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ABSTRACT

Sub-meter resolution satellite images, capture very detailed information, as for
example, shape of buildings and industrial installations, detailed road and road
furniture structures, vehicles, etc. Thus, their information content is incredibly ric h
and also complicated to be extracted. The classical image descriptors as spectr.
information, texture, shape, etc., are not any more sufficiently accurate to describe the
image content. The main purpose of the thesis is to proposedescriptors for Sub-
meter resolution satellite images especially for those who contain geometrical or man-
made structures. Independent Component Analysis (ICA) is a good candidate for this
purpose, since previous studies demonstrated that the resulted basis vectors contair
some smal lines and edges, the important elements in the characterization of
geometrical structures.

As a basic analysis, a study about the effects ofcalesize and dimensionality of ICA
system on indexin g of satellite images is presented and the optimum dimen sionality
and scale size are found.

There are two view points for feature extraction based on ICA. The usual ideais to
use the ICA coefficients (ICA sources) and the other is to use the ICAbasis vectors
related to every image. Based on the first point of view, an ordinary ICA source based
approach is proposed for feature extraction. This approach is developed and
modified through a Topographic ICA system to extract middle level features which
leads to a significant improvement in results.

Based o other point of view, two methods are proposed. One of them uses the Bag
of words idea which considers the basis vectors as visual words. Second method use
the lines properties inside the basis vectors to extract features. Also, using the lines
properties idea, another method is developed which directly detects the line
segments in the images.

Finally, the capabilities of proposed descriptors are compared through a supervised
classification based on Support Vector Machine (SVM).
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0 RESUME EN FRANCAI S

0.1 Introduction

Les images satellites haute résolution contiennent des informations trés détaillées
comme la forme des batiments, leszones industrielles, les structures des routes, les
véhicules, etc. Ainsi, leur contenu d'information est hyper riche, etaussi tres
compliqué a extraire. Parmiles paysages différentsles zones urbaines etdes
structures géométriques sont les paysages plus compliqués pour les différant
domaines de recherches

Nous allons extraire les indicesintrinseques desimages satellite etproposer les
descripteurs robustes. En utilisant ces descripteurs, nous serions capablesde
reconnaitre une variété des paysagesen particulier, les structures géométriqgues au
sein des imagessatellite trés haute résolution. Par exemple, nous pouvons trouver des
zonesurbaines similaires dans une image satellite trés large.

Nous insistons sur les formes géométriques ou des structures artificielles comme les
sujetsde caractérisation, parce que normalementil n'ya pas desdifficulté s majeures
pour la description des paysagesnaturelles. Figure 0.1(a) montre une SDUW LH
forét comme un exemple despaysages naturels. Normalement, les paysages
naturels ont des propriétés qui nous permettent d'utiliser un certain nombre de
caractéristiguesde texture comme leurs descripteurs. Par exemple,les
changementsdans lespaysages naturelsnormalement se produisent d'une maniére
quasi périodique et continue.

De plus, généralement, ilsne contiennent pas deslignes distinctes ou des
objetsgéométriques. D'autre  part, dans lesstructures artificielles nous trouvons
souvent des objetsgéométriques, contenant des lignes et desbords, qui ne sont pas
nécessairementG LV W U L E X p H Wani&e keqQuliere. Ainsi, ce type d'images, en
comparaison avecles paysages naturelshe peuvent pas étre décrits correctement
avecles caractéristiquesde texture. Figure 0.1 (b) montre une zone urbaine comme un
exemple de structures artificielles.

G-XQH
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/ Analyse en Composantes Indépendantes(O -$&, laH badeé théorique de cette
thése.Bell etSenjowski[2] ont utilisé I'ACI pour les images naturelleset ont
trouvé que les composantesindépendantesdes images contiennent deslignes et les
bords courts. Ceci estune propriété importante pour la caractérisation des structures
géomeétrigues, puisque les objetsgéométriques contiennent normalement des lignes et
desbords. Donc, I'ACI estune candidate approprié e pour définir les descripteurs des
patchesdesimages satellite contenant des structures géométriques.

Dans la figure 0.1, il y adeux patchesdes images satellite, une deforét et d'autres de
la zoneurbaine. Aussi,il y a des exemplesdes vecteurs de base de I'ACI qui
sont obtenus pour chaque catégorie dedonnées.La différence entre les deux
ensemblesdes vecteurs de baseest un signede la capacité ded'ACI pour la
caradérisation desimages satellite. En particulier, les bords et leslignesdans les
vecteurs de basede la région urbaine démontrent que I'ACI peut détecterles
caractéristiques principales des structures géométriques.

'Y
a b
AR HE ami
c | d

Figure 0.1 Un exemple de deuxclasses desimages satellites et les
vecteurs de base G - $ &(a): Forét, typiques des paysages naturels,(b):
Zone urbaine, typique des structures géometriques. (c) et(d): Vecteurs
de based'ACI obtenues pour deux classes. Les vecteurs de basede
zone urbaine contiennent des lignes, des barsdes bords, etc.Vecteurs
de basede forét sont plus homogénes.

Figure 0.2 montre un schémades contributions de thése. La premiéere contribution de
WKgVH HVW XQH LQYHVWLJDWLRQ VXU O-HIIHW GH OD WDLOOF}
VI\IVWgPH GH O:-$&, TXL HVW XWLOLVp SRXU FDUDFWpPULVDWLRQ
DLGH j FKRLVLU OH IUDPHZRUN GH QRWUH PRGgOH GH O-:
caractéristiques. On propose deux groupes des descripteurs pour les images satellites
haute résolution. Le premier groupe contient deux types des descripteurs qui sont
EDVpV VXU OHV FRHIILFLHQWY OHV VRXUFHVY GH O-%$&, RUGLQCL
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deuxiéme contient deux types des descripteurs qui sont basés sur les propriétés des
YHFWHXUV GH EDVH GH O0-%&, (Q VH EDVDQW VXU QRWUH H[SpU
un autre descripteur qui extrait les caractéristigues des lignes dans les images

satellites. Finalement, les capacitésdes descripteurs proposés sont comparéesgrace

a une dassification supervisée basée sur la Machine a Vecteurs de Support.

Figure 0.2 Un schéma des contributions de thése. Il contient une
LOQYHVWLIJDWLRQ VXU O-HIIHW OGP GDPWQV
VI\IVWgPH GH O-%$&, SURSRVLWLRQ GHV Gt
0-%$&,7 HW Y pULIL&eBdfipteRrQproBEEY grace aune
classification supervisée basésur la Machine a Vecteurs de Support

0.2 Quel stypes de caractéristiques avons-nous besoin?

Les @ractéristiques de texture présentent uneinterp rétation universelle du paysage
mais ne présentent pasdes informations détaillées des objetsdans le paysage Au
contraire, les  descripteurslocaux etles opérateurs morphologiquessont des
méthodes capables pour détecter les objetsgéométriques etcaractériserla zone
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urbaine, mais ils sont souvent compliqués et avec des vecteurscaractéristique treés
grands. En effet, nous avons besoin des caractéristiques, ni exactementau niveau de la
texture et ni au niveau des descripteurs locaux. En outre, les descripteurs locaux et les
opérateurs morphologiques sont généralement utilisés pour détecterles objets,
mais nous n'allons pas détecter des objetsgéométriques dans les images satellite Le
but principal de cette théseest de proposerdes descripteurs pour les patches des
images  satellite  contenant despaysages  différents, en  particulier, les
structures géomeétriques ou artificielles .

03,PDJHV VDWHOOLWH RSWLTXHnétrigueX QH UpVRO X

Dans cette these, nousallons extraire les caractéristiques des images satellitaires
optiques. Ces caractéristiques sontrelatives aux propriétés spatiales desimages etles
caractéristigues des couleursdes imagesne sont pas importantes. Ainsi, nous avons
seulement besoin des imagesen niveaux de gris pour nos méthodes Gextraction de
caractéristiques. En  d'autres termes, les imagessatellites panchromatiques
optiques sont convenablesd O-REMHFWLYH GH . Qdpadamt, ndus péukods K H
utiliser les images saellites multispectrales, mais G -D E R Ges transforme en
imagesen niveaux de gris.

La résolution spatiale est le paramétre le plus important des images satellitaires qui
sont traitées dans cette thésele but de thése est de définir des descripteurs pour les
images satellites contenants desstructures géométriques ou artificielles. Les détails
dece genre destructure ne sont pasvisibles dans les images Gune résolution
spatiale SOXV Gné¢€ par pixel. Par conséquent,nous ne corsidérons queles
imagesavec une résolution spatiale Gun metre ou sub-métrique. Par exemple,les
images de QuickBird d - X QrBolution spatiale de 60cm ou des imageslkonos avec
une résolution spatiale G - Xn@&tre sont convenables a nos besoins.

0.3.1Patch contextuel, Micro -patch

Les images satelite ont normalement les tailles trés larges et contiennent une variété
de paysagesartificiels ou naturels. Par conséquent, la définition des caractéristiquesde
cesgrandes imagesn'est pasraisonnable. Pour I'extraction des caractéristiques, nous
avons besoin desSDW F K HV luspétifeld, qui ne contiennent qu'un seul type de
structure ou  paysage.Bien que nous sommes capables d'extraire les
caractéristiguespour les images contenantde nombreuses classes deaysages,
ceci n'est pas souhaitablecar chaque vecteur des caractéristiques est censé décrireune
seule classe depaysage.

Nous devons considérernos patchessuffisamment grand s afin qu'ils contiennent un
certain nombre d'objets etun contexte clair. Autr ement dit, ils doivent présenter un
paysagesignificatif. Par exemple, siun patch contient un seul batiment ou une
partie d'un immeuble sans un contexte clair, il pourrait étre idéal pour le but de
détecter des objetsmais il n'est pas approprié pour l'objectif de notre travail. En outre,
si notre patch est trop grand, il peut contenir plusieurs parties, chacuned'entre elles
pourrait étre individuellement considéréecomme un paysage interprétable.
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Nous appelonsles patchespour lesquelles nous allons définir les descripteursles
patchesontextues. En d'autres termes,nous cherchons despatchesd'images qui
peuvent présenter un certain nombre des formes géométriques comme les maisons, les
immeubles et autres structures artificielles avec uncontexte clair. Nous insistons sur
le mot contextepour séparer notre tdche de ladétection des objets.Comme nous
travaillons avec lesimages satellitaires avecla résolution sub-métrique, il semble
quela taille despatches contextuels entre 100*100pixels  a 300*300pixels soit
raisonnable. Dans cette thésenous travaillons avec les patchescontextuels de la taille
de 200* 20(pixels.

Imagesatellite

Patch contextuel

Micro -patch -
Méthodes de

OYH[WUDL
caractéristjueq
EDVpHV \

\ 4
\ 4

Figure 0.3 Trois niveaux des images aui sont utilisées danscette
thése.Les images satellites initiale s contiennent plusieurs classes
de paysages. Les patchescontextuels contiennent généralementune
classede paysage etconviennent al'extraction de caractéristiques. Les
Micro -patchesextraits de chaque patchcontextuel sont utilisés
dansles procéduresd'extraction de  caractéristiques baséessur
I'ACI car les patches contextueksont trop grands pour étre utilisé
directement dans la procédure del'ACI.

Néanmoins, les patchescontextuels restent grands pour étre utilisé s directement dans
certaines méthodes d'extraction des caractéristiqguesexpliquées dansla thése.Donc,
nous recueillons uncertain nombre de patches plus petits, Micro-patches
depuis chaque patchcontextuel pour étre traitées dans la procédure d'extraction des
caractéristiques. Trois niveaux des imagessont illustrés dans la Figure 0.3

04 Etat de l'art

L'idée de [I'Analyse en Composantes Indépendantes(I'ACI) est de réduire la
redondance de donnéessans perdre lescaractéristiques importantes de données.
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Barlow [l]a mentionné quele cerveauhumain mémorise des informations de
I'environnement visible et les utilise pour diminuer la redondance dedonnées.lici, la
redondance aun sensde la dépendancestatistique. Par exemple, sinous voyons une
voiture , nous attendons devoir aussi une route. Autrement dit, il existe une
corrélation statistique ou la dépendance entrela voiture et la route dans notre cerveau,
parce que, habituellement, nous lesvoyons ensembles. L'idée initiale de I'ACI est
similaire mais, ici la dépendance estmesurée entre lesniveaux de gris des pixels d'une
image qui sont considérés commedes variables aléatoires.

Séparation Aveugle de Souree®tél'un des premiers problemes pour lequel I'ACI a
étéélaboré. 'H O -D X W UiHpel {&éd considéré comme une forme généraliséede
I'Analyse en Composantes Principal@&CP).

Une étude importante a été faite parBell et Senjowski[2] qui ont utilisé I'ACI pour
des images naturelles.lls ont trouvé que lescomposants indépendantsdes images
contiennent des lignes courteset les bords.Olshausenet Field [3] ont démontré que
des propriétés similaires peuvent étre trouvées dansle systéme visuelhumain.
Existence desbords et des lignesdans les composantsde I'ACI est aussi intéressané
pour notre recherche. Parce que nous cherchons certains modelespour manipuler des
caractéristiguesde bords des objets dansles images satellites.

Plusieurs méthodes qui appliquent I'ACI pour les images existent. La plupart de
cesméthodes utilisent des modeles smples de I'ACI, mais certains d'entre eux
utilisent un modele combiné de I'ACI comme la méthode proposée par Lee, Lewicki, et
TJSejnowsk[4]. Un HI[HPSOH GH O - Xda/INAOILpd WleRR Qdonnéesde
télédétection est I'étude effectuéepar Zhang, X.et CH Chen[7]. En outre, Zhang et
al [8] a proposé une méthode basée surl'ACI pour la classification des imagesde la
télédétection. Bien quel'ACI est fréquemment utilisé pour certains types d'images
telles que des images naturelles des imagesdu texte et des images du visage,il n'a pas
été trésutilisé pour la caractérisation desimages satllite. Ce dernier peut ouvrir un
GRPDLQH GH UHFKHUFKH QRWDREHWW la @ardddiis&ibV DWLRQ GH
desimages satellite.

0.5 Fondements de I'Analyse en Composantes Indépendantes

Il est supposéquil vy aun ensemble den sourcesd'information

( ), FKDFXQH G -H éstgtdtidtigdemenHindépendante par rapport
aux autres. Autrement dit, la valeur de chaque sourcen'a aucuneffet sur les
valeurs d'autres sources.Du point de vue statistique, nous pouvons considérer ces
sources commedes variables indépendantesaléatoires.L'ensemblede  ces
variables peuvent étre indiquées avec un vecteur aléatoire qui est appelé levecteur des

sources ( ). Ensuite, noussupposons que lescomposants
indépendants sont combinés par un processus linéaire. En d'autres termes,nous avons

un ensemblede variables observées( ) qui sont eux-mémesdes

variables aléatoiresparce qu'elles sont produitescomme des combinaisons
linéaires des variables aléatoires initiales. Nous noterons |I'ensemble desvariables

aléatoires observéesavec un vecteur aléatoire ( ) et nous
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appelons ce vecteurveceur observéu signal observé

(0.1)

La matrice est appeléematrice de mixture puisqu'elle mixe lessources
indépendantes. Nous pouvons réécrire I'équation (0.1) comme suit:

(0.2)

Les vecteurs ontla méme dimension quele signal observé.Ces

vecteurs peuvent étre considérés commeles vecteurs de based'un nouvel espace pour
représenter nos données.Donc, ils sont appelésles vecteurs de base

Si nous utilisons I'ACI pour les images, nos signaux observéspeuvent étre considérés
comme despetites images (micro-patches)qui  sont recueillies depuis  des
imagesinitiales. Donc les vecteurs de basale I'ACI auraient la méme taille que les
micro-patches:

Figure 0.4: Les signaux observés etvecteurs de base quant on
applique I'ACI pour les images.
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[-$QDO\WH HQ &RPSRVDQWésMa pipGdBd-t@samafony dey vecteurs
de basetelle que les sourcesde I'ACI seraientles plus indépendants que possible.En

d'autres termes, un ensemble des signaux observés , est donné etnous allons
estimer la matrice de mixture ,qui contient les vecteurs de base, , et
I'ensemble des sources pour chaquesignal observé, ,de telle

sorte que ces sources seraientstatistiquement, les plus indépendantes possible.

0.5.1 Mesure de l'indépendance statistique

Il n'existe pas un moyen simple pour mesurer lindépendance parmi un ensemble
des variables aléatoires. Théoreme ceratl limite sous certaines conditionspeut nous
aider a évaluer le montant de l'indépendance existant entre des variables aléatoires.Ce
théoréme exprime que si nous créonsune combinaison linéaire de n variables
aléatoires indépendantes,la distribution de nouvelle variable aléatoire tend vers
une distribution G aussiennesi n tend vers l'infini. En d'autres termes,une somme de
deux variables aléatoires indépendantesgénéralement a unedistribution qui est plus
proche de Gaussieme que chacune des deuxvariables aléatoires initiales.

Nous avons supposé que estune mixture des sources indépendantes.Nous
définissons une nouvelle variable aléatoire,commela combinaison linéaire des

composantes de

(0.3)

estun vecteur qui détermine les coefficientsde la combinaison linéaire. On peut

remplacer par

(0.4)

est unnouveau vecteur qui est défini comme .Alors, estune
combinaison linéaire dessources indépendantes Selon lethéoreme central
limite, la variable aléatoire est plus Gaussienneque chacune des sourceset elle
devient moins Gaussiennequand il est égal al'un des sources

Dans ce cas, une seuleomposante devecteur est non nulle. Par conséquent,
I'objectif est d'estimer vecteur  telle qu'elle maximise le non-Gaussianité de . Ce

vecteur correspond a un vecteur qui n'a qu'une seule composante non nulle. Ainsi, la
procédure d'apprentissage peut commencer parla sélectiond'une valeur initiale pour
le vecteur .Ensuit, dans les étapesd'apprentissage, nous essayonsde trouver les
maxima locaux de critére du non-Gaussianité de la variable

Selon notrecritere  pour non-Gaussianité on peut établir un algorithme
d'apprentissage. Dans cette thesenous utilisons l'algorithme FastICA [5] pour
I'estimation | esvecteurs de basede I'ACI.
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0.6 ACI pour les images satellite: effets de taille des échelles
et de dimension

Il ya une relation entre la taille desvecteurs de basede I'ACI et capacitédu systeme
pour la caractérisation desimages satellite. Normalement, si on augmente la taille des
vecteurs de basede I'ACI, notre systéme seraplus capable pour caractériser lesimages
satellite. Par contre, le volume des calculs augmentera aussi. Ainsi, nous ne pouvons
pas augmenter la taille des vecteurs de basede I'ACI sans limite.

ai az an

D :Sl +SZ +...+Sn

O D:S:L + So» + ... +Sm

Figure 0.5: /-HIIHI®/ ladimension et la taille des échellesdu
systemede I'ACI sur la caractérisation desimages satellite doivent étre
étudiées
Une relation similaire existe entre la dimension de systéeme I'ACI (le nombre de
composantsde I'ACI ) etla capacité du systéme pour caractérisation des images

satellites. Notre but est de trouver lespoints optimaux pour la taille des vecteurs de
basede I'ACI et le nombre de composants.

0.6.1 Effetde dimension

La dimension du systemeest exprimée par lefacteur de réductiofr) qui est le
nombre normalisé de composants de [I'ACI. Autrement dit, le nombre de
composantsde I'ACI divisé par N2 qui est la taille des vecteurs de basede I'ACI. Ca
signifie que les vecteurs de basesont des fenétresde n * n pixels.

Une facon d'évaluer l'efficacité d'un systéme de I'ACI est de comparer les micro-
patchesinitial es () et leurs micro-patchescorrespondants qui sont reconstruites en

utilisant les coefficients del’ACI ( ). Une approche habituelle pour comparer les
deux micro-patchesestl'erreur dereconstructionqui est calculé avec I'équation (0.5):

(0.5)

Nous devons considérerdeux parametres:l'erreur de reconstruction etle temps de
calcul. Ceci peut étre exprimé par l'optimisation d'une fonction de coltomme:
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(0.6)

I' est le facteur de réduction et K est un parameétre qui représentelimportance

de temps de calcl) par rapport a l'erreur de reconstructioi€® /-LGpH HVW G-REWHQLU
temps du calcul et l'erreur de reconstructiomomme deux fonctions du facteu de

réduction.La fonction de coltest la combinaison de ces deux fonctions et le but est de

trouver le minimum de cette fonction.

(@) (b)

(©

Figure 0.6: Détermination du facteur @ réductioroptimal (la
dimension optimal) (a): Temps de calcul comme une fonction du
facteur de réduction. (b): BEreur de reconstruction comme une
fonction du facteur de réduction (c): Fonction de colt comme une
fonction du facteur de réduction .

Nous voyons que pour | es valeursraisonnablesde kK, le facteur de réduction optimal
varie entre 0,08 et0,14.
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0.6.2 Effetde la taille d 'échelle

Nous pouvons utiliser une approche similaire pour trouver la taille optimale des
échelles Nous définissons une fonction de coltomme |'équation (0.6) mais, cette fois
en fonction de la taille des vecteurs de base:

(0.7)

Pour des valeurs raisonnablesde K, la taille optimale des échelles est obtenue autour
de 16*16

(@) (b)

(©

Figure 0.7: Détermination de la taille optimale des échelles (a): Temps
de calcul comme une fonction de la taille des échelles. (b): Breur de
reconstruction comme une fonction de la taille des échelles. (c):
Fonction de co(t comme une fonction de la taille d'échelle.

0.6.3 Htres de Gabor comme une étape de prétraitement

Nous avons découvert que dans certainsvecteurs de basede I'ACI, nous ne voyons
que des petits changementsau niveau des coins et le reste dela surface desvecteurs de
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basene contient pas G:-LQIRUPImpoitdR @. Nous proposons d'utiliser des
filtres de Gabor-ondelettes pour mesurer la quantité des changements quisont placés
dansles parties centralesdu patch d'apprentissage. Nous avons fourni un ensemble
des 100filtres de Gabor situé en 10 échelles G Har@le et 10échellesde la fréquence.
Pour chacun, le point d'origine est considéré comme lepixel central du filtre. Un
patch d'apprentissage est sélectionnési sonénergie correspondanta ce systemeest
supérieure a un certain seuil.

Figure 0.8: Filtres de Gabor comme une étape de prétraitement.

8Q H[HPSOH GH UpVXOW D W é@Epexdd pr@raitcdantleR @o@Gre dars & W H
Figure 0.9.

a b

Figure 0.9: 5pVXOWDW G - X Wiire® Ha/ Gatdot BdIQPME U élape
de prétraitement. (a): Les vecteurs de base qui sont obtenu
avecune procédure ordinaire. 8 vecteurs de baseprésentent seulement
les petits changementsa leurs coins (b) : Lesvecteurs de base qui sont
obtenu avec une étape deprétraitement de filtres de Gabor. Nombre
de tels vecteurs de baseestréduit a 2.
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0.7 /- Mraction de caractéristigues basée sur les sources de
0-%&,

Il ya deux points de vue pour l'extraction de caractéristiquesa l'aide de I'ACI.
L'approche habituelle est baséesur les coefficients del'ACI (les sourcesde O-$&, HW
l'autre est basé sures vecteurs de basele I'ACI. Dans ce chapitre, nous expliqguons
I'idée de I'extraction de caractéristiques depuis des coefficientsde I'ACI. Cette idée est
illustrée dans la Figure 0.10 Nous recueillons un nombre suffisant des micro-patches
etles décomposonssur I'ensemble desvecteurs de base. Pour chaquemicro-patch,
nous obtenonsun ensemble den sources.Nous appliquons la  moyenne
guadratique VXU OHV pFKDQWLOORQV GLIIphbHsQatshorGuXeQH VRXUFH
caractéristique pour cette source.

|
| o
. : ] : )

I.‘I H . .

\
H
|

\ \/ \/

Figure 0.10: /-H[WUDFWLRQ GH FD U D F \tp Wduktwé Ld
O'$&!

0.7.1 Amélioration de I'ensemble des vecteurs de base

Nous proposons une approchepour améliorer I'ensemble des vecteursde base
pour le cas ou lebut est de séparerla classede zone urbaine et la classede zone non
urbaine. Nous combinons les vecteurs de basdes plus importants de chaqueclasse
pour fournir un nouvel ensemble de vecteurs de base

Figure 0.11: Nouvel ensemblede vecteurs de baseles deux lignes
supérieures sont les12 vecteurs de baseles plus significatifs de la
classede la zoneurbaine et les deuxlignes inférieures sont les12
vecteurs de baseles plus significatifs de la classede la zone non

urbaine.
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0.8 Caracteéristique V EDVpH VXU O:$&, 7TRSRJIJUDSKLTXF

L'indépendance entre les composantesde I'’ACI complique I'utilis ation  des
résultats de I'ACI, puisque nous ne connaissons pasla priorité et I'imp ortance des
composantes. L'ACI Topographiques estune version améliorée et généraliséede
I'ACI. Cette derniére nous conduit aréduire le nombre de caractéristiquesqui
sont extraites pour les images. Selon le modélede I'ACI, les composants sontcensés
étre indépendants et il n'ya aucune relation entre les composants différents.Par
conséquent,nous devons considérerl'ensemble descomposantscomme le vecteur de
caractéristiques. Cependant,en I'ACI TRSRJUDSKL T X H43]0a $dgpé&ndance
entre deux composantsest une fonction deleur distance dans la topographie. Ces
dépendances peuventétre utilisées pour extraire des caractéristiquesde niveau
intermédiaire et de réduire la dimension du vecteur de caractéristiques. La procédure
de génération des vecteXUV GH EDVH GH 0O:-%$&,7 HVW XQ SHX SOXV FRP.
résultat est bien effectif pour définir les caractéristiques. Figure 0.12 montre la
GLIIpPUHQFH HQWUH XQ HQVHPEOH GHV FRPSRVDQWVY GH 0O -%$&,
FRPSRVDQWY GH O:-%$&, 7TRSRJUDSKLTXH

a b

Figure 0.12 D /-$&, RUGLQDLUH /-RUGUH GH
LPSRUWDQW ,0 Q:-\ D DXFXQH UHODWLRQ
Topographique. Chaque composant a une position spécifigue dans la
topographie. Les composant sont censées dépendants dans les régiol
locaux.

Nous pouvons combinerun ensemble de composantsde ['ACI,qui sont
censésdépendants, pour produire une caractéristique de niveau intermédiaire. Dans
notre modéle, le voisinagedu systéeme del’ACIT est 5* 5 composantset nous
prenons la moyenne des 25 caractéristiques ordinaires (composantsde I'ACI T) comme
une caractéristigue de niveau intermédiaire. Figure 0.13 montre les régions de
topographie qui génerent les 9 caractéristiques de niveau intermédiaire .
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Figure 0.13: Génération des 9caractéristiques de niveau intermédiaire
JUKFH j GpPSHQGDQFH GHV FRPSRVDQWYV GH

0.9 Caractéristiques basée sur les vecteurs de basale
O - $&ac de mots

'‘DQV OD OLWW pU Det/catdtiéristiquedsah&norn@lement obtenues par un
WUDLWHPHQW GH VRXUFHV GH O-%$&, 'DQV OD WKgVH QRXV S
extraient les caractéristigues depuis les vecteurs de basede I'ACI. La premiere
méthode utilise une modéle sac de mots pour traitement des vecteurs de baseGH O-$&,

Le sac de mot est une modéle pour traitement des textes. Il représente un document
de texte comme un histogramme qui montre les répétitions des mots de dictionnaire
dans le document. Alors, on doit déterminer une analogie entre les textes et les
images. Nous définissons les patches contextuels comme les documents visuels. Aprés
XQH SURFpEBSSQUHQWLVVDJIH GH O:-$&, SRatdi cbrKatie)HeGRFXPHQW
vecteurs de base correspondants sont obtenus et considérés comme les mots de
document.

La prochaine étape est de définir le dictionnaire, un ensemble de tous les mots
autorisés dans lemodele sac de mots. Nous proposons deux approches pour le définir.

La premiére utilise une méthode de clustering parmi tous les vecteurs de base Pour

chaque cluster on prend son centre comme un mot de dictionnaire. La deuxieme

approche fournie un ensemble de vecteurs de basepour chaque classe des images
satellites et collecte ces ensemble deecteurs de base

/ID GHUQLHU pWDSH HVW O-pWLTXHWDJH GDdgWasdldeTXHO SRXU
document nous choisissonsle mot de dictionnaire qui est le plus similaire au mot de
document. Pour cela on utilise la corrélation entre les deux mots comme un critére de
la similarité. Finalement, nous avons un descripteur pour chaque patch contextuel:
O-KLVWRJUDPPH TXL PRQWUH OHV Up SQjpelVRighre B.QN\esUIHY PRWYV GH
schéma de la caractérisation des images satellitegrace aun modele sac de mots pour
les vecteurs de base des patches contextuels.
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Documenti
Wi 1 l
Les vecteurs
base de docume
Dictionnaire 1 Wi 25
D,
'l Dea
/-pWLTXH\
/ - igtogramme 3

Figure 0.14: Caractérisation des patches contextuelsgrace aun modéle
sac de mots pour les vecteurs de base des patches contextuels. Chaq
patch contextuel est considéé comme un document et ses vecteurs di
EDVH FRPPH VHV PRWYV /H GHVFULSWHXU
répétitions des mots de dictionnaire dans le document.
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0.10 Caractéristique s basée sur les vecteurs debasede I'ACI :
les lignes des vecteurs de base

/[ -DXWUH LGpH SRXU H[WUDLUH OHV FDUDFWpd¢UNGWVLTXHV GHS)>
est de détecter des contours dans les vecteurs de base et les modeler comme les lignes
directes. Les caractéristiques sont définies comme les propriétés des lignes des
vecteurs de base. Figure 0.15 montre les étapes différentes de cette idée.

Fournir les vecteurs de

base de patch iontextue\

Detection des
contours

Approximation des
lianes

l Longueur, Gradient,
Anale

Figure 0.15. Caractérisation des patches contextuels grac
aux propriétés des lignes des vecteurs de base. Les lignes approxim
GDQV OHV YHFWHXUV GH EDVH G-XQ SDWEF
une signature pour patch contextuel.
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Pour un patch contextuel, G-DERUG R&@mé RAMNVN YHFWHXUV GH EDVH GH C
NoXV GpWHFWRQV OHV FRQWRXUV GDQV OHV YHFWHXUV GH ED
Sobel qui est une méthode simple de gradient du premier ordre . Aprés, les contours
GRLYHQW rWUH PRGHOpV SDU GHY OLJQHVY GLUHFWHY /[/HV PpWK
lignes (Hough, par exemple) sont normalement lentes et compliquées. Nous
proposons, donc, notre méthode pour estimation des lignes directes. Cette méthode
HVWLPH OHV OLJQHVY GH WURLV SL[HOV HW DMRXWH GHV SL[H
direction de ligne ne change pas. LalRQJXHXU O :D P g&liehV, XHOWMh (& ks
lignes sont pris comme les propriétés plus importantes. Pour chaque propriété on
détermine les boites, chacune représente un certain intervalle, et on dépose chaque
propriété de ligne dans la boite correspondante. Le nombre des éléments dans chaque
boite est définie une caractéristique de patch contextuel.

0.11 Descripteur basé sur segments de lignes

"DSUqV QRWUH H[SpULHQFH VXU 0O0:%&, RQ D WURXYp OHV FR
proSULpWpV JUDGLHQWY GH O-LPDJH 3DU H[HPSOH RQ D SURS
OLJQHV GHV YHFWHXUV GH EDVH SRXU H[WUDLUH GHV FDUDFW
sont liée aux propriétés gradients des vecteurs de base. On propose une idée similaie
TXL XWLOLVH GLUHFWHPHQW OHV OLJQHY GH O-LPDJH VDWHOOL

0 =

Figure 0.16: Les segments contenant lignes au lieu des vecteurs de bas
GH O0-%$&, SRXU PRGpOLVDWLRQ GHV LPDJHV

Pour la plupart des vecteurs de base,une ou plusieurs lignes compose leur structure
principale et les autres parties desvecteurs de basene contiennent pas Gnformatio n
impo rtante. Lesvecteurs de basenhormalement, ont des formescarrées. Cela signifie
que pour représenter une ligne avecla longueur de n pixels nous avons besoin d'un
vecteur de basede la taille de n*n pixels. Cependant, cette ligne peut étre représentée
par un segment de d*n pixels. Dans le quelle d est généralement entre 3 et 5selon la
largeur de la ligne (Figure 0.16). Eh d'autres termes, nous pouvons utiliser directement
les segments deligne dans l'image pour caractérisation des images. Figure 0.17 motre
les étapes différentes de cette idée de caractérisation.
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Longueur, Gradient,
Angle
< —

Figure 0.17. Caractérisation des patches contextuels grac
aux propriétés des segments de ligne

0.12 Evaluation des descripteurs

Pour chaquedescripteur proposé, nous effectuonsun clustering simple pour
mesurer leur  capacité. Néanmoins, nous avons besoin d'une  vérification
plus fiable. Ainsi, nous comparons les méthodes proposéespar une classification
supervisée basée sur laMachine a Vecteurs de Support (MVS).

Précision
&
Rapell

Figure 0.18: Détecter les classegrace aun classificateur supervisé basé
sur MVS
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Classl1 Class11
Class2 Class12
Class3 Class13
Class4 Classl14
Class5 Class15
Class6 Class16
Class7 Class17
Class8 Class18
Class9 Class1¢
Class10 Class20

Figure 0.19: Les classes détectées. 2 patches contextuels sont présen
pour chaque classe.




28

Gabor O-$¢
[-$&,7 Sac de mots
Lignes de vecteurs de base /ILIQHY GH O-LPD.

Figure 0.200 Lesprécisionet les rappets obtenus pour 2C
classesdétectéespour différents types de descripteurs. Les lignes
rouges sont les précisions etles lignes bleues sontles rappels.
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Pour cela, nous fournissons un outil visuel de MATLAB , avec un noyau de MVS, qui
permet a l'utilisateur de choisir les échantillons positifs et négatifs pour la
détection d'une classedes patchescontextuels. Nous choisissons un descripteur et
essayons de détecter 20 classes montrées dans le Figure 0.19. Apres, nous répétons
O-H[SpULHQFH DYHF OHV DXWUHV GHVFULSWHXUV SURSRVpV |
Gabor-Ondelette comme un descripteur typique de texture.

Pour 20 classesdétectéesnous calculons laprécisionet le rappelpour les différents
descripteurs (Figure 0.20) Enfin, nous pouvons comparer l'efficacité desdifférents
descripteurs selon leurs précisions -rappels, temps de calcul et longueur de
descripteur. Tableau 0.1 présente un résumé de la comparaison des descripteurs.
1RXV YR\RQV TXH OHV UpVXOWDWY GH PpWKRGH *DERU Q-HVW
contenant les objets géométriques. Mais, pour quelques classes naturelles, elle
présents la précisionet le rappel DFFHSWDEOH 3RXU QRV PpWKRGHV LO Q
différence entre les résultats de deux types de classes. Ca veut dire les méthodes
proposées fonctionnent bien pour les classes contenant les objets géométriques.

Tableau 0.1: Comparaison des descripteurs

Moyen de précisions | Moyen detemps de Longueur de

et rappels calcul descripteur
Gabor giggiig//z 0.15 sec 27
ACI Ejg:;ggjﬁ 0.15 sec 27
ACIT Ezgéggﬁf‘; 0.21 sec 11
Sac de mot gz%gééﬁ 0.82 sec 66
s Rea s, 13
Ligq]ei geD ; gzggg;ﬁ 0.59 sec 13

0.13 Condusions et perspectives

Dans cette these, nous avons essayde présenter une méthodologie pour étudier la
nature statistique des imagessatellite etd'extraire leurs signatures statistiques. Les
images satellite sont considérées commedes signauxaléatoires multi -variables tels
gue chaque pixel peut étre une variable aléatoire individuelle et l'objectif est d'étudier
les dépendancesstatistiques entre cette variable aléatoire (pixel) et les autres
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variables aléatoires (pixels). / Analyse en Composantes Indépendantesa été utilisée
comme le base théoriquede la thésepour étudier les dépendances statistiquesdans les
images satellite.

L'objectif de la théseest de présenterdes descripteurs plus précis queles
caractéristiguesde texture et plus simp les par rapport aux descripteurs locaux pour les
images satellite haute résolution. Lesdescripteurs présentés sontplacé quelque
part entre les approchesde texture et les approches locaux. D'un c6té, ils donnent une
interprétation globale du paysage. De l'autre coté, ils traitent des
propriétés gradient qui sont importants dans les structuresd'objets géométriques.

Approches présentéespour définir les descripteurs sontdesapproches globales.En
d'autres termes, ilsne sont pas dépendantsau contenu, a la résolution ou type des
images. Cependant, nous les avons utiliséspour les images satellites haute résolution.
Algorithmes d'extraction des caractéristiques présentéespar la présente thése peuvent
étre vérifiés avecles images satellitairesdes autres capteurset avec d'autres
résolutions. Cela peutétre une £+ XYUH | YMiXdJ pour cette thésells peuvent
également étrevérifiés avec d'autres typesdimages telles que des images
médicales, des images naturelles,des images dansle domaine de I'astronomie, etc.

Nous avons proposé une classification supervisée pour évaluer les caractéristiques.
Les dassificateurs supervisés ont quelques désavantagesPar exemple, ils sont
fortement dépendantsau point de Y XH G - XW LArsV Dalitke Xpgérspective de la
théseest defournir une procédure standard pour I'évaluation des descripteurs afin de
réduire les effetsde point GH YXH G- XWLOLVDWHXU
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CHAPTER 1

INTRODUCTION

In this chapter, as an introduction, we explain the motivations and the goals of the
thesis. In addition, we present a general overview of the thesis contributions.

1.1 Motivations and goals of the thesis

Sub-meter resolution satellite images, capture very detailed information, as for
example, shape of buildings and industrial installations, detailed road and road
furniture structures, vehicles, etc. Thus, their information content is incredibly ric h,
and also complicated to be extracted. The classical image descriptors as spectral
infor mation, texture, shape, etc., are not any more sufficiently accurate to describe the
image content.

Recently, many researches are being done to study, develop, and elaborate
algorithms for extraction of information from high resolution optical satellite images.
Among different scenes in the satellite imagery, urban areas and geometrical
structures have been the most interesting ones for many applications and studies. We
are going to extract the intrinsic cues of satellite images and to propose robust
descriptors so that using these descriptors we would be able to recognize a variety of
the scenes, especially the geometrical structures, among the VHR (Very High
Resolution) satellite imagery. For example, using these descriptors, we would be able
to find t he similar urban zones in different parts of a large satellite image.

Here, we insist on the geometrical shapes or the urban areas or the mammade
structures inside the satellite images, as the zone of our research, because normally
there is no major difficulty in the natural scenes description and recogrition. Usually,
images from natural landscapes have some properties which let us use a number of
texture-like features as their descriptors. They correspond to a specific range of
frequency and changes n their spatial domain happen in a continuant and also,
usually, in a quasi periodic manner. In addi tion, usually they don't contain distinct
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lines, edges or geometric objects. Figre 1.1(a) shows a part of forest as an exampleof
natural landscapes. On the other side, in the man-made structures we usually find
geometrical objects, containing separating lines and edges, which are not necessarily
distributed in a regular manner inside the image. Thus, this kind of images, comparing
with natural landscapes, cannot be desribed properly with the textural features.
Figure 1.1(b) shows an urban area as an example of mammade structures.

b
MR
¢ d
Figure 1.1: Examples of two classes of satellite images and ICA basi
vectors obtained for them. (a): Forest typical of natural landscapes,
(b): Urban areatypical of geometrical structures. (c) and (d): ICA
basis vectors obtained for two classes. Urban area basis vectors
FRQWDLQ OLQHV EDUV HGJdorE oy mdre
homogeneous.

Texture-like features give a universal interpretation from the scene but don't present
detailed information about the objects inside the scene. On the other side, local
descriptors and morphological operators are capable methods for detecting the
geometrical objects and urban area characterization, but they are usually time
consuming and complicated methods wit h very long feature vectors. Actually, we
need some features neither exactly in the level of texture and nor in the level of local
descriptors. Moreover, the local descriptors and morphological operators are usually
used in the object detection algorithms but in many applications we are not going to

detect geometrical objects. In fact LQ D ORW RI DSSOLFDWLRQV ZH GRQ-W

particular objects or zones, but the objective is to give a semantic interpretation from
the scenes containing different landscapes, particularly man-made structures. The
principal purpose in this thesis is to propose patch descriptors which are capable for
geometrical structures characterization with regards to the context of the satellite
image patches

Independent Component Analysis (ICA) is the theoretical basis of the thesis. Here,
we just express the principal property of ICA which motivates us to use it for satellite
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image characterization. Details of ICA come in chapter 5.

Bell and Senjowski [2] used ICA for natural images and found out that the
independent components of images include short lines and edges. This is an important
property for geometrical structure characterization, since the geonetrical objects
normally consist of lines and edges. Thus,ICA could be a suitable candidate to define
descriptors for satellite image patches containing geometrical structures.

In Figure 1 we see two satelliteimage patches, one from forest and other from urban
area. Also, we see examples o CA basis vectors which are obtained for each class of
data. The difference between the two sets of basisvectors is a sign of ICA capability for
satellite image characterization. Particularly, the edges and lines in urban area basis
vector demonstrate that ICA can detect the principal characteristics of geometrical
structures.

During the thesis we try to extract features related to Independent Components
Analysis from VHR optical satellite images. These features are supposed to be able to
characterize this kind of images especially those who contain the manrmade or
geographic structures.

1.2 Overview of thesis contributions

The main purpose of the thesis is to propose descriptors for optical satellite image
patches. A descriptor, simply, can be defined as a vector of features and every feature
is supposed to describe one characteristic of image or a pattern inside the image.
Previously, many methods are presented by researchers to extrat features from
images. In chapter 2 we give definitions and notatio ns for different image features, as
well as the feature extraction methods. We will mostly focus on the methods which are
related to our work.

On the other side, our research domain is strongly related to the Earth Observation
(EO) and Remote Sensing (R¥ So,in Chapter 3 we introduce the basic concepts, goals
and challenges related to Earth Observation and Remote Sensing. In addition, we
explain what kinds of satdlite images are used in the thesis.

Then, in Chapter 4, we will review previous studie s related to our work to illuminate
the atmosphere of researches around the main aspects of the work.Since our objective
is to characterize geometrical or man-made landscapes, itis strongly related to urban
area detection and we initially investigate the related works around urban area
detection and classification. We also review state of art of Independent Component
Analysis (ICA) and its applications on satellite image processing.

Since Independent Component Analysis (ICA) is the theoretical framewo rk of the
thesis, it is suitable to explain its fundamentals, concepts and algorithms in a separate
chapter, i.e. Chapter 5

We started our practical work on ICA with a study about the effect of scale size and
dimensionality of ICA system when it is use d for satellite image indexing. There is a
relation between the size of ICA basis vectors and the capability of ICA for
characterization of satellite images. Normally, if we increase the size of ICA basis
vectors then our ICA system will be more capable to index satellite images. But the
volume of computations will grow as well. Thus, we are not able to increase the size of
ICA basis vectors limitlessly.
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Figure 1.2: Study of dimensionality and scale behavior of ICA
components which are used for satellite image characterization is
important for choosing the framework of ICA system.

Similar relation exists for the dime nsionality of ICA system or the number of ICA
components. Usually the dimensionality is expressed as the reduction factor which is
the normalized number of ICA components. That is, the ratio of ICA components to
N2, where n is the size of ICA basis vectors. The purpose of Chapter 6 is to find the
optimum point for the size of ICA basis vectors and the number of components. We
GHILQH WKH UHFRQVWUXFWLRQ HUURU DV D FULWHULRQ
characterization. In addition, we consider the computation time for obtaining the basis
vectors as the other criterion. Using the cost functions which are combinations of these
two criterions we conclude that the optimum point for the reduction factor is placed
between 0.08 and 0.14 and the basis vectors with the size of 16*16 is the most suitable
case for our work.

In addition, in chapter 6, an approach is proposed to reduce the redundancy in a set
of basis vectors. We propose to use a set of Gabewavelet filters to choose the
optimum learning micro patches. In other words, we choose the micro pa tches which
have the higher energy in a set of Gabor filters.

Gath_er Choose the
M'Leamm% : Gabor micro patche ICA learning
= z;ﬁ:jor-eprig:v: 1™ | Filters [™|which have th{ ™| procedure
their mean higher energy
values

Figure 1.3: Using a set of Gabor wavelet filters to choose the optimum
learning micro patches in order to reduce the redundancy in a set of
basis vectors

R
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There are two points of view f or feature extraction based onICA. The usual approach
is to use ICA coefficients (ICA sources) and the other is based onthe ICA basis vectors
related to every image. In Chapter 7 we explain the idea of extracting features from the
ICA coefficients. This idea is illustrated in Figure 1.4. We gather a sufficient number of
micro patches and decompose them onto the set of basis veairs and for each of them
we obtain a set of sources. Applying the root mean square over the same sources of
different sampled micro patches we obtain the ICA features.

- Root
oot mean
e UE— == e

Figure 1.4: ICA source basedfeature extraction

In Chapter 7 we also propose an approach to improve the set of basis vetors when
we are going to separate the urban area class from nonurban area class. We combine
the most important basis vectors of each class to make a new set of basis vectors:

Figure 1.5: Improved set of basis vectors. The two upper rows are
the 12 most spnificant basis vectors of urban area and the lower two
rows are the 12 most significant basis functions of non-urban area.

The independence of ICA components can make it difficult to use the results of ICA,
VLQFH ZH GRQ-W NQRZ WKH SULRULW\ DQ GopgofrgoRit/i @O QFH RI WKH
is a generalized and also improved version of ICA . It leads us to reduce the number of
features which are extracted from the image. In ICA model, the components are
supposed to be independent and there is no relation among different components.
Therefore, we have to consider the set of all components as the feature vector.
However, in TICA the dependency between two components is a function of their
distance in the topography. These dependenciescan be used to extract some middle
level features and reduce the dimension of feature vector. This is shown in Figure 1.6.
In other words, TICA has the capability of combining a number of low level featuresto
provide some middle level features. The principals of Topographic ICA and the
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method that uses Topographic ICA for feature extraction is explained in Chapter 8.

s (e = = =

Figure 1.6: In a set of TICA basis vectors we are ableto combine a
number of low level features because of existing dependencie
among the components.

The secondviewpoint for feature extraction is to consider the ICA bass vectors which
are obtained for each image. Actually, we are going to work with the characteristics of
basis vectors related to each image. This idea is explained in Chapter 9. Moreover we
use the Bag of wordsmodel and a Bayesian approach to make it eager to extract
features. In this model we consider each satellite image as a visual document and its
related basis vectors as its visual words.

Figure 1.7 illustrates the principles of ICA words idea for satellite image
characterization. Initially, we have to apply the ICA learning procedure for one image
to extract the related basis vectors as its visual words. We also need a dictionary in
which all possible visual words are placed. Two approaches are proposed in chapter 9
for defining the dictionary. At last, a histogram is made which shows the number of
HDFK GLFWLRQDU\:V ZRUG UHSHDWY LQ WKH GRFXPHQW
propose a Bayesian approach which helps us to classify different visual documents.

Dictionary
=) =) I-

Figure 1.7: Bag of words model for satellite image characterization.
We consider ead satellite image as a visual document and its
related basis vectors as its visual words.

Histogram

VDW
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In Chapter 10, we try to extract features from a set of basis vectors, using the
characteristics of lines which are detected in each basis vector. The idea is shown in

Figure 1.8:

Figure 1.8: Feature extraction from basis vectorsof a satellite image,
using their lines properties.

There are several steps, such as obtaining basis vectors, edge detections antine
approximation. For line approximation a new approach is proposed in chapter 10.
Finally, for each line, we put each of its characteristics (length, average of gradient
magnitude and angle) into the corresponding bin in order to make a feature vector.

In Chapter 11, we introduce a method whose idea is taken, during the thesis, from
ICA basis vectors. Using a line detection method and considering the variation around
each line, we define new components (segments) to describe the image In fact, we
apply the edge detections and line approximation directly for a satellite image:

Figure 1.9: Feature extraction from a satellite image patch, using its
lines properties.

For every proposed descriptor in chapters 7 to 11 we perform a simple clustering to
demonstrate their capability for VHR satellite image characterization. How ever, in
chapter 12, to have a more reliable verification, we compare the proposed methods
through a supervised classification. This supervised classification is based on the
Super Vector Machine (SVM). For that, we provide a visual relevance feedback tool

which allows the user to choose the positive and negative samples for detecting a
class.
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Precision
&
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Figure 1.10. Detecting classes through a supervised classificatior
based on SVM

For 20 detected classes we calculate the precision and recall for different descriptors.
Finally, we are able to compare efficiency of different descriptors regarding to their
calculated precisions and recalls.
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CHAPTER 2

FEATURE EXTRACTION M ETHODS

According to the previous chapter, we aim to define some reliable descriptors for
satellite images. A descriptor is usually a vector of features and every feature is
supposed to describe one characteristic of an image or a pattern inside the image.In
other words, a descriptor could be considered as a signature of an image. In the
literature, ther e are many methods to extract features from images. In this chapter we
study some of related textural and local descriptors and explain the required
properties of a VHR satellite image descriptor which is supposed to characterize the
geometrical structures.

200 pixels

v

P
<«

A

Feature
‘ Extraction ‘

200 pixels

Figure 2.1. Feature extraction transforms the data with a large
dimensionality into a feature vector with a reduced dimensionality.
In this example, the initial space of data representation is a matrix of
200*200 pixels which is transformed to a shortervector of features

The goal of Feature extractioris to transform our data with an initial dimensionality
into another space with a reduced dimensionality in order to simplify its process and
analysis. The new representation of data is usually called afeature vector. In fact, the
initial data is solarge to be processed and alsois usually redundant. Here , redundancy
means that we will not lose important information if we carefully reduce the
dimensionality of data. For different tasks, we may extract different features from a set
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of data. Regarding to a desired task, we have to choose somefeatures such that the
feature vector perfectly work s with the specific task. When the initial data are images,
the features areused to represent an image instead d using the original pixel values .
In many cases, as in this thesis, image features have strong links with the image
semantic properties.

Many feature extraction methods are presented by researcher for different types of
images. We can cluster diff erent features from many points of view. When we are
working with satellite images, a simple way is to cluster the feature types into 3 main
groups: image intensity features, texture features and localfeatures.

2.1 Image intensity features

Image intensity features are the basic features which are widely used to describe
any types of images. They give a very general description of an image and are
computed based on statistical moments such as central moments of the first (mean

value) and second order (standard deviation). Here we suppose that image is a
square matrix which has pixels of rows from top to bottom and of columns

from left to right:

Where is the gray level of a pixel which is placed in row and

column and is the number of gray levels. A mean valueof gray level intensity of
image is:

2.1)

This feature helps us to have a common sense about the brightness or darkness of a

satellite image patch.
The other feature, Standard deviationf intensity level , is obtained as:

2.2

This feature is generally known as an indi cator for the amount of gray levels variation
in an image patch. The standard variation of a satellite image patch is low if the image
seemsto be homogenous. Contrary, it is high for images wh ose gray level values of
pixels obviously differ from one pixel to another one. For example if we have two
satellite image patches, one from anurban area and other from a sea which are taken
with the same sensor and same resolution, we logically expect that the urban area has
a higher standard variation.
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Some hgher order statistical features may be extracted from the image. For example
the Skewnesis obtained as:

2.3

And the Kurtosisis defined as:

(2.4)

If we consider each image pixel as an observed sample of a random variable, then the
image patch could be the setol RXU YDULDEOH:-V RvE Vad defime\&rioR€) V
useful feature, the entropy;, as:

(2.9

Where is the number of pixels with the gray level . Entropy is a

measurement of the unpredictability of a random variable. The entropy for an image
shows how much its pixels gray levels are distributed in a random manner.

2.2 Texture features

In the field of image processing there is no a clear-cut definition for texture.
Available texture definitions are based on texture analysis methods and the features
which are extracted from the image. However, texture can be considered as the
repeated patterns of pixels over a spatial domain. But the textures usually appear to be
random and unstructured because in their model it is supposed that an amount of
noise is added to the patterns and also the repetition frequencies changes from an area
to another one.

Regularity, directionality, smoothness and coarseness are different examples of
texture properties which are perceived by the human eye. Texture analysis has been
extensively used to characterize and classify the remotely sensed images.In this sub
chapter we study Haralick and Gabor-wavelet features, as the typical texture features
to investigate the properties of textural analysis.

2.2.1Haralick features

Haralick features [44] are one of the well known features for describing the textures
presented by an image. These features are calculatedbased on the secondorder
histogram of a matrix which contains the joint probability distribution of pairs of
pixels in the image. This matrix is called as cooccurrencematrix and could be

6 R
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computed for several directions which are indicated by their angles with respect to the
horizontal axis ( ). If, for example, , the matrix computes the number of
occurrences for the pairs of pixels that are separated by pixels in horizontal

direction, that is, the pixels with coordinates and , that have the
specific gray levels:

(2.6)
In which, are two arbitrary gray levels ( ) and is
the co-occurrence matrix for the arguments which shows the number of
occurrences and . Usually, can take some units and takes
four angles 0°, 45, 9C° and 135°. For example, if we are going to obtain the co-
occurrence matrix in vertical direction, i.e. , then co-occurrence matrix is
defined as:
(2.7)

The co-occurrence for other directions is obtained to have more robustness with

respect to the rotation of image. If is an element of this matrix then the
corresponding element in normalized co-occurrence matrix, , is defined as
(2.8

Several Haralick features could be extracted from the normalized co-occurrence
matrix. For example, the Angular second momerbuld be obtained as:

(2.9

And the Contrastis calculated as

(2.10

2.2.3 Gabor wavelet features

Gabor wavelet [46] filters represent models of visual perception of a texture and are
widely studied and applied for texture modeling and classification. Moreover, there is
another motivation for us behind the Gabor -wavelet filters. As we will see, some of
them are visually similar to some of ICA basis vectors.
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Gabor filters are usually considered as two dimensional functions of X and y and can
be achieved from a general relation as:

2.19)

In which:

(2.12

In equation 2.11, irepresents the wavelength of the cosine factor, Erepresents the
orientation of the [Gabor function| and Qs the sigma of the Gaussian envelope.
Usually, in a set of Gabor filters, Ois constant but Eand | take some scaled levels.
Number of Gabor filters is a function of the number of scales which are considered for
Eand 1.

Another point in Gabor -wavelet filters is to choose the size of each filter. This is
strongly depended on the application. Generally, smaller filters could detect the
detailed characteristics and bigger filters give more general features in an image.
Moreover, using smaller filter s makes the feature extraction faster. Figure 2.2, as an
example, shows a sé¢ of 16*16 Gabor filters.

Figure 2.2: A set of 16*16 Gabor filters. We used 10 scales fo
frequency (wavelength) and 10 scales for the orientation (angle).

We took Oas 5 and change the Ein 10 scales and also thelin 10 scales in order to
produce a set of 100 filters. Evaries from 0 to 180 by a step of 18 degres. | is obtained

from an exponential equation as , in which n varies from 1 to 10. So, | varies from
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1.2 to 6.2. Figire 2.2 shows the obtained set of 100 Gabor filers in which Eincreases
from left to right and I increases from up to down.

Extracting features from an image using a set of Gabor filters is similar to the feature
extraction using a set of ICA basis vectors which is explained in chapter 7. Briefly, we
gather a sufficient number of samples from initial image and decompose them into the
set of filters. Using a specific function (for example root square average) upon all
coefficients (obtained from decomposition of all samples) corresponding to one filter
we obtain the feature which is related to that filter.

2.3 Local Features

The local approaches are mostly used for the purpose of object detection in image
processing. They try to detect some features which are able to characterizeexisting
objects in the image. According to this goal, local descriptors are usually robust to the
rotation, scale and illumination. But they contain some complexities comparing wi th
textural methods.

Scale Invariant Feature Transform (SIFT) [47] and Speeded Up Robust Features
(SURF) [48] are two well known local approaches which are used by researches to
model the images. Here, we are going to study the principles of local feat ures in order
to compare it with our requirements for satellite image descriptors. In the following
we study the SIFT model to show the principles and the complexities of local
descriptors.

2.3.1 Scale Invariant Feature Transform

SIFT features are supposed to be scaleinvariant. Here, scalemeans the level of
clearance of image. In other words, we want some features that are able to detect the
objects regardless to their details. These details appear differently in different levels of
clearance So we have to provide some scale invariant features. The first step is to
provide a scale-space of the image. Given an image, , we initially provide its

corresponding octavesAn octaveis obtained by dividing the dimensions of im ages by
1, 2, 4, etc. Then for each octave we obtain some blurred versions of image using a
convolution between the image and Gaussian filters:

(2.13

Where

(2.14

If we use the Gaussian filters with differe nt scals of , we will have some blurred
images which make the scale spacef original image. An example is shown in Figure
2.3.
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Figure 2.3: Obtaining scale space of original image using the
Gaussian filters with different scalesfor 3 octaves.

Then we apply the Difference of Gaussign ) operator for different scalesof blurred
image in order to obtain some new images, usually called images.

Figure 2.4: Applying the DoG operator on the blurred images of
scale space
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is defined as an operator which calculates the difference of two consecutive
scales of blurred image :

(2.19

The results of applying this operator is shown in figure 2.4. In fact, we only use the
differences of blurred images in order to remove the details of objects in the image so
that the resulted features would be invariant with respect to different scales of
blurring. keypointsin the SIFT framework are known as local maxima or minima of the
images which are obtained after applying the operators on the scalesof blurre d
images. The pixels in such images will be compared with their 8 neighbours at the
same scale, in addition with the 9 corresponding neighbours in two consequence
scales. If the pixel is a local maximum or minimum, it is selected as a candidate
keypoint If some of these candidates are placed on one of the edges, 0GR Q -W
enough contrast, they are not useful and will be removed.

We need some features which are invariant with respect to the details of objects
(scale invariant) and also to the rotation. Detected keypoints in different scales of
blurred image guaranties the scale invariance of our features. The next step is to
determine an orientation for each keypoint to provide the rotation invariance. The idea
is to obtain the most significant orientation(s) around each keypoint. We calculate the
gradient angles and gradient magnitudes in a neighbourhood of each keypoint. Then,
a[histogram is created for the orientation s according to their magnitudes. Based on this
histogram we choose the mostorientation(s) around the keypoint.

ANEE
] S T 7
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Figure 2.5: Generating the keypoint descriptors. A window of 16*16
pixels is considered around the keypoint and is divided to sixteen
4*4 region. In each of 16 regions, the gradient orientationsare placed
in a histogram of 8 bins to provide a vector of 128 elements. Then the
NH\SRLQW:V RULHQWDWLRQ ZLOO EH VXE
achieve rotation independence.

KDYH
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Next step is to define a descriptor for each keypoint. To do this, a 16*16 window
around the keypoint is considered. This 16*16 window is divided into sixteen 4* 4
windows. In every 4*4 window, we calculate the gradient magnitudes and gradient
angles (orientations) for each of sixteen pixels Then, we again create a histogram of
gradient angles containing 8 bins of 45 degrees and for each gradient angel we add a
number to the corresponding bin. This number depends on the magnitude of the
gradient and also depends on the distance of pixel from the keypoint. If we do the
same procedure for all sixteen 4% regions we will have a set of 16*8 = 128 numbers
corresponding to the gradient orientation s for each keypoint. This set of 128 numbers
will be normalized at the end of this procedure.

Then, to obtainthe URWDWLRQ LQGHSHQGHQFH oKk redidwe® RLQW -V RUL
from each of these 128 gradientorientation s. Thus, each gradient orientation will be
UHODWLYH WR wviehkatibhH mSaBRditiQrV If We threshold the numbers that are
big, we can achieve illumination independence. So, if for example one of the 128
values is greater than 0.15 it will be changed to 0.15 Finally, each keypoint is
uniquely identified by its feature vector of 128 elements

2.4 What kind of features do we need?

During this chapter we studied the principle s of some texture and local descriptors.
Each of texture or local features has its own properties, advantages or disadvantages.
Table 2.1 present a comparison between the texture and local features. It also explains
that what we expect from the features which are supposed to be defined.

Table 2.1: Comparison of texture and local features with the needed features

Texture Features Local Features NeededFeature

Characterization ofatural
landscapes oscenes of Geometrical objects o
marnmade structures that| urban area detection, e
are homogenous.

Objective of
features in
remote sensing

Characterization of scenes
specially those who contair
geometrical strucnes

Give a generale@scription

General or . - Give adescription of of the image but is able to
. Give a general escription - . A
detailed : geometrical details of distinguish some of
o of the image ; . .
description the image important geometrical
characteristics of the iage
Length of Usually not long Usually very long Preferably, not long
feature vector
Complexity Usually simple complex As simple as possible
Computation Usually fast slow As fast as possible

Time
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We could say that our needed features are placel somewhere between textural and
local features. Local features are mostly used for the god of object detection which is
different with respec t to our objective in this thesis. We are not going to detect objects
from the satellite images but we want to define features which are able to describe all
scenes, especially those who contain geometrical objects. Although, the needed
features seem to ke closer to the textural features in the sense of presenting a general
description of the image instead of presenting the geometrical details of the image,
they are supposed to be able to distinguish some of important geometrical
characteristics of the image.

In other words, we need some features which are more precise for geometrical
characteristics in comparison with the textural features. In this sense, we move from
the origin of textural features toward the local features. Simultaneously, we are
supposed to keep the advantages of texture features like simplicity, short feature
vector and being fast in computation.

In chapter 12 we compare all features which are defined in the thesis. Also we
compare them with Gabor features as a typical texture features.
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CHAPTER 3

SATELLITE IMAGES PRO PERTIES

Our research domain is strongly related to the Remote Sensing.So, in this chapter we
intro duce the basic conceptsrelated to the Earth Observation and Remote Sensing. In
addition, we explain what sorts of satellite images are being processed during the
thesis.

Remote Sensing is referred to the set ofmethods and techniques by which we are
able to gather and process the data from the Earth surface fo many applications. The
data used for the remote sensing is obtained from the sceneswhich are sensed by
instruments of measurements at remote distance, such as cameras or sensors which are
installed at planes or satellites.

3.1Active and passive sensors

Remote sensing €nsors receive the electromagnetic waves that are reflected from

the E D U $\sKrface and convert theminto a data form, usually an image, which can be
processed by a machine or a specialist to obtain a variety of information from the
(DUWK-V VXUIDFH
There are ative and passve remote sensing sensors Active sensors send an
electromagnetic pulse and process the reflected pulse. However, Passive €nsors
collect the electromagnetic waves emitted from the Sun and reflected E\ WKH (DUWK -V
surface.

Every sensor is supposed to work in a specific range of electromagnetic wavelengths.
Particularly , optical sensors that belong to the passive group are sensitive principally
to the electromagnetic wavelengths in the range of 0.4 IP W R [P 7KLV LV WKH VDP
range of wavelengths to which the human eye is sensitive.
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Thermal and Hyperspectral sensors are two other examples for passive systems.
7TKHUPDO VHQVRUVY PHDVXUH WKH HOHFWURPDJQHWLF UDGLDW
surface in the thermal region. Hyperspectral sensors work with the electromagnetic
radiations in the infrared, visible and ultraviolet regions. They collect electromagnetic
waves using very narrow bands (e.g. 10 nm) as opposed to the wide bands (e.g. 29
nm) optical sensors.
RADAR (RAdio Detecting And Ranging) and LIDAR (LIght Detection And Ranging)
are two examples for active sensors These sensors sendlifferent types of pulses and
process the reflected pulse also the time for each pulseto be received back at the
sensor.

3.2 Optical satellite sensors

In this thesis we work with the optical satellite images, so we focus on this type of
satellite images and study some of their important properties.

3.2.1 Resolution

Three types of resolution are defined in the field of remote sensing: Spatial resolution
radiometric resolutiomnd temporal resolution

Spatial resolutiondetermines the actual dimensions of a pixel in an image on the
(DUWK-V VXUIDFH )RU H[DPSOH bhRlth fesoMtivky d@OpwH LPDJH ZL
represents an area of n*ImoQ WKH (DUWK. .V VXUIDFH

Temporal resolutiomefers to the time it takes for the satellite to return to the same
orbit. The time it takes for the satellites to return to exactly the same orbit (usually
called the revisit time ) depends on the altitude of the satellite, which can vary from
400km to 800km above the Erth. In other word s, this term is used to describe the time
interval in w hich the same area on the Earth can be seen by the sensaising a different
view angle.

Radiometric resolutiomefers to the range of numbers that can be stored in a single
pixel whic h is described using bits. For example, an 8 bit image stores numbers
between 0 and 255 ¢8) and an 11 bit image stores numbers between 0 and 2047 $11) for
each pixel.

3.2.2 Panchromatic or Multispectral

Depending on the number RI EDQGYV E\ ZKLFK D VHQVRU WDNHV LPDJHV I
surface, we have Panchromaticor Multispectral satellite images. The panchromatic
sensors collect the electromagnetic radiations for the full range of the visible spectrum
and give a grayscale image. Miltispectral image s are given by sensors working with
several (normally four) bands. Each band covers a slice of the visible spectrum,
normally the blue, green, red and infrared portions. Usually the features which are
related to the spatial or shape characteristics of satellite images are extracted from the
panchromatic images. Multispectral images are often used for objectives such as land
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cover classification. This is possible due to the fact that objects on the EDUWK -V VXUIDFH
react differently to various wavelengths of electromagnetic radiations .

3.3 Sub-meter optical satellite images

In this thesis we are going to extract the features from the optical satellite images.
These features are related to the spatial characteristics of the images, so the color
characteristics of the images are not important.

Thus, we only need gray scalémages for our methods. In other words, the panchromatic
optical satellite images are suitable for the purposes of our works. However, we can use

multispectral or colored satellite images, but we transform them to gray scale images
at the beginning.

Temporal resolution of satellite images is not our concern, because every received
satellite image can be considered as the object of feature extraction, regardless to the
previous or next received images.

Radiometric resolution is not a critical point for us. It is possible to work with both of
11 bit and 8 bit images. 11 bit images have more accuracy but take more memory and
time to be processed. It is important especially when we have to apply some learning
or training methods such as the ICA learning procedure which is used during the
thesis. On the other side, the accuracy of 8 bit images is usually enough for us and our
proposed methods work accurately with this kind of images. So we prefer to use the 8
bit satellite images to avoid more computational problems. Although, the proposed
methods are able to work with the 11 bit images, we initially transform them to 256
grayscalelevel images to keep the same format of images during the thesis.

Spatial resolution is the most important characteristic of satellite images which are
processed in this thesis. Asit is mentioned before, the purpose of the thesis is to define
some descriptors for satellite images containing various landscapes especially the
geometrical or man-made structures. Details of this kind of structures are not visible in
images which are taken with a spatial resolution over 1m. Therefore, during the thesis
we consider only images with spatial resolution about one meter or under meter. For
example, the QuickBird images with 60cm spatial resolution or Ikonos images with 1m
spatial resolution are suitable for our purposes.

In figure 3.1 we show some samples of satellite images with the resolution of 60cm
which are usedin the thesis containing a variety of natural and man-made landscapes
These images are transformed to 256 grayscale level images.

3.4 Contextual image patches for feature extraction

Satellite images which are shown in Figure 3.1 have sizes around 3000*3000 pixels
and each of them contain a variety of man-made and natural landscapes.
Consequently, defining featu UHV IRU VXFK ELJ LPDJHV GRHRoQth&y VHHP WR E
purpose of feature extraction we need some smaller image patches which contain only
one type of structure or landscape. Although we are able to extract features from
images containing many classesof landscapes, this is not desirable because every
vector of features is supposed to describe only one class of landscape.
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f

Figure 3.1 Samples of satellite images with the resolution of 60-™-. Images
have sizes around 3000*3000 pixed, so they cover a surface about gn*2km,
(a) Factory in Arak (Iran) , (b) Houses, farms, sea inSpain (c) Port of
Piraeus (Greece) , (d) Small town , Guam , (e) City in china, (f) Village ir
Austria. Images contain a variety of man-made and natural landscapes.
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Classl:Factory

Class2 Farm

Class3 Village

Class4 City-1

Class5 Forest

Class8 City-2

Class7 Town

Class8 See

Figure 3.2 Test set, Samples of contextual image patches with the siz
of 200*200 pixels which are clustered in 8 classes of natural and mar
made landscapes. For each class we prepared00 samples.
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Here, a class of landscapeis the setof landscapes that presentsimilar characteristics
to user so that he or she can identify them as the same type of landscape. Defining the
classes of landscapes and structures, itsé] is a challenge because it is depended on the
XVHUV. SRLQW RI YLHZ (YHU\RQH PD\ GHWHUPLQH D GHILQLWLI
differ from other definitions. In this thesis, the class defi nition is not our concern
because classification is not ourmain task; however we use classification to evaluate
the capability of extracted features.

To illustrate what is called a class of landscapes in this thesis, we selected 8 classes of
various landscapes from initial satellite images shown i n Figure 3.1 For each class we
prepared 100 image patches with the size of 200*200 pixels. We show 5 samples of
every class in Figure 3.2. This set of 800 samples of 8 classes ised during the thesis to
examine the proposed methods and we call it astest set

The principal purpose of our work is to propose the patch descriptors which are
capable for characterization of different landscapes specially the geometrical structures
with regards to the context of the image patch. We have to consider our image patches
to be enough large so that they contain a number of objects and a clear context. In
other words, they must present meaningful scenery. For example, if an image patch
contains only one building or a part of a building without any context, it may be ideal
for the purpose of object detection, but it is not suitable for the goal of our work. In
addition, if our image patch is too large then it may contain several parts that each of
them could be individually considered as interpretable scenery.

Initial satellite image

Contextual image patch

Micro image patch
Feature

extraction

methods

based on
ICA

v
v

Figure 3.3 Three levels of images which are used in the thesis:Initial
satellite imagesontain many classes of landscapes.Contextual patche
usually contain one class of landscape and are suitable fo feature
extraction. Micro patchesextracted from each contextual patch are usec
in the feature extraction procedures based on ICA because the
contextual patches are too large to be used directly in ICA procedure.

During the thesis, we call the image patches for which we are going to define the
descriptors as contextual patchedn other words, we are looking for image patches that
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may present a number of geometrical shapes such as houses, buildings ad other man-
made structures with a clear context. We emphasise on the word contextto separate
our task from the object detection. Since we are working with the satellite images with

the sub-meter resolution, it seems that a size of patches between 100*10 pixels to
300*300 pixels is reasonable. In this thesis we work with the contextual patch with the
size of 200*200 pixels regarding to our considerations.

The 200*200 contextual patches are too large to be used directly for many feature
extraction methods explained in the thesis. So we have to gather a number of smaller
patches, called micro patchesfrom each contextual patch to be processed in feature
extraction procedure. Details of this issue are explained in chapter 6. Here, we just
mention that we have three levels of imagesin the thesis: Initial satellite imageshat are
big images and contain a lot of landscapes. These images are not suitable for feature
extraction. Contextual patchesvith the size of 200*200 which are extracted from the
initia | satellite images are those for whom the descriptors are defined. Micro patchesare
small image patches which are extracted from each contextual patch and are used in
the procedure of extracting features from the contextual patch. Thesethree levels of
imagesare illustrated in Figure 3.3.
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CHAPTER 4

STATE OF THE ART

In this chapter, we will review previous studies related to our work to illuminate the
atmosphere of researches around the main aspects bthe work. First, we have a look at
the related works around urban area detection and classification, because one of the
goals of the thesis is to extract features and to define descriptors which are able to
characterize geometrical structures in satellit e images.

On the other hand, methods presented during the thesis for extracting features from
satellite images are strongly related to Independent Component Analysis (ICA) . So,we
will also review the history of Independent Componen t Analysis and its applications
on image processing.

4.1 Urban area characterization state of the art

Nowadays a lot of satellite images are being received every day from several
satellite sensors and with different resolutions. These images, especially Very High
Resdution (VHR) satellite imagery (such as Ikonosand and Quickbird , etc) provide
valuable information for researchers for different applications.

However, during last years the volume of these remotely sensed data hasbeen
rapidly grown and makes it imposs ible for a researcher or an expert to extract
manually the valuable information from these remotely sensed data. So we have to
apply some automated techniqgues and methods to extract this information .
Unfortunately, developing such automated techniques is n ot straightforward since
classicalimage processing and pattern recognition method s are not sufficient for this
purpose. We need some new and more complicated techniques which benefits of
many sources of data and a combination of feature extraction methods and
classification approaches to extract important information from high resolution
satellite imagery.
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Among different landscapes in the satellite imagery, urban areas have attracted
especial attention of researchers from different fields of science and engineering. This
is because urban zones are rich of information and important from different points of
view and also because of the conplexity and difficulty of the modeling and
characterization methods which are used for them.

On the other side, obvious improvement in sensor Vresolution caused thecontent of
satellite imagery to present the details of objects that makes it more difficult to
charaderize different landscapes, especially urban areas, by traditional methods. In
fact, in the satellite images with low level of resolution , different scenes, even from the
urban areas, could be seen as a kind of texture and could be modeled using textural
approach. The images in Figure 41 show the differences between the properties of an
urban area at 10n resolution and detail s of the same area at 1m resolution. We can see
that at 10m resolution the image can be modeled as some kinds of textures but when
the resolution is improved to 1m, objects (buildings, roads, trees, etc.) clearly appear in
the image and make it difficult to consider the scene as a texture.

Figure 4.1: An example of urban area which may be considered as ¢
texture model at 10m resolution and appears asa set of objects anc
geometrical shapes at In resolution.

Even if a scenein such high resolution images could be estimated by a texture, the
majority of landscapes and objects would be much more complex, and diffic ult to be
analyzed with texture based methods because of the nonhomogeneity. Actually, it is
supposed to apply some more complicated methods which are able to take into
acoount such details of objectsand structures inside urban area scenes taken from high
resolution satellite images. Recently, a wide variety of methods and techniques are
used by researchers forcharacterization and indexing of urban areas in high resolution
satellite images.
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The schema in Figure 4.2 illustrates a general procedure of what is usually done for
urban area characterization.

Geographical
information,
maps, etc

Validation
Classification, Feature
Segmentation extraction and
< modeling
Features

Satellite images

Figure 4.2: A general illustration of procedure which is performed
for urban area characterization.

Characterization of satellite imagery, including urban areas, is usually done based on
two main levels of activities. On one hand, a variety of researches have been doneto
extract features from the scenes and to model them using several approaches. Different
types of features and descriptors may be extracted from satdlite images. However,
two type s of features can be seen more or less in the literature: the texturdike features
and the local features. As it was mentioned, textural approaches are not anymore
efficient to perfectly characterize VHR satellite images who present the details of
objects. Particularly, the urban areas contain some geometrical structures that ould be
hardly modeled by texture -like features. Although local descriptors are capable for
such a purpose but they have some disadvantage such as complexity and being time
consuming. Extracted features and descriptors may be used by different approaches
ILNH EDJ Rl ZRUGY JUDSK WKHRU\ « WR SURYLGH D PRGHO JLYL
of the scene.
On the other hand, the extracted features can be used for classification and
segmentation of satellite images. The goal of such activities is to distinguish different
FODVVHV RI ODQGVFDSHVY DQG VWUXFWXUHYV RQ WKH (DUWK-V \
not only used for urban area characterization but also could be considered as a
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feedback for feature extraction which shows the efficiency of the feature extraction

method. Researchers usually benefit two important sources of data and information

for urban area characterization. The main source is satellite images but some methods
use also the geographical information like m aps as the extra source of daa and
information which themselves benefit of the results of urban area characterization.

Here we review some of previous studied which have been done for
characterization of satellite images specially the urban areas.

Scalelnvariant Feature Transform (SIFT), explained in chapter 2, provides a set of
local features which is widely used for urban area detection. 6 xUPDF DQG 8QVDODQ >
proposed a method based a;n SIFT key-points for urban area and building detection on
very high resolution satellite images . Their approach also benefits multiple sub graph
matching, and graph cut methods. They picked two template building images, one
representing dark buildings and the other representing bright buildings and obt ained
their SIFT keypoints. Also, SIFT keypoints are obtained for the test image. Then, by
applying multiple sub graph matching between template and test image SIFT
keypoints, urban area are detected in the test image.Finally, from the detected urban
area, separate buildings are detected using a graph cut method. They obtained a
89.62% correct urban area detection performance with a 8.03% false alarm rate and
88.4% correct building detection performance with a 14.4% false alarm rate. But their
building detection method may not detect buildings if the contrast between their
rooftop and the background is low.

Among texture -like methods, Gabor features are known as effective descriptors for
urban areas. Yang and Newsam [11] compared two classification methods and two
feature extraction methods for labeling and indexing different classes and structures
inside the satellite images such as residence areaforest, roads, etc As the feature
extraction, they applied Gabor texture features and SIFT descriptors and as the
classification method, they used Super Vector Machine (SVM) and Maximum A
Posteriori (MAP) classifier to evaluate the results of feature extractions. Their work is
interesting because they compared a texturelike descriptor with a local descriptor.
They presented their results as the following table:

Table 4.1: Results of Yang and Newsam. Comparison of SIFT anc
Gabor, using MAP and SVM

SIFT Gabor

MAP 84.5% 73.9%

SVM 76.9% 89.9%

Principal Components Analysis ( PCA), sometimes called Karhunen-Loéve Transform
(KLT), is another method which has been used by researchers to characterize the
satellite images. KLT or PCA, in some pattern recognition methods, is used to reduce
the images dimensionality without losing the important information . In a KLT
procedure, eigenvectors of covariance matrix is calculated as new orthogonal basis
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vectors for describing data. Quintiliano and Santa-Roza [9] proposed a target detection
approach, based on KLT, in order to detect streets, using very high resolution

multispectral or hyperspectral satellite images They transformed the data from

multispectral imag es to some large vectors and computed eigenvectors of their
covariance matrix as new basis vectors. They applied positive and negative training,

for detecting asphalt street (what is asphalt street and what is not asphalt street), and
reported very better r esults when they used only positive training.

Since different types of features may be used in urban area characterization, in many
cases, feature selection methods are applid to find the optimum features. Tuia et al
[17] used a feature selection method based on SVM called Recursive Features
Elimination (RFE) to search among the morphological feature s to find an optimal set of
features based on the importance of the fedures in the classifier. An important
challenge in their work is that the input space could become rapidly untreatable since
it is possible to extract many morphological features by simply using different filters
or by changing size and shape d the structuring e lements.

Nowadays, some text retrieval approaches are used by researchers to model different
types of images including remotely sensed images. Bag of wordsapproach tries to
model each image patch as a document containing some visual words. Then some
topics are extracted using these words anda semantic interpretation of the documents
is presented. In this model, a document is viewed as an un-ordered set of words and
is statistically modeled as a frequency of occurrence histogram along the dictionary.
Weizman and Goldberger [14] proposed an approach which is based on the idea of
bag of words for modeling of satellite images. Here we explain some aspects of their
works because we also use the bag of words model in chapter 9.They needed a visual
analogy of word and a visual analogy of dictionary that contains a list of all possible
words. They used image patches with the size of 10*10 pixels and applied PCA
transformation to the patches to reduce the dimensiorality from 100 to 7 and used a
clustering algori thm to the data vectors to group the patches into clusters. The mean of
every cluster was defined as a dictionary - Wisual word. Next step was to provide a
histogram of words repetitions for urban and non-urban areas. Theyextracted all the
patches from the manually labeled training image s and normalized the patches,
applied PCA and found the nearest word from the dictionary. Then, they built a
histogram which displays the frequency of every visual word in urb an areas. A similar
histogram was built for the non-urban areas. Then the words that best differentiate
urban areas from the non urban areas were found. As a result, a sHW RI "XUEDQ
GHWHFWLRQ Zdfih&V gorZzaDniéw unlabeled test image, they selecied the
patches that correspord to urban detection words as a first detection step for urban
areas. Then as a postprocessing step they applied spatial consistency constraints on
the detected urban patches to obtain a globaldecision on urban regions.

Methods based on graph theory are also important for urban area characterization.
Dogrusoz and Aksoy [10] introduced a graph -theoretic method for analyzing land
development in high -resolution satellite imagery in terms of spatial arrangements of
buildings. Buildings are detected using spectral classification and morphological post -
processing. These buildings form the nodes of a graph where the edges are
constructed using the Voronoi tessellation of the scene. Building groups are formed by
thresholding the minimum spanning tree of this graph. These groups are classified as
organized or unorganized by examining the distributions of the angles between
neighboring nodes of the clusters. Their experiments for detecting the urban area show




61

an accuracy of about 80%.They proposed to incorporate new properties of building
groups into the graph to improve the clustering stage .

As an example of using the geographical information and maps in urban area
characterization, we can mention the work of Newsam and Yi Yang [13]. They
proposed a method which uses gazetteers and remote-sensed imagery,
simultaneously, to improve the level of characterization.

Beside the urban area detection and characterization, Building extraction has been
one of the interesting zones for researchers in the field of satellite image processing.
Mayunga et al. [31] proposed a semiautomatic method based on the edge
characteristics of estimated polygons to extract buildings from high resolution
panchromatic imagery. Their method benefits of a snake algorithm to approximate
buildings with so me polygons. They reported a result of 91% for their experiments of
building extraction from a variety of tested satellite images. An improved version of
shake algorithm is also used by Peng et al. [32]to detect buildings . However they used
their method f or colored satellite images instead of panchromatic images. They also
reported good detection results with their method .

There are many other interesting and valuable works and studies which have done
by researchers in the field of urban area detection and characterizations. Some of them
are mentioned in the bibliography. See for example references from [18]to [30].

4.2 |ICA State of the art

Visual data that can be obtained from all around us has certain characteristics like
other measured signals. They contain for example different textures, specific bands of
frequencies and alsoedges, lineswhich are related to objects and their properties. An
efficient processing system which is supposed to operate in suchenvironment should
utilize these characteristics.

The idea of Independent Component Analysis (ICA) is to reduce the redundancy of
data without losing the important characteristic s of data. Barlow [1] proposed that
human brain memorizes some information about all visible environments and use it
when we are looking to an environment to decrease the redundancy of the data. Here,
the redundancy has a meaning of statistical dependency. For example, if we see a car
we expect to see also a street or a road. That is, there is a statistical corrafion or
dependency between the car and the street in our brain because we usually see them
together. The initial idea of ICA is the same but here the dependency is measured
between the gray levels of different pixels of an image which are considered as sane
random variables.

Fundamentals of ICA are explained in chapter 5. Blind Source Separation was one of
the first problem for which the ICA was developed. In addition, it may be considered
as a generalized form of Principle Component Analysis (PCA). Th e difference is that in
PCA the components are supposed to be statistically uncorrelated, however, in ICA,
the components are statistically independent. We know that statistical independence is
a generalized form of being uncorrelated. That is, two indepen dent random variables
are certainly uncorrelated. But if two random variables are uncorrelated they may be
not independent.

An important study was done by Bell and Senjowski [2] who used ICA for natural
images and found out that the independent comp onents of images contain short lines
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and edges Olshausen and Field [3] showed that similar properties can be found in
human visual system. Existence of edges andlines in ICA components is interesting
for us as well, because we ae looking for some models to deal with the edge
characteristics of objects in the satellite images.

Recently, seveal methods have been proposed which apply ICA for image data.
Some of these methods use simple ICA models, but some of them use an I@ mixture
model like the meth od proposed by Lee, Lewicki, and T. J. Sejnowsk [4].

An example of using ICA for remotely sensed data is the study which is done by
Zhang, X. and C. H. Chen [7]. Also, Zhang et al [8] proposed a method based on ICA
for classification of remotely sensing images.

Although ICA is frequently used for some types of images such as natural images,
text images and face images, but it has not been widely used for satellite image
characterization and there are many aspects to be investigated by researchers. Thiss
another reason which motivates us to work on the ICA for satellite image
characterization in this thesis.
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CHAPTER 5

PRINCIPLES OF INDEPENDENT
COMPONENT ANALYSIS

Independent Component A nalysis is the principal framework upon which several
methods are proposed during the thesis to extract features from high resolution
satellite images. In this chapter we illustrate fundamentals, concepts and algorithms of
Independent Component Analysis.

5.1 Why ICA for satellite images?

The initial question in this chapter could be around the motivation which leads us
to use Independent Component Analysis for VHR satellite image characterization.
Although reader could find the motivations behind the idea of using ICA for atellite
image characterization during the thesis, for more illustrations, here we give some
explanations.

We know that Bell and Senjowski [2] used ICA for natural images and found out that
the most of independent basis vectors d images include short lines and edges. This is
an important property for satellite image characterization especially for those who
contain geometrical structures, because the geometrical objects normally contain lines
and edges We show in Figure 5.1 someof ICA basis vectors which are obtained for
four of classes of contextual satelliteimage patches shown in Figure 3.2 Here, the size
of ICA basis vectors is 32*32 pixels. Later, we explain about the size of ICAbasis
vectors.

It is clear that the ICA basis vectors which are obtained for one class differs from the
other classes.For example the basis vectos which are obtained for class of City contain
both of long and short lines, but the basis vectors of class of Village contain only the
short lines in several directions. We also see some types of smooth edges inside the
basis vectors which are obtained for class of Sea which are probably because of the
existing waves in the scenery. But for class of Forest we hardly could find the lines or
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edges in its basis vectors. They present some special structures which are completely
different from other classes. However, the ICA basis vectors of classes Forest and Sea
which can be called as natural landscapes are, in general, more homogenous
comparing with t he basis vectors of classes City and Village which are manmade
landscapes and include the geometrical structures. ICA basis vectors of such classes
usually contain obvious lines and edges.

Classé City-2 Class3 Village

Class8 See Class5 Forest

Figure 5.1: ICA basis vectors differ from one class to other class. Fo
every class we show a sample of its contextual patches and also 1
samples of its obtained basis vectors. The size of contextual patches
200*200 and the sizeof basis vectors is 32*32 pixels ad their scales are
proportional in this figure. The basis vectors of classes Forest and Sea,
natural landscapes, are more homogenous comparing with those of
classes City and Village, as manmade landscapes. ICA basis vectos of
classes City and Village (Man-made landscapes), contain obvious lines
and edges. The difference among the ICA basis components which are
obtained for different classes is a sign of ICA capability for satellite
image characterization.
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Actually, it seems that the ICA basis vectors carry the important characteristics of
every class of images and the difference among the obtained basissectors for different
classes of satellite images can be interpreted as ICA capability for satellite image
characterization. In this chapter we are going to present the theoretical fundamentals
and concepts of Independent Component Analysis including some necessary
assumptions and some pre-processing steps.

5.2 Fundamentals of Independent Component Analysis

Independent Component Analysis (ICA) is a method that initially developed to deal
with problems close to source separation or cocktail-party problem. In such problems,
we have some observed signals which are combined from a number of signal sources
that are simultaneously generating its own signals. For example, in a cocktail party,
where many people are talking simultaneously, we are going to separate the different
speeches. In this example, each person in cocktail party is a source which is generating
its own information independently. Human brain, naturally, is able to perform a kind
Rl VRXUFH VHSDUDWLRQ 7KDW LV ZK\ ZH FDQ IROORZ
speeches in a cocktail party.

In ICA, it is assumed that there are a set of n sources of information

( ) which are statistically independent with respect to each other. That is,

the value of each source does not have any effect on other sources values. From the
statistical point of view we could consider these sources as the independent random
variables. The set of these variables could be denoted with a random vector

which is called the source vector Then we suppose that the
original independent source components are combinedvia a linear process. In other

words, we have a set of observed variables, ( ) which are themselves

random variables because they are produced as linear combinations of the initial
random variables:

(5.1)

We denote the set of observed random variables with a random vector
and call this vector as observed vectaosr observed signal
As an example, when we apply ICA to images, each image patch is considered as our

observed signal, , in which are the pixels of image patch. More
details about ICA for image data are explained in Chapter 6. Notice that the dimension

of the observed signal, , (that here ism) is not necessarily equal to the dimension
of the source vector, , (that here isn).

VRPHET
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Since the process is assumed to be linear, the relation between and can be
modeled as a matrix form:

(5.2)
Here, the matrix is called asmixing matrix, since it mixes the independent sources.
We can also rewrite equation (5.9 as:
(5.3)
In which the vectors are with the same dimension as observed signal

(which here is m). These vectors can be considered as the basis vectors of a new space
for representing our data. So, they are usually called the basis functionsor the basis
vectos. When we use ICA for image data, our observed signals could be considered as
small image patches (micro patches) which are gathered from the initial images. So the
ICA basis vectors would be with the same size as the micro patches.

Figure 5.2: when we use ICA for image data, observed signals are smal
image patches which are gathered from the initial images and the basis
vectors obtained with the same size.
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In fact, the initial space for representing data are some orthogonal basis vectorsthat
have just one non-zero element. This is expressed with the equation (54):

(5.4)

Through ICA we transfer our data into a new space whose basis vectors are

. It is important to notice that the dimension of initial space (m) could
be different from the dimension of ICA space that is the number of sources (1). This
can be considered as dimension reduction step a pre-processing step, which is
explained in sub chapter 5.4.1.

Independent Component Analysis ICA is defined as the procedure of basis vectors
estimation such that the ICA sources will be as independent as possible. In other

words, having a set of d observed signals, , ,we are going to
estimate mixing matrix , , Which includes the basis vectors, and
the set of sources for each observed signal, , such

that these so