients met en évidence des
gradients plus fort en été.

Visuellement on note également une géométrie plus irréguliére en hiver, comme
illustrée en Fig8(a) par la représentation en lignes de niveaux. La question
qu’on s’est posée est de savoir comment décrire quantitativement cette régularité
géométrique. Et ensuite d’envisager des modéles de cette régularité géométrique.

Dans cette thése, on s’est intéressé a des processus de marche aléatoire et plus
particuliérement la classe des processus SLE (Stochastic Loewner Evolution) [13].
Ces processus sont décrit par I’équation différentielle stochastique suivante

2
Orgi(2) = o) =€) go(z) = 2, (2)

Cette équation est définie dans le plan complexe et correspond & des itérations de

compositions de transformations conformes g;(z) forcées par un mouvement Brown-
ien (t). Ce mouvement Brownien est caractérisé par une diffusivité x qui controle la
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Figure 7: Estimation des spectres de Fourier (a) et les distributions des gradients
(b) des images de SST représentées en 6.

Figure 8: Représentation en lignes de niveaux des images de SST représentées en 6.

régularité géométrique de la courbe. a titre d’exemple, la figure 9 illustre différents
niveaux d’irrégularité géométrique en fonction de k. Typiquement entre des valeurs

; k<4 4 <xk<8 k>8
0l 0l 0

(a)

Figure 9: Exemple de régularité géométrique des courbes SLE en fonction de k.

Dessin extrait de [14].

entre 4 et 8 on observe des courbes avec des points doubles, une valeur supérieur a
8 correspond & des courbes qui remplissent tout ’espace. Il est important de noter
qu’il est possible d’estimer la fonction directrice a partir d’'une courbe observée.
Ces processus SLE, associés & des caractéristiques d’invariance conforme, apparais-
sent naturellement dans plusieurs systéme physique : Percolation, Turbulence 2D |,

Modéle d’ising...

L’analyse SLE est un outil qui semble particuliérement adapté a notre problé-
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matique et qui offre un cadre théorique générale vis-a-vis d’autres approches plus
empiriques comme: L’analyse des "winding angles” ou l'analyse des fonctions de
structures. Il a été montré que ces processus apparaissent naturellement dans sys-
témes de turbulence 2D [15].

La figure 11 illustre un exemple d’analyse SLE réalisé sur un champs de SST
LandSAT haute-résolution au large de la cote bretonne (Figl0). L’analyse SLE a
été appliquée a ’ensemble des lignes de niveaux de I'image.

LANDSAT 8 TIRS BAND 10
11-09-2014

Figure 10: Image satellitaire de température de surface aquise par Landsat TIRS
avec un zoom sur une zone d’intérét.
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Figure 11: Exemple d’analyse SLE appliquée & I’ensemble des lignes de niveaux
de I'image illustrée en figure 10. (a) Variance des fonctions directrices en fonction
du (pseudo) temps, (b) la distribution statistique de la fonction directrice a deux
instant différents.

La figure 11 illustre les caractéristiques moyennes des fonctions directrices ex-
traites. Nous remarquons que 1’évolution de la variance des fonctions directrices
en fonction du (pseudo) temps n’est pas linéaire. On note un comportement non-
Brownien. Le comportement Brownien correspond & une relation linéaire. De la
méme maniére, la distribution statistique des incréments ne suit pas une loi gaussi-
enne. Cela nous a conduit & explorer des facteurs qui pourraient contraindre les
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caractéristiques des fonctions génératrices.
En particulier, il apparait assez nettement que les lignes de niveaux ne partagent
pas les mémes caractéristiques.
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Figure 12: (a) Les deux portions de lignes de niveaux sur lesquelles I’analyse SLE
a été effectuée, (b) les fonctions directrices extraites, (c¢) Spectres de Fourier, (d) la
fonction d’autocorrélation des incréments des fonctions directrices.

La figure 12 illustre un exemple d’analyse SLE appliquée sur deux lignes de
niveaux particuliéres avec des niveaux de régularité trés différents. L’analyse des
fonctions directrices des deux lignes de niveau montre clairement un niveau de vari-
abilité tres différent. Par contre, comme illustré en figure 12(c), aprés normalisation
par l'écart type des incréments, les deux courbes présentent des caractéristiques
similaires en terme des pentes spectrales des fonctions directrices et en terme des
distributions statistiques des incréments. On note que les deux courbes ne corre-
spond pas aux mémes niveaux du gradient. Plus largement, on observe visuellement
des différences de régularité géométrique entre les zones de fort gradient et les zones
de plus faible gradient. Ceci nous améne & explorer un conditionnement des proces-
sus SLE par le gradient basse résolution.

Ce type de conditionnement nous a conduit & une analyse des fonctions directri-
ces par classe d’intensité du gradient. On met clairement en évidence I'effet du gra-
dient sur la variance de la fonction génératrice. Avec des variances fortes & gradient
faible et inversement pour les gradients forts des variances faibles. Ceci correspond a
I'observation empirique d’une régularité géométrique contrélée par le gradient. Par
ailleurs, les fonctions génératrices présentent des caractéristiques spectrales en loi
de puissance peu corrélée du gradient.

Nous proposons donc de formaliser les lignes de niveaux d’un champ de SST
comme des processus SLE conditionnels dont les fonctions directrices sont des pro-
cessus Brownian fractionnaires conditionnés par la norme du gradient. En outre,
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nos résultats suggérent de poursuivre ’étude des processus SLE pour caractériser la
variabilité des dynamiques superficielles a petites échelles.






CHAPTER 1

Introduction and Context

The development of both satellite-based sensors for the remotely sensed observations
of geophysical tracers at ocean surface and the associated processing algorithms has
significantly improved over the last twenty years. Among the observed ocean sur-
face variables, Sea Surface Temperature (SST) is recognized as Essential Climate
Variables (ECVs). Rather than its temporal evolution, the most important feature
of the SST, as well as the other oceanic variables, is how it varies spatially. Its ob-
served spatial distribution is constrained by the spatial resolution of the instrument
which the parameter is captured from. This means that the spatial scale of the
satellite product determines the physical processes (e.g., eddies, currents...) which
can be studied. It is clear that as the resolution of the SST products increases,
it will become possible to unveil and study small scale oceanic features (i.e., sub-
mesoscales) and the way that it may well be impacting large scale processes (i.e.,
mesoscales). Notice, that until recently, most models assume that scales smaller
than the largest mesoscale eddies were negligible. However, recent numerical and
observational studies have demonstrated that the upper ocean is rich in structures
and processes at small scales [16, 17, 18]

Satellite-based sensors involve spatial and temporal resolutions, as well as differ-
ent sensitivities to weather conditions, especially cloud coverage and heavy rainfall.
For instance, regarding SST observations, high rates of missing data may occur in
high-resolution infrared observations (1kmxlkm) unlike low-resolution microwave-
based data (25-50 km). In other words, direct observation of the upper ocean at
small-scales is very challenging. According to the targeted applications, one may
need a realistic reconstruction at high-resolution of the the SST fields in the pres-
ence of clouds from only the available low-resolution measurements. Describing and
parametrizing these small scale features is very challenging from a statistical point of
view. Indeed the modeling has to be sophisticated enough to handle these patterns
but computationally tractable to keep the estimation and simulation feasible.

Stochastic methods and statistical learning algorithms have been introduced to
address both issues [19]. In this thesis, we focus on two problems: the reconstruc-
tion of high-resoluton SST fields from low-resolution observations, referred to as
SST super-resolution, and the characterization of the turbulence-related geometri-
cal patterns exhibited by SST fields. Our general objective is to identify random
models, which can mimic statistical properties exhibited by real observations, and
to explore possible parameterization variabilities. It may be noted that, unlike
classical reconstruction issues in image processing, the actual reconstruction of the
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true high-resolution fields may not be meaningful given the randomness of the pro-
cesses. As such, SST fields may rather be considered as textural fields and our
study relates to texture synthesis and analysis. The intrinsically multi-scale nature
of the underlying dynamical processes naturally leads us to consider multi-scale and
scale-invariant random processes, namely spectrally-constrained random processes
and conformally-invariant random processes. Beyond the theoretical and compu-
tational analysis of the considered models, We give more emphasis to parametric
representations with a view to making easier their geophysical interpretation.

The introduction is organized as follow: In section 1.1, we present a brief descrip-
tion of the various sources of remotely sensed SST data considered in this thesis. We
focus our discussion on their underlying characteristics and challenges. We briefly
present our contributions in terms of data characterization and pre-processing. In
Section 1.2, we describe the class of Gaussian texture-based models that we use
to build stochastic generators that encompass the features of the considered data.
We briefly introduce the considered directions for embedding in such models the
patterns exhibited by SST data, especially multi-scale patterns. The following sec-
tion 1.3 further introduce the use of the described models in the super-resolution
framework. We finish in Section 1.4 by a description of the proposed work.

1.1 Considered SST data and related issues

In order to provide global coverage of SST with dense spatial and temporal resolu-
tions, in situ measurements from buoys and ships are inadequate. Despite the fact
that these (direct) measurements are very accurate, their spatial coverage is sparse,
which makes their exploitation limited for the observation submesocale phenomena
at the ocean surface. Earth-observing satellite instruments provide such capabil-
ity. Satellite-derived sea surface temperature fields are often rich in small-scale
structures reflecting very important underlying oceanic processes related to eddies,
currents [20]. However, direct observation of the various upper ocean phenomena
and processes at fine-scales, using satellite-based instruments, remains challenging
for two reasons:

1. Because of the Cloud cover, SST fields obtained using high-resolution infrared
sensors [21] are significantly impacted by a high rates of missing data. This is
because the black body spectrum of the infrared emission from Earth is almost
absorbed by the water vapor and aerosol composing the clouds. The typical
resolution of the infrared SST data varies between 1km to 10km, while the
temporal sampling varies from a few minutes to several hours. For instance,
geostationary sensors (e.g., SEVERI, GOESS...) provide high temporal res-
olutions but only for regional coverage. By contrast, near polar-orbiting in-
struments (e.g., VIIRS, MODIS, AVHRR...) provide a global coverage with
repeat time from 12 hours to several days.

2. The low-resolution data obtained using micro-wave instruments are insensi-
tive to the cloud cover and can represent an alternative to those obtained by
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the infrared sensors to observe ocean parameters even under cloudy-sky con-
ditions. The reason is that the emitted micro-wave signal penetrates clouds.
However, the passive microwave signal is affected by other phenomena such
as precipitations. Unfortunately, because of the coarser resolution of the as-
sociated products, the use of this type of data is limited to the observation of
large-scale phenomena (i.e., mesoscale, global fronts...) of the global ocean. As
an example of the SST micro-wave sensors, we limit ourselves here to AMSR
Sensors.

To illustrate the above remarks, we proceed as follows. First, we calculate and
compare the probability of occurrences of clear-sky pixels (i.e., missing data statis-
tics) associated to the two types of SST products. To this end, we use one year
of daily L3 gridded data obtained respectively from the MODIS-only and AMSR-
E-only sensors. Both instruments are on-board the NASA Aqua platform and the
spatial resolutions of the considered (processed) products are respectively 4km and
25km. The resulting probability maps are shown in Fig.1.1. Each pixel value of
these fields represents the probability that the underlying pixel is cloud-free for
MODIS (resp. rain-free for AMSR-E) over one year. It is clear from these proba-
bility maps that the micro-wave data are less impacted by gaps. It is worth noting
that cloud-free pixels for MODIS are likely localized near coastal areas.

Figure 1.1: Probability of occurrences of clear-sky pixels during 2004 in (a) Modis
L3 data (b) AMSR-E

We further illustrate the characteristics of the various type of remotely-sensed
SST data from real data in Fig.1.2. In the first example, we show satellite-derived
SST snapshots captured simultaneously (and independently) by, respectively, in-
frared and micro-wave senors under clear sky conditions. The second example in-
volves a cloudy weather. Whereas more than 75% of data were missing for IR
MODIS snapshot (Fig.1.2(c)), the AMASR-E (Fig.1.2(d)) snapshot is unaffected by
clouds. The high mission date rates point out the need for super-resolution algo-
rithms with a view to reconstructing realistic high-resolution SST fields from the
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Modis Aqua 25-Aug-2010-03:55:00 AMSR-E 25-Aug-2010

Modis Aqua 28-Aug-2010-04:25:00 AMSR-E 28-Aug-2010
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Figure 1.2: Example of satellite-derived SST snapshots acquired by MODIS ((a)
and (c)) and AMSR-E ((b) and (d)) on Aqua platform in the Malvinas region. The
snapshots of the first row were acquired on Aug. 25, 2010 and depict a cloud-free
scenario. By contrast, the snapshots second row images were acquired 3 days later
under a heavily cloudy conditions.
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observed low-resolution conditions. This is the core of this thesis with an empha-
sis on the introduction of novel stochastic models, along with their theoretical and
computational characterization in Chapters 2 & 3 and on the application to SST
field in Chapter 6.

Besides missing data rates, the reported examples stress the remarkable richness
of the fine-scale structures observed in real SST fields. As pointed out by Fig.1.2,
IR MODIS snapshot reveals such ocean turbulence patterns, which are widely
filtered out by AMASR-E snapshots. These fine-scale structures are expected to
have a critical role in the geophysical and ecological processes at ocean’s surface
[22]. A natural question, therefore, is to ask how we can objectively describe
and characterize the small-scale heterogeneities of this images. For that purpose,
traditional methods based on the spectral analysis, leading to the estimation of the
scaling properties, may be considered. Unfortunately, the underlying multi-scale
oceanic processes and the related features cannot be characterized by a single
scaling exponent (i.e., the slope of the Fourier spectrum) and more sophisticated
methods are required. Chapter 4 addresses this issue. We follow some recent
attempts to characterize turbulent dynamics based on numerical simulations [15] to
focus on the analysis of the geometrical regularity of satellite-derived SST level lines.

Yet another drawback of working with high-resolution infrared datasets is the
presence of undesired noise patterns contained in the various products. The super-
resolution methods developed in this thesis belong to the family of the learning-
based methods which consists on direct sampling image priors from high-resolution
fields. Prior to the learning step, we shall need to eliminate or at least reduce the
amount of undesired noise patterns. In chapter 5, we deal with the suppression of
the striping noise contained in SST L2 products. We propose a combined Fourier-
wavelet filtering method and adapt it to the case of gaped datasets. We demonstrate
the benefits of the proposed scheme with respect to state-of-the-art methods for
different datasets.

1.2 Sample-based texture analysis and synthesis

In what follows, we consider a class of textures associated with geophysical dynamics.
Building models and synthesis algorithms for these kind of textures is a challenging
problem that has received much attention over the past years. Non-stationary mod-
els are often needed since traditional stationary (and isotropic) assumptions appear
too restrictive for capturing the complex patterns observed in remotely sensed SST
fields. Furthermore, SST fields contain features at various levels of detail, i.e., at
different scales. A multiresolution analysis and synthesis seems necessary. A great
deal of the potential candidate models is how to manage all the observed scales.
Sample-based stochastic texture models have been developed to simulate, in a sta-
tistical framework, possible realizations of the considered geophysical fields at given
scales. Assuming that the fields are stationary and normally distributed, which is
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not a realistic hypothesis in the case of textures associated with turbulent flows, all
we need to specify is an appropriate second order function.

For the standard Gaussian Random Field Texture prior models, the prior model is
classically specified by covariance functions. A covariance function of an homoge-
neous (or stationary) RF is defined by a continuous positive definite function that
depends on the relative position of pixels.

Cov(X(7), X(9)) = f(Z =) = f(h) (1.1)

where X is the RF, # and ¢ are the spatial locations and h=%— i/ is the relative
position. In the case of isotropic fields, the covariance function only depends on the
distance lag between points. As already mentioned, under the Gaussian setting, the
covariance function completely defines the stationary field. A variety of classical
covariance models, including exponential and Gaussian models, may be considered.
Formally, a Gaussian field relates to the following multivariate p.d.f.:

p(lQ, ) = (2m) " det( Q) exp(g (e — W) Q — ) (1)

where Q = Y71 is the precision matrix (i.e. the inverse of the covariance matrix
¥)). Limitations of the covariance-based methods, related to the so-called 'the big
n problem’; are known for both the inference and synthesis setting. In fact, as we
can see from the likelihood (1.2), the formula involves finding the inverse of the
(dense) covariance matrix. As an example, consider the problem of synthesizing a
50x50 pixel random field, it gives rise to the inversion of 2500x2500 pixel matrix.
Therefore, this method leads to a huge computational and memory complexity. In
this thesis, we deal with high-resolution satellite-based data and we are interested in
the simulation of relatively large fields (typically, 512x512 fields for a global scale)

Recently, |2] presents another set of approaches based on statistical constraints (i.e.,
Second order statistics). The various methods were then adapted to the context
of texture synthesis with a special focus on the color texture. Both randomization
processes can be expressed in the Fourier domain. The proposed corresponding
synthesis algorithms are fast and reliable since the corresponding algorithms rely
on the Fast Fourier Transforms (FFT). Despite the fact that both models are non-
parametric and homogeneous, equivalent parametric formulations can be derived
through the selection of appropriate parametric models for the spectrum. Starting
from an exemplar image, and assuming that the selected prior theoretical model
holds, the parameters can be estimated by fitting empirical spectrum to the consid-
ered theoretical model. Moreover, using the fact that both models can be written
as convolution product, non-stationary extensions are possible by allowing the con-
volution operator to spatially vary. To the extent of our knowledge, this extension
must be performed in the spatial domain and has no Fourier-based formulation.
This leads to relatively more computational and/or memory complexity compared
to the standard stationary case, but still more efficient than the covariance-based
method described above. In the non-stationary case, the prediction of the statistical
features exhibited by realizations of the random model may also be a complex issue.
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Another way of pursuing good prior models with fast computations and low
memory requirements is through the use of pseudo-differential operators. In this
approach, the random image is expressed as a solution of a Stochastic Partial Dif-
ferential equation (SPDE). The sparsity of the resulting precision matrices makes
storage and computation manageable. Recently, [23, 24| studied such operators from
a statistical point of view. The considered operator is a Laplacian-like operator of
the form £ = (k — A)*2, with x and « are positive real parameters. The main
important results of their contributions are the following: First, they establish the
explicit link between the above differential operator and the class of Matérn covari-
ance family. Secondly, they built a link with the class of the (discrete) Gaussian
Markov fields. The established Markovian propriety is very useful and leads to very
sparse precision matrix. It was followed by some extensions to take into account
non-stationarity |25|, non-Gaussianity |26] and to generate multivariate fields [27].
Notice that various applications were also considered. In 28], we considered a di-
rect application of the non-homogeneous Matérn SPDE class to the problem of the
exemplar-based super-resolution with a focus on satellite-based imagery.

The above-mentioned models do not explicitly address the multi-scale patterns
exhibited by natural textures and textures associated to geophysical fields. This is
a key contribution from Chapter 2, where we explore such extensions with a focus
on cross-spectral constraints.

Figure 1.3: (a) The sparsity structure of the matrices involved in the inference and
the synthesis of textures using the SPDE and equivalent approaches comparing with
(b) the dense matrices using the classical covariance-based method. Even using the
covariance tapering [1] to approximate the likelihood (1.2), the resulting matrices
are relatively less sparse than (a).

1.3 The use of systems of texture-based models as a pri-
ors in image super-resolution

In this thesis, we consider the application of the various stochastic texture-based
models developed in Chapter 2 to the super-resolution of textured images. We aim
at simulating a high-resolution textured image given a low-resolution sample. For-
mally, image super-resolution is stated as the conditional sampling of a stochastic
model with respect to a low-resolution condition. Our specific interest is in the state-
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ment of different image priors to constrain the spectral, statistical and geometrical
aspects and proprieties of the reconstructed high-resolution image conditionally to
the low-resolution observation. Specifically, we consider the multi-scale stochastic
texture-based models and the associated algorithms developed in Chapter 2. Chap-
ters 3 & 6 explore different parameterizations. In Chapter 3, we shall concentrate
on the classical univariate models in the spatial domain. In this setting, the first
and the second order moments, at various scales, are controlled. Following the ideas
from [29], we consider additional constraints on the phase information of the recon-
structed fields, the phase being a key feature of the exhibited geometrical patterns.
In Chapter 6, we embed the stochastic models from Chapter 2 within a multi-scale
wavelet-based representation and focus on real SST fields.

LR HF

[ — n |
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Figure 1.4: Illustration of the Exemplar-based super-resolution as considered in this
thesis.

1.4 Outline of the thesis

This thesis is divided in two parts. The first Part is devoted to the theoretical
and algorithmic study of considered textural-based models. In Chapter 2, after
a brief state-of-the-art of the existing texture models and synthesis methods, we
extend the second-order models reviewed by [2]| to the multivariate case. Chapter
3 addresses an application to image super-resolution with additional phase-related
constraints. The second Part of the manuscript focuses on the modeling and analysis
of satellite-derived SST fields with three contributions: the pre-processing of striping
noise patterns (Chapter 4), the statistical characterization and modeling of the
geometrical patterns of high-resolution SST fields (Chapter 5) and the simulation of
high-resolution SST fields conditionally to low-resolution observations (Chapter 6).



1.5. Publications 25

1.5 Publications

Journal Papers

Published

- B.Boussidi, R.Fablet, E. Autret, and B. Chapron, "Accroissement stochastique
de la résolution spatiale des traceurs géophysiques de 1’océan: application aux
observations satellitaires de la température de surface de 1’océan", Revue francaise
de photogrammeétrie et de télédétection, no.202, pp. 66-78, March 2013.

- Fabian Schloesser and Peter Cornillon and Kathleen Donohue and Brahim
Boussidi and Emily Iskin "Evaluation of thermosalinograph and VIIRS data for
the characterization of near-surface temperature fields", Journal of Atmospheric
and Oceanic Technology

To be Submitted

- B.Boussidi, R.Fablet, and B. Chapron, "SST-derived geometrical charac-
terization of ocean surface dynamics using Schramm-Loewner Evolution", to be
submitted at Geophysical Research Letters . Chapter 4

- B.Boussidi, R.Fablet, and B. Chapron, "Removing striping noise from cloudy
Level-2 Sea Surface Temprature datasets", to be submitted at Remote Sensing of
Environment. Chapter 5

- B.Boussidi, R.Fablet, and B. Chapron, "Superresolution of low-resolution
satellite SST images using phase-constrained and cascaded multivariate Gaussian
models", to be submitted at IEEE transactions. Chapter 6

Conference Papers

- B.Boussidi, R.Fablet, E. Autret, and B. Chapron, "Stochastic super-resolution of
satellite-based Sea Surface Temperature using conditional SPDE models", IEEE
Geoscience and Remote Sensing Symposium, 2014

- B.Boussidi, R.Fablet, E. Autret, and B. Chapron, "Champs Gaussiens
conditionnels pour la modélisation inter-échelle de textures: Application a la
super-résolution en télédétection satellitaire de I’'océan", Reconnaissance de Formes
et Intelligence Artificielle (RFIA), 2014

- R.Fablet, B.Boussidi, E. Autret, and B. Chapron, "Random walk models
for geometry-driven image super-resolution", IEEE International Conference on



26 Chapter 1. Introduction and Context

Acoustics, Speech and Signal Processing (ICASSP), 2013



Part I

Stochastic partial differential
equations (SPDE) and Texture
synthesis






CHAPTER 2

Texture synthesis using univariate
and multivariate sample-based
stochastic models.

Contents
1.1 Considered SST data and related issues . . . . .. ... ... 18
1.2 Sample-based texture analysis and synthesis . .. ... ... 21
1.3 The use of systems of texture-based models as a priors in
image super-resolution . ... ... ... ... ... 0. 23
1.4 Outlineofthethesis. . .. ... ... ... ... ......... 24
1.5 Publications. . . . ... ... o o oo s e 25

In this chapter, we explore the mathematical results of two exemplar-based tex-
ture models. Namely, random phase noise (RPN) and asymptotic discrete spot noise
(ADSN). Both models allow us to synthesize stationary Gaussian textures that does
not exhibit macro geometric details. This mathematical and experimental study is
completed by two contributions for both categories of texture synthesis models. The
RPN and ADSN models are first extended to the multivariate framework. Second,
parametric SPDE-based representations are introduced.

2.1 Introduction

2.1.1 The texture synthesis problem

The goal of the Example-based (or sample-based) texture synthesis is to develop an
efficient generation procedure to produce new textures from a given input sample.
The success of the synthesis procedure is determined by the visual fidelity of the
synthesized textures with respect to the given samples and also by the capability
of reproducing the textural quantitative characteristics of the original sample (e.g.,
histograms, spectra, high order statistics...). The process of synthesizing new tex-
tures from a sample has received great attention over the last few years in the image
processing field and associated applications, including realistic texture rendering in
computer graphics, denoising and inpainting of textured images...

In this thesis, we deal with the synthesis of the stochastic gray-scale textures.
Using a given (single) model, the more difficult part of the synthesis problem is the
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ability to deal with the wide variety of the scale-dependent features exhibited by
a given sample. The superposition of all these scales (e.g., Fourier modes, wavelet
subbands) gives rise to non-Gaussian scenarios with non-homogeneous anisotropic
patterns, what leads to complex parametrization.

2.1.2 Previous work (Parametric and non-parametric approaches)

We restrict ourselves to statistical models and may refer the reader to |30, 31] a wider
review of textural models. Broadly speaking, one can divide the texture synthesis
methods in two main categories. The first category embed non-parametric methods,
among which patch-based methods introduced in [32] are the most popular and
efficient. A second category of approaches involve parametric models, and mainly
statistical models, including for instance, auto-regressive models, Markov random
fields, Gaussian processes....These models requiring learning on large-scale datasets
seem less appropriate to our application context.

Parametric models: A variety of parametric models have been introduced
for texture synthesis. 2D auto-regressive and Gibbs random fields for instance rely
on the explicit modeling of the conditional likelihood of a pixel given some neigh-
borhood. Different local parameterizations may be considered (e.g., co-occurrence-
based [33], response to filters [34]). The simulation of textured images generally
relates to Gibbs sampling strategy and model calibration resorts to classical statis-
tical criterion (e.g., Maximum Likelihood, Maximum Entropy,...). Other parametric
models are associated with specific textural features such as spectral constraints [2]
or marginals of wavelet decomposition [35]). It may be noted that parametric models
may be stated in the original image domain as well in a transformed domain (Fourier
transform, wavelet decomposition,...). In this respect, covariance-related and asso-
ciated Fourier-based representations will be of particular interest in our study. They
are introduced more precisely in the following section. Overall, the main limitation
of parametric methods may be their limited capabilities the wide range of textural
patterns as they are, by nature, expected to (only) reproduce some predefined spe-
cific textural characteristics. Conversely, they provide a compact representations of
textures, which may make easier their interpretation.

Non-parametric models: From the early 2000’s, non-parametric models, es-
pecially patch-based ones, have gained much interest for texture synthesis. They
rely on some patch-wise copying scheme to resample a new textured image from
an exemplar [36]. Later enhancements and extensions on this idea led to dynamic
(or volumetric) texture synthesis as well as application to missing data interpola-
tion for satellite-derived missing data interpolation [37, 38]. It may be noted that
patch-based models can be restated as Markov Random Fields [39]. Despite the fact
that the synthesis results obtained by this method are visually very satisfactory in
the case of very structured texture examples, the resulting textures are almost ob-
tained by a simple juxtaposition of small patches directly sampled from exemplars,
which means that these methods have a limited innovation capacity. Besides, such
non-parametric schemes offer little interpretation possibilities.
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Recently, the combination of parametric and non-parametric frameworks provide
new solutions, which may be of interest for future work. We may cite [40, 37] the
combination of patch-based models to spectral and marginal features as a mean
to better control the textural samples synthesized by patch-based models. The
application of deep learning architectures [41] to texture synthesis may also viewed
as an example of a similar strategy, whose benefits for the considered application
would require additional analysis.

2.1.3 Contribution of the Chapter

In this paper, we introduce the generalization of the RPN and ADSN models to mul-
tivariate case. We develop fast synthesis algorithms for both multivariate random
processes. The models allow us to impose spectrum and cross spectrum constraints
on the synthesis as demonstrated in the experimentation sections. The approach is
compared to the classical method [2] and the benefit of the proposed constraints is
demonstrated. One of the rather interesting aspects of the proposed approaches is
that they can be written as solution of parametric SPDE equations. That will be
of importance in the case of synthesis of partially-observed textures.

The plan of this chapter is as follows. In Section 2.2 we introduce the basic
results of the spot noise model. The asymptotic limit of this model, know as ADSN,
is presented in 2.3. In section 2.4 we present the RPN model. Both models are
extended to the multivariate case in 2.5. SPDE-based formulations and associated
possible parametrizations are discussed in 2.6. We present the conclusion of this
chapter in Section 2.7.

2.2 Shot (Spot) noise model
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Figure 2.1: Spot noise associated with the Gaussian kernel with different values of
n. A stationary texture is obtained as n increase.

The shot noise model is the most elementary strategy to simulate and obtain a
2D stationary (Gaussian) random field. Fundamental results of this model go back
to Rice [42]. The idea consists in superposing a large number of identical but shifted
copies of an elementary kernel, a deterministic function called spot, whose centers
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are randomly (uniformly) chosen over the domain. Formally, the spot noise process
is given by

Xn(z) = hx — ;) (2.1)
=1

where h is the deterministic spot and the random set (n, zj—1,... ) is generally mod-
eled the realization of a Poisson point process on a rectangular domain of intensity
A > 0. The convergence to a (stationary) Gaussian process as the intensity increases
is well known [43] . Fig.2.1 shows several realizations of 2.1 using a Gaussian kernel
for different values of n. It may be stressed that the obtained images converge to
an homogeneous texture-like image. This limit object, called ADSN, was rigorously
defined in [2] and will be studied in the next section. We now consider the spectral
representation of the spot noise process. By taking the Fourier transform of 2.1 and
exploiting its linearity we obtain

Xalk) = 3" hk)exp(—jka;) (2.2)
=1

— S [k exp(i (p(k) — k) (2:3)
=1

where p(k) is the phase of the spot h. Remark that the spatial shift of the original
spot does not shift the corresponding Fourier transform at all, but rather multiplies
the output by a linear phase.

2.3 ADSN

In this section, we investigate the interesting limit process of the Spot noise model
described in the latest section. For this purpose, we proceed as follows. Let us
consider an uniform random variable X on Q and H(z) = h(x — X), where h is
a deterministic spot function. One can verify by a direct computation that the
expectation value of H(z) is E(x) = plg, where 1q is the indicator function over
). The autocovariance function is given by

Covnla,y) = Cov(H(x), H(y)) (2.4)
Cov(h(x — X),h(y — X)) (2.5)
= E((h(z — X) —m)(h(y — X) —m)) (2.6)
= g ke —mhy - -m) @)
u€s)
= Cov(h(z),h(y)) (2.8)
= Covp(z,y)

In view of 2.9 the autocovariance function of H is exactly the same as that of
the spot function h. This property is particularly important. One consequence of
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the central limit theorem applied to the random sequence {H,},>1 as n — oo is
that v/n(H, —mpul) converge in distribution towards the multi-dimensional normal
distribution N(0, Covp(z,y). We can now introduce the ADSN (Asymptotic discrete
spot noise) associated with the spot h to be a centered random Gaussian field whose
autocovariance function is given by Covy(z,y) [2].

In the following, we show that the ADSN associated with the spot h can be
simulated by a convolution of a normalized copy of h with a Gaussian white noise
whose components are i.i.d with distribution A(0,1). Let W(x,y) be a Gaussian
white noise with E(V) = 0 and E(W(u)W(v)) = 1y=,. The idea of this construction
is that the random field defined by Y = h % W is a random Gaussian field with the
same distribution as the ADSN process associated with the sport h [2]. Since the
convolution is a linear operator, it is immediate that Y is Gaussian. In order to
properly establish the relationship between the ADSN and the convolution process,
we have to prove that E(Y) = 0 and Covy (x,y) = Covy(x,y).

In the Fourier domain, the ADSN process is easily defined since the convolution
operator is given by a pointwise multiplication. It is known that a Gaussian white
noise image has a uniform independent random phase and its Fourier modulus is an
uncorrelated Rayleigh noise. Thus the the phase of the obtained ADSN is a uniform
random whereas its Fourier modulus is the pointwise multiplication of the Fourier
modulus of the spot h by a Rayleigh noise.

2.4 Random phase noise model (RPN)

The random phase noise model has been introduced as a stationary texture synthesis
technique by [44]. The idea consists in obtaining a texture from a given Fourier
magnitude (e.g., obtained from a texture example or trough parametric model)
by setting the phase as (uniform) random [45]. For a given real-valued image wu,
the associated RPN representation is defined by a random image with the same
Fourier module as u and a random phase 6. As the random part 6 of the RPN
is constrained to be a Fourier phase (angle) of a real-valued image, it must satisfy
specific conditions. Begin by recalling that the Fourier transform of a real-valued
image involves a complex conjugate symmetry (i.e., u(—k) = @*(k). It follows that
the phase is an odd function of the frequency. In practice, it is often convenient
to simply generate a realization of a Gaussian white noise and then to consider its
phases.

Since the RPN is by nature defined in the Fourier domain, it is easy to compare
it with the ADSN process. The Fourier modulus of the RPN is by definition equal to
the Fourier modulus of the spot h while the Fourier modulus of the ADSN process
are the same modulus degraded by a pointwise multiplication by a white Rayleigh
noise [2].
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(a) Input Gaussian spot

(d) (e)

Figure 2.2: Differences between the outcomes of the RPN and the ADSN associated
with a Gaussian spot (a). (b) RPN outcome and (c) ADSN simulation. The Fourier
modulus of the various simulations are represented in (d) and (e) and. Let us point
out that the modulus of the ADSN is the pointwise multiplication of the modulus
of RPN by a white Rayleigh noise.
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2.5 Multivariate extension

A natural question to ask is whether the models and related results that we have
presented in the previous sections extend naturally to the multivariate framework.
Such a multivariate framework is of interest for the multivariate (e.g., colour or
multispectral) texture simulation, as well as application to multiscale image de-
composition as investigated in Chapter 6. Our goal here is to generate a vector
of textures while preserving the covariance structure of each image as well as its
cross-covariance with all the rest of images.

In the context of color texture synthesis, |2] addresses a multivariate extension of
the RPN and ADSN algorithms. The color ADSN process is obtained by convolving
each color channel with the same realization of a Gaussian white noise. While the
RPN is defined by adding the same random phase to the phase of each color channel
of the vector spot. One can easily verify that the covariance and cross-covariance
structures for the different color channels are preserved with these two multivariate
extensions. Convincing synthesis results are reported for color textures. In [46, 47],
a compact formulations are proposed using the so-called "Texton”. In our applica-
tion context to ocean remote sensing data, these two formulations involve a critical
limitation. They assume that a multivariate spot image is available. The synthesis
procedures cannot straighforwardly extended to partially-observed images. Ocean
remote sensing data typically involve missing data and land mask, such that the
derivation of reference multivariate spots may be an issue. We also aim at guaran-
teeing the interpretability of the considered representative in terms of covariance and
cross-covariance models. Hence, we follow in this thesis the framework considered in
[27] for the multivariate SPDE processes. It relies on a system of equations, and we
adapt it to the case of ADSN and RPN processes. The resulting formulation does
not impose the same noise for each channel. The associated matrix- valued represen-
tation of the system may be parametrized by the covariances and cross-covariances
of the sample vector images, which can be derived from partially-observed as well as
irregularly-sampled images. Besides these parametric extensions, applications to the
joint analysis of multi-source and multi-resolution remote sensing data, with possi-
bly only partially overlapping spatial supports, may also be considered for instance
for the interpolation of high-resolution sea surface geophysical fields.

In this section, we explore the proposed multivariate RPN and ADSN models.
The texture synthesis algorithms used in Chapter 6 are based on these results.

2.5.1 Multivariate RPN

In this section we analyze the multivariate random phase noise (MRPN). We will use
this process as a mean to synthesize multivariate stationary textures with expected
spectral properties.

Definition 1. The multivariate RPN associated with a vector-valued image h =
(h1,ha,- -+, hy) is a random vector-valued image g = (g1, g2, - - - , gn) Obtained using
a vector of independent uniform random phase 6 = (61,---,0,) by the following
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Such that S;(&) = S;,(§).

where £;j(h) are matrix-valued operato