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R�esum�e �etendu en Fran�cais

Introduction g�en�erale

C'est un double big bang1, l'un technologique, l'autre th�eorique, qui a ouvert ce que l'on appelle

commun�ement aujourd'hui l'�ere de la communication. C'es t en e�et �a quelques mois d'intervalle

et dans le même �etablissement2 que John Bardeen et ses coll�egues inventent le transistor et que

Claude Elwood Shannon �etablit la th�eorie de l'informatio n et des communications num�eriques.

On mesure bien aujourd'hui toute l'importance de ces deux d�ecouvertes exceptionnelles qui ont

permis le formidable essor de l'informatique et des t�el�ecommunications, entre autres. Depuis

1948, les fulgurants progr�es de l'�electronique puis de lamicro-�electronique, ont apport�e aux

ing�enieurs les moyens de concr�etiser les inventions des chercheurs a�n de r�epondre aux d�e�s

lanc�es par Shannon. Un exemple typique en est l'invention,plutôt tardive, des turbocodes

et des traitements it�eratifs dans les r�ecepteurs, qui ne purent être imagin�es que parce que les

dizaines ou centaines de milliers de transistors requis �etaient disponibles3.

Aujourd'hui, les exigences en terme de communications sontde plus en plus grandes et

diverses. Avec l'�emergence de la t�el�ephonie portable etde l'Internet, les m�ethodes de communi-

cations ont dû �enorm�ement s'adapter puisqu'il faut d�es ormais pouvoir communiquer \n'importe

quand, de n'importe o�u et de plus en plus vite". De plus, les services demand�es ne se limitent

plus �a de la voix ou de simples messages �ecrits mais la transmission d'images et de vid�eos en

temps r�eel. Ainsi les d�ebits de communications doivent être de plus en plus �elev�es tout en gar-

dant une tr�es bonne qualit�e de transmission et ce même quand le canal de propagation est tr�es

hostile. En e�et, la plupart des transmissions radiomobiles s'e�ectuent sur des canaux d'autant

plus s�electifs en fr�equence que le d�ebit de transmissioncrô�t.

Pour pallier �a ces probl�emes, l'utilisation des techniques multi-antennes et leurs couplages

plus r�ecents avec des modulations �a sous porteuses orthogonales (de type OFDM) ont permis �a

1Cette image est directement emprunt�ee �a l'avant-propos d e l'ouvrage \Codes et turbocodes" �ecrit sous la

direction de Claude Berrou.
2Laboratoires Bell.
3Ce premier paragraphe est inspir�e de l'avant-propos de l'o uvrage \Codes et turbocodes".
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la fois d'augmenter les d�ebits tout en supprimant les interf�erences entre symboles dues au canal.

Durant la derni�ere d�ecennie, plusieurs sch�emas originaux ont permis d'am�eliorer consid�erable-

ment l'exploitation de la diversit�e spatiale apport�ee pa r les syst�emes multi-antennes. En 1998,

ce sont les codes espace-temps orthogonaux propos�es par Alamouti pour 2 antennes d'�emission,

puis g�en�eralis�es par Tarokh �a des syst�emes �a plus de 2 antennes d'�emission qui ont permis

d'am�eliorer sensiblement la �abilit�e de la transmission . Par ailleurs, le multiplexage spatial

(connu aussi sous le nom de V-BLAST) associ�e aux di��erentes techniques de d�etection d�evelop-

p�ees par Foschini en 1996 permettent d'augmenter les d�ebits lin�eairement avec le minimum du

nombre d'antennes d'�emission et de r�eception.

Outre les syst�emes multi-antennes, les techniquesultra large bande(UWB), utilis�ees depuis

le milieu des ann�ees 60 dans des applications de type radar,ont connu un spectaculaire regain

d'int�erêt ces derni�eres ann�ees. L'UWB qui consiste �a u tiliser des syst�emes de transmissions

dans des bandes de fr�equences allant de 500 MHz �a plusieursGHz, se pr�esente comme une

technologie attractive pour les syst�emes de communications radio �a tr�es hauts d�ebits sur des

distances relativement courtes.

Il est �evident que pour la conception et le d�eveloppement de toute technique de trans-

mission radio, la connaissance du canal de propagation est pr�epond�erante. Dans ce contexte,

la quasi-totalit�e des �etudes sur les syst�emes pratiques de transmission radio sont bas�ees sur

une parfaite connaissance des param�etres du canal �a l'�emission et �a la r�eception. De plus, la

plupart des limites th�eoriques des communications num�eriques (par exemple la capacit�e de Shan-

non), ont �et�e obtenues en consid�erant des conditions id�eales de parfaite connaissance du canal.

Cette hypoth�ese n'est pourtant pas valable pour les syst�emes de communications pratiques o�u

l'estimation du canal est la plupart du temps bas�ee sur l'envoi des symboles d'apprentissage

(aussi appel�es pilotes). Il est clair que, du fait du nombre limit�e de pilotes et la pr�esence du

bruit additif du canal, l'�emetteur et le r�ecepteur n'obti ennent qu'un estim�e imparfait , et parfois

même tr�es bruit�e, du vrai canal. Face �a cette situation, l'utilisation des modulations di��eren-

tielles permet d'�eviter l'estimation du canal. Cependant , ces modulations engendrent une perte

d'environ 3 dB sur les performances du r�ecepteur. Le sc�enario d�ecrit ci-dessus ouvre donc un

grand chantier de recherche pour le d�eveloppement des limites th�eoriques ainsi que la concep-

tion des syst�emes de transmission pratiques prenant en compte une connaissance imparfaite du

canal. En e�et, il est n�ecessaire de red�e�nir le concept fondamental de la capacit�e en consid-

�erant une connaissance imparfaite du canal:i) \Quel est le taux maximal avec lequel on peut

transmettre sur un canal imparfaitement connu ?". Ensuite on peut se poser la question:ii)

\Comment concevoir un syst�eme de transmission qui prenne en compte une estimation impar-

faite du canal et qui se rapproche au mieux de cette limite?". D'un point de vue pratique, il
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y a un grand int�erêt �a concevoir de nouveaux sch�emas de d�etection pouvant fournir des taux

d'erreurs proches de la limite th�eorique en pr�esence d'une estimation imparfaite du canal. Cette

exigence constitue notre feuille de route tout au long de cette th�ese.

Principales contributions

Ce rapport de th�ese pr�esente de nouvelles m�ethodes de r�eception it�eratives pour les syst�emes

mono- et multi-antennes associ�ees �a la modulation OFDM travaillant sur des canaux UWB.

Nous nous pla�cons dans un contexte r�ealiste o�u le r�ecepteur ne poss�ede que d'un estim�e bruit�e

du canal, obtenu �a partir d'un nombre limit�e de symboles d'apprentissage. De plus, on suppose

que cet estim�e n'est pas disponible �a l'�emetteur. L'obje ctif principal de cette th�ese est d'�etablir

une connexion entre la m�ethode couramment utilis�ee d'estimation de canal par pilotes, et la

conception de r�ecepteurs it�eratifs qui prennent en compte dans leurs crit�eres de d�etection, la

pr�esence d'erreurs sur les estim�es du canal. De plus, une attention particuli�ere est apport�ee au

d�eveloppement d'algorithmes qui gardent une complexit�e de calcul raisonnable.

Les principales contributions de cette th�ese sont bri�evement r�esum�ees ci-dessous:

� Nous commen�cons par donner un �etat de l'art des diverses techniques de transmission et

de d�etection propos�ees pour les syst�emes UWB en mettant l'accent sur la solution multi-

bandes OFDM (MB-OFDM) qui constitue notre sc�enario d'appl ication tout au long de

cette th�ese.

� Le premier objectif de cette th�ese consiste �a am�eliorer la qualit�e de l'estimation du canal

sans modi�er la structure du r�ecepteur qui pour sa part est con�cu en supposant une

parfaite connaissance du canal. Nous donnons d'abord un �etat de l'art sur les techniques

d'estimation de canal des syst�emes OFDM. Ensuite, on propose une m�ethode d'estimation

de canal semi-aveugle bas�ee sur l'algorithmeExpectation-Maximization (EM). Dans cette

approche, les symboles pilotes fournissent un premier estim�e du canal souvent tr�es bruit�e

qui est ensuite am�elior�e de mani�ere it�erative en int�eg rant l'estimation du canal dans le

processus it�eratif de d�etection des donn�ees. Bien que cette approche soit connue pour

am�eliorer sensiblement les performances des r�ecepteursit�eratifs, elle pr�esente une grande

complexit�e. Par cons�equent, nous pr�esentons un algorithme capable de r�eduire le nombre

de param�etres �a estimer en exploitant la parcimonie de la repr�esentation des canaux UWB

dans le domaine des ondelettes.

� Nous cherchons ensuite �a am�eliorer les performances des r�ecepteurs it�eratifs qui utilisent

des estim�es imparfaits du canal obtenue �a partir d'un nombre limit�e de symboles pilotes.
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Les deux con�gurations mono- et multi-antennes associ�eesau MB-OFDM sont �etudi�ees.

Nous exploitons une propri�et�e int�eressante de l'estimation par pilotes, �a savoir la disponi-

bilit�e des statistiques de l'erreur d'estimation. Ces statistiques permettent d'�etablir un

cadre Bay�esien pour la conception de d�etecteurs robustesaux erreurs sur les estim�es du

canal. En consid�erant une d�etection au sens du maximum vraisemblance (ML), nous for-

mulons une nouvelle m�etrique de d�etection qu'on appellem�etrique am�elior�ee , en moyen-

nant la m�etrique classique (bas�ee sur la connaissance parfaite du canal) sur toutes les

erreurs d'estimation du canal. Nous consid�erons aussi un d�etecteur ML bas�e sur une

m�etrique d�esadapt�ee (�a la connaissance imparfaite du canal) qui est obtenue en rem-

pla�cant le vrai canal par son estim�e dans la m�etrique de d�etection. Dans un premier

temps, un r�ecepteur maximum a posteriori it�eratif (turbo-MAP) bas�ee sur la m�etrique

ML am�elior�ee, est propos�e pour r�eduire les e�ets de l'in certitude sur le canal au niveau du

d�ecodeur. Ensuite, en utilisant des outils de la th�eorie d'information, on calcule les limites

des taux de coupure atteignables (achievable outage rates)associ�ees aux m�etriques ML

am�elior�ee et d�esadapt�ee. Ceci nous permet de d�eterminer les d�ebits qu'on peut atteindre

en pratique avec une qualit�e de service d�e�nie par la probabilit�e de coupure (outage prob-

ability) et ce même lorsque le r�ecepteur ne poss�ede que l'estim�e du canal. Nos r�esultats

num�eriques montrent que la m�etrique am�elior�ee o�re des gains signi�catifs en termes de

taux d'information atteignables et de taux d'erreurs binaires, sans pour autant augmenter

la complexit�e du r�ecepteur. De plus, nos r�esultats peuvent servir �a �xer les param�etres

d'un syst�eme de transmission (par exemple le nombre et la puissance des symboles pilotes,

la probabilit�e de coupure, etc.) visant une qualit�e de service en terme de taux d'erreurs

binaires et taux de coupure atteignables, en pr�esence d'une estimation imparfaite du canal.

� Finalement, nous pr�esentons un d�etecteur it�eratif sous optimal et �a complexit�e r�eduite

pour les modulations �a hautes e�cacit�e spectrale transmi ses sur des canaux �a antennes

multiples. Ce d�etecteur est bas�e sur l'association d'uneannulation parall�ele d'interf�erences

�a entr�ees souples (soft-PIC) et d'un �ltrage MMSE. Notre o bjectif sera une fois de plus

d'apporter des modi�cations au d�etecteur a�n de le rendre r obuste aux incertitudes sur

les estim�es du canal.
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Chapitre 2 :

Les di��erentes techniques de modulation et de d�etection U WB

Introduction et motivations

L'Ultra Large Bande ou Ultra Wideband (UWB), est une technique de transmission radio�elec-

trique qui consiste �a utiliser des signaux s'�etalant sur une large bande de fr�equences, typique-

ment de l'ordre de 500 MHz �a plusieurs GHz. Une d�e�nition au jourd'hui commun�ement admise

est que les signaux UWB ont un rapport largeur de bande sur fr�equence centrale, oufractional

bandwidth, au moins �egal �a 0,25 ou bien une largeur de bande sup�erieure �a 500 MHz. Historique-

ment, la premi�ere forme de modulation propos�ee pour l'UWB a �et�e la radio impulsionnelle, ou

Impulse Radio. Elle se caract�erise par des impulsions tr�es br�eves qui occupent instantan�ement

toute la bande de fr�equences disponible. C'est pourquoi ces modulations sont aussi connues sous

le nom de modulations mono-bande. Cependant, cette approche permet peu de 
exibilit�e dans

l'utilisation du spectre radio, et n�ecessite des solutions de composants RF tr�es performantes.

Une autre solution consiste �a diviser le spectre allou�e �a l'UWB en plusieurs sous-bandes de

largeur minimale de l'ordre de 500 MHz: c'est l'approche multi-bandes. Cette solution pr�esente

une tr�es grande 
exibilit�e pour la gestion du spectre radi o et permet d'utiliser des technolo-

gies de circuits int�egr�es moins on�ereuses. En 2002, laFederal Communications Commission

(FCC) aux Etats-Unis, a �elargi la notion d'UWB �a d'autres s ch�emas de modulations que les

transmissions par impulsions. Au niveau de la normalisation, l'institut am�ericain IEEE a tra-

vaill�e durant ces derni�eres ann�ees �a la d�e�nition d'un syst�eme de communication haut d�ebit

utilisant le spectre radio UWB sans pouvoir arriver �a un consensus sur le type de modulation.

Le d�ebat pour une solution unique s'articulait autour de deux propositions qui ont divis�e les

participants du groupe : l'�etalement de spectre UWB (DS-UW B) et la modulation OFDM �a

bandes multiples (MB-OFDM). Aujourd'hui, faute d'un accor d g�en�eral sur une solution unique,

d'importants groupes industriels, comme UWB Forum et Wimedia Alliance se sont engag�es

dans la conception d'�equipements bas�es sur la technologie UWB en adoptant respectivement la

soltution DS-UWB et MB-OFDM.

Les approches mono-bande

Techniques de modulations et d'acc�es multiples

Le principe des modulations mono-bande repose sur l'�emission d'impulsions de tr�es courtes

dur�ee wtr (t). Ils se distinguent selon le type de codage utilis�e pour coder l'information bi-

naire �a transmettre. Ainsi, pour coder l'information �a tr ansmettre, la modulation par position
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d'impulsion (PPM) utilise la position de l'impulsion par ra pport �a une position nominale; la

modulation par amplitude d'impulsion (PAM) utilise des imp ulsions identiques avec une dif-

f�erence d'amplitude et la modulation par forme d'impulsio n (PSM) utilise des signaux avec

des formes di��erentes. A�n d'assurer l'acc�es multiple da ns un contexte multi-utilisateurs, les

modulations mono-bandes utilisent des codes �a sauts temporels ou time-hopping (TH) ou une

m�ethode bas�ee sur l'�etalement de spectre �a s�equence directe (DS-UWB).

L'approche TH consiste �a r�ep�eter la même impulsion dans plusieurs trames successives.

L'expression du signal transmis pour l'utilisateur j s'�ecrit [1,2] :

pour la modulation PPM :

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTf � c(j )

l Tc � d(j )
k �

�
; (1)

pour la modulation PAM :

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTf � c(j )

l Tc

�
d(j )

k ; (2)

et pour la modulation PSM :

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

w
d( j )

k
tr

�
t � kTs � lTf � c(j )

l Tc

�
: (3)

Dans cette approche, la dur�eeTs de transmission d'un symbole est divis�ee enNs trames de dur�ee

Tf qui elles mêmes sont divis�ees en chips de dur�eeTc. Chaque trame contient une impulsion

avec la position d�etermin�ee par la s�equence de codef c(j )
l g pseudo al�eatoires et unique pour

l'utilisateur j .

Comme la modulation PPM, la modulation DS-UWB utilise une tr ame divis�ee en chips.

Cependant, une impulsion UWB peut être �emise dans chaque chip de la trame. En cons�equence,

le signal est transmis de fa�con continue. Les symboles transmis sont repr�esent�es par des codes

d'�etalement ternaires (i.e., compos�es de 1, 0 et -1) de la longueur de la trame. L'expression du

signal DS-UWB transmis pour l'utilisateur j est donn�ee par

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTf

�
c(j )

l d(j )
k : (4)

Techniques de d�etection

En radio impulsionnelle, la r�eception des signaux se fait par corr�elation. Les deux techniques

utilis�ees sont bas�ees sur les r�ecepteurs corr�elateurs(correlation receiver) et les r�ecepteurs Rake.

Le principe de base repose sur la corr�elation du signal re�cu avec un signal mod�ele outemplate.

Une d�ecision binaire �a partir du signe de la corr�elation p ermet ensuite de d�emoduler les donn�ees
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transmises. Par exemple, le crit�ere de d�ecision pour d�ecider entre les hypoth�eseH 0 (bit \0") et

H 1 (bit \1") dans le cas d'une modulation PPM s'�ecrit

(d�ecide d(1) = \0") ,
N s � 1X

l=0

Z � 1+( l+1) Tf

� 1+ lT f

r (t) v
�
t � � 1 � lTf � c(1)

l Tc
�

dt > 0 (5)

o�u r (t) est le signal re�cu et v(t) et le signal mod�ele utilis�e pour la corr�elation.

Dans un canal �a trajets multiples, les techniques mono-bandes utilisent un r�ecepteur Rake

a�n de combiner de fa�con constructive les signaux issus desdi��erents trajets. Le signal re�cu �a

l'entr�ee du r�ecepteur Rake est corr�el�e avec des versions d�ecal�ees d'un signal mod�ele, �echantil-

lonn�e, pond�er�ees par des poids �x�es par les param�etres du canal et en�n combin�ees de fa�con

lin�eaire. Le nombre de corr�elateurs (aussi appel�e doigts) est �x�e par le nombre de trajets qui

caract�erisent le canal de propagation. Cependant, la complexit�e d'un r�ecepteur Rake augmente

lin�eairement avec le nombre de ses doigts.

Les approches multi-bandes

La solution multi-bandes impulsionnelle

L'approche multi-bandes impulsionnelle consiste �a diviser la bande de fr�equence UWB en sous-

bandes de largeurs proches de 500 MHz et �a utiliser �a l'int�erieur de chaque sous-bande, l'une

des modulations mono-bande d�ecrite ci-dessus. A�n �eviter les interf�erences inter-symboles, cette

technique adopte une p�eriode de r�ep�etition des impulsions, sur chaque sous-bande, sup�erieure �a

l'�etalement des retards du canal. Pour atteindre des d�ebits importants, la solution repose sur une

utilisation s�equentielle des sous bandes par l'interm�ediaire d'un saut de fr�equence. L'avantage

de cette approche est qu'un r�ecepteur Rake avec moins de doigts est n�ecessaire pour d�emoduler

le signal transmis sur chaque sous-bande.

La solution multi-bandes OFDM

La solution Multiband Orthogonal Frequency Division Multiplexing (MB-OFDM) est une ap-

proche �a bandes multiples, o�u le spectre d�e�ni par la FCC e st divis�e en 14 sous-bandes de

largeur 528 MHz chacune. Ces 14 sous-bandes sont subdivis�een 5 groupes de bandes partielles

comportant chacun 2 ou 3 sous-bandes. Dans un premier temps,seul le groupe I (3,1 GHz

- 4,9 GHz) sera exploit�e, les autres groupes �etant utilis�es �a mesure du d�eveloppement des so-

lutions pour les composants RF. Dans chaque sous-bande, unemodulation OFDM associ�ee �a

une modulation cod�ee �a bits entrelac�es (BICM) est appliq u�ee, le signal �etant r�eparti sur 128

porteuses �a bande �etroite. La modulation en bande de base pour chaque porteuse est de type

Quaternary Phase Shift Keying (QPSK). Cette con�guration permet une gestion tr�es souple
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du spectre radio. En e�et, pour �eviter de brouiller une band e de fr�equences particuli�ere, il

su�t d'interdire une s�erie de porteuses, voire la totalit� e d'une bande partielle. La gestion des

utilisateurs multiples d'un même groupe de bandes partielles est op�er�ee par une technique de

codes temps-fr�equence (TFC). Dans un groupe de bandes partielles, le signal d'un utilisateur

passe r�eguli�erement d'une sous-bande �a une autre selon un ordre qui est d�etermin�e par le TFC.

Les d�ebits o�erts par cette technique s'�etendent de 53,3 Mbps �a 480 Mbps. Les r�ef�erences [3,4]

fournissent tous les d�etails n�ecessaires �a l'impl�ementation d'un syst�eme MB-OFDM.

Les avantages de la solution MB-OFDM r�esident principalement dans sa faible complexit�e tech-

nique, la modulation OFDM pr�esentant un grand degr�e de mat urit�e et �etant d�eja adopt�ee

par plusieurs standards (e.g., ADSL, DVB, 802.11a, 802.16a, etc.). La restriction de la bande

de fr�equences utilis�ee au premier groupe de bandes partielles permet �egalement de pro�ter de

syst�emes et composants RF existants.
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Chapitre 3 :

Estimation semi-aveugle de canal bas�ee sur une repr�esent ation

en ondelettes pour les syst�emes multi-bandes OFDM

Introduction et motivations

Le sch�ema de r�eception propos�e pour les syst�emes MB-OFDM dans [3, 4] pr�econise une es-

timation de canal bas�ee uniquement sur l'envoi de quelques symboles pilotes au d�ebut de la

trame d'information. Il est bien connu qu'une d�etection �a ble des donn�ees n�ecessite une esti-

mation pr�ecise des param�etres du canal au niveau du r�ecepteur. Cependant, l'obtention d'un

tel estim�e pr�ecis, uniquement par l'interm�ediaire des p ilotes, exigerait l'envoi de multiples sym-

boles d'apprentissage, ce qui aurait pour cons�equence uner�eduction signi�cative de l'e�cacit�e

spectrale.

Des travaux r�ecents ont montr�e des r�esultats prometteur s sur la combinaison de l'estimation

de canal et le d�ecodage de donn�ees. En particulier, un traitement it�eratif (�a la turbo) qui inclut

l'estimation du canal dans le processus de d�etection et de d�ecodage conjoint des donn�ees, est

e�ectu�e dans [5, 6] a�n d'atteindre l'objectif d'excellen tes performances avec un nombre tr�es

faible de symboles pilotes. Dans le même contexte, plusieurs travaux ont utilis�e l'algorithme

EM [7] pour estimer le canal et d�etecter les donn�ees de mani�ere conjointe [8{10]. Bien que

ces m�ethodes soient capables d'atteindre des performances tr�es proches de celles obtenues avec

une connaissance parfaite du canal, elles pr�esentent toutefois une complexit�e croissante avec le

nombre de param�etres qu'il faut estimer pour mettre �a jour le canal �a chaque it�eration.

L'augmentation de la largeur de bande en communication UWB acomme cons�equence une

meilleure r�esolution temporelle du canal. Cela implique une repr�esentation parcimonieuse du

canal (i.e., avec peu de coe�cients signi�catifs) dans le domaine des ondelettes. Cette propri�et�e

est exploit�ee dans ce travail pour proposer un algorithme e�cace estimant conjointement le canal

et les symboles transmis. Plus pr�ecis�ement, ce chapitre propose une technique semi-aveugle

bas�ee sur l'algorithme EM pour estimer le canal dans le domaine des ondelettes. D'abord, une

distribution a priori qui mod�elise bien la parcimonie du canal est impos�ee sur les coe�cients

d'ondelettes de la r�eponse impulsionnelle (RI) du canal. Cela rend l'estimation du canal au sens

du MAP �equivalente �a un seuillage \dur"qui est exploit�e p our r�eduire it�erativement le nombre de

param�etres �a estimer au sein de l'algorithme EM. Par ailleurs, puisque la probabilit�e des donn�ees

cod�ees est impliqu�ee dans le calcul des param�etres du canal, nous combinons naturellement le

processus it�eratif de l'estimation de canal avec l'op�eration de d�ecodage des donn�ees cod�ees. Nos

r�esultats montrent que l'algorithme propos�e r�eduit con sid�erablement le nombre de param�etres �a

estimer tout en am�eliorant les performances du r�ecepteur, compar�e aux techniques semi-aveugles
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classiques et aux m�ethodes bas�ees uniquement sur les pilotes.

Formulation du probl�eme

On consid�ere une transmission MB-OFDM employant uniquement les trois premi�eres sous-

bandes. Chaque symbole OFDM contientN sous porteuses. A la r�eception, en supposant un

pr�e�xe cyclique plus long que l'�etalement des retards du canal, la transmission OFDM convertit

le canal multi trajet en N sous canaux parall�eles avec un �evanouissement plat. Ainsi, la r�eception

du n-i�eme symbole OFDM �emis sur la i -i�eme sous bande s'�ecrit

y i;n = Dsi;n
�H i;n + zi;n i 2 f 1; 2; 3g; n = 1 ; : : : ; NSYM (6)

o�u Dsi;n , diag(si;n ), les vecteurs de taille (1� N ) y i;n , si;n and �H i;n sont respectivement les

symboles re�cus et transmis, et la r�eponse fr�equentielledu canal; le vecteur zi;n est un bruit

blanc Gaussien distribu�e suivant la loi CN(0; � 2IN ).

Bien qu'�a l'�emission le canal soit utilis�e sur des sous bandes de 528 MHz, �a la r�eception on

concat�ene trois symboles OFDM re�cus pour estimer le canalsur une bande de 1.584 GHz

(correspondant �a trois sous bandes). Cette approche est motiv�ee par le fait qu'une largeur de

bande plus importante implique des canaux plus �epars dans le domaine des ondelettes. Cette

op�eration nous am�ene �a utiliser le mod�ele suivant

Y m = DSm
H m + Zm m = 1; : : : ; M SYM (7)

o�u DSm
, diag(Sm ), Y m = [ y1;n ; y2;n ; y3;n ]T , Sm = [ s1;n ; s2;n ; s3;n ]T , H m = [ �H 1;n ; �H 2;n ; �H 3;n ]T

et Zm = [ z1;n ; z2;n ; z3;n ]T sont des vecteurs de taille (M � 1), avecM = 3N et M SYM = NSYM =3.

Dans ce qui suit on omet l'index temporelm.

Soit h = [ h1; :::; hL ]T la r�eponse impulsionnelle (RI) du canal sur les trois sous-bandes etg =

[g1; :::; gL ]T le vecteur de la transform�ee en ondelettes (TO) deh. On d�e�nit FM;L comme la

matrice tronqu�ee de FFT et W comme la matrice de la transform�ee en ondelettes orthonormales.

Le mod�ele (7) s'�ecrit

Y = DS T g + Z (8)

o�u T = FM;L W y. Notre objectif est d'estimer le vecteur des coe�cients d'ondelettes g �a partir

du mod�ele (8).

Estimation de canal par l'algorithme EM dans le domaine des o ndelettes

Choix de la loi a priori : La parcimonie des coe�cients d'ondelettes est mod�elis�ee par la

supposition a priori suivante : chaque coe�cient d'ondelette est suppos�e être�egal �a z�ero avec
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une probabilit�e � ou être une variable al�eatoire gaussienneCNgj (0; � 2) avec une probabilit�e

1 � � . Cela correspond �a une loi i.i.d. Bernoulli-Gaussien qui s'�ecrit

� (gj ) = � � (gj ) + (1 � � ) CNgj (0; � 2) j = 1 ; : : : ; L (9)

o�u � et � sont des hyper-param�etres qui seront estim�es par les observations.

Un mod�ele �equivalent et le principe de l'algorithme EM : Dans l'objectif d'avoir un

mod�ele o�u les coe�cients d'ondelettes sont directement bruit�es par un bruit additif, on propose

de d�ecomposer le bruit Z de la mani�ere suivante

Z = DS Z1 + Z2 (10)

o�u Z1 � CN (0; � 2IM ) et Z2 � CN (0; (� 2 � � 2)IM ). On d�e�nit � , � 2=� 2 comme la proportion

de bruit attribu�e �a Z2. Ainsi nous pouvons r�ecrire le mod�ele (8) de mani�ere �equivalente comme

suit 8
<

:

eH = T g + Z1

Y = DS
eH + Z2:

(11)

Ce nouveau mod�ele attribue implicitement une partie du bruit aux coe�cients d'ondelettes et

le reste aux observations.

Apr�es avoir initialis�e le vecteur des param�etres g par quelques symboles d'apprentissages,

l'algorithme EM alterne (jusqu'�a ce qu'un crit�ere de conv ergence soit atteint) entre les �etapes

E et M et fournit la s�equence des estim�es f g(t ) ; t = 0 ; 1; : : : ; tmaxg.

� Etape d'esp�erance :

Q
�
g; g(t ) � = ES; eH

h
logp(Y ; S; eH

�
�g)

�
�
�
�Y ; g(t )

i
(12)

� Etape de maximisation :

g(t+1) = arg max
g

n
Q

�
g; g(t ) � + log � (g)

o
: (13)

En appliquant les �etapes E et M ci-dessus au mod�ele (11), l'estim�e au sens du MAP des coe�-

cients d'ondelettes du canal est donn�e par une simple r�egle de seuillage dur :

g(t+1)
j =

8
><

>:

0; if � (t+1)
j = 0

� 2

� 2 + � 2 eg(t+1)
j ; if � (t+1)

j = 1
(14)

o�u eg(t ) = (1 � � ) g(t ) + � (DS T )yY , DS =
P

s2 C DS p(SjY ; g(t ) ) et � (t+1)
j est une variable

indicatrice (cf Appendice A).
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R�eduction du nombre des param�etres estim�es

L'expression de l'estimateur (14) �etant �equivalente �a u n seuillage dur, on peut facilement r�eduire

le nombre de coe�cients �a estimer. Cela se fait �a chaque it�eration, en ne gardant dans le cycle

it�eratif d'estimation, que les coe�cients qui n'ont pas pr �ec�edemment �et�e remplac�es par z�ero.

Ainsi le nombre de param�etres �a estimer se r�eduit au �l des it�erations. Cet op�eration est

mod�elis�ee par

g(t+1)
tr = �

�
g(t+1) �

; T tr = �
�

T
�

(15)

o�u l'op�erateur �( :) rassemble dansg(t+1)
tr les composants deg(t+1) qui restent dans le processus

d'estimation et l'op�erateur �( :) construit la matrice tronqu�ee T tr �a partir de la matrice T .

D�etection et d�ecodage conjoint

Au r�ecepteur, la d�etection et le d�ecodage se fait conjointement et de mani�ere it�erative. Le

r�ecepteur est compos�e d'un d�etecteur qui fournit les probabilit�es sur les symboles �emis et d'un

d�ecodeur �a entr�ees et sorties souples (SISO). Chaque partie tire avantage de la probabilit�e a

posteriori fournie par l'autre partie comme une information suppl�ementaire. Ici le d�ecodeur

employ�e est le d�ecodeur BCJR [11]. Il est clair d'apr�es l' expression (14) que la probabilit�e des

symboles �emisP
�
Sk jYk ; bH (t )

k

�
est n�ecessaire pour mettre �a jour le canal �a chaque it�eration. Par

ailleurs, le d�ecodeur SISO a besoin d'un estim�e du canal a�n de calculer la probabilit�e des bits

cod�es. Par cons�equent, l'algorithme propos�e se combinenaturellement avec le processus it�eratif

de d�ecodage des donn�ees. La probabilit�eP
�
Sk jYk ; bH (t )

k

�
est calcul�ee par le d�ecodeur comme

suit

P
�
Sk jYk ; bH (t )

k

�
=

BY

j =1
j 6= i

Pdec(ck;j ) (16)

o�u Pdec(ck;j ) est la probabilit�e a priori des bits cod�es et entrelac�esck;j qui est fournie par le

d�ecodeur SISO.

Conclusion

Dans ce chapitre, nous avons propos�e un algorithme semi aveugle d'estimation de canal bas�e

sur une repr�esentation en ondelettes de la RI du canal. En choisissant une distribution a priori

qui mod�elise bien la parcimonie du canal dans le domaine desondelettes, nous avons pu rendre

l'estimateur au sens du MAP �equivalent �a un seuillage dur des coe�cients d'ondelettes. Ceci a

�et�e utilis�e pour r�eduire it�erativement le nombre de pa ram�etres �a estimer. Nous avons observ�e que

quand le canal a une repr�esentation parcimonieuse, le model a priori choisi est capable d'apporter

cette information suppl�ementaire �a l'estimateur du cana l. De plus, nous avons montr�e que dans
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ce cas, l'algorithme propos�e r�eduit consid�erablement le nombre de param�etres �a estimer et

pr�esente de meilleurs performances que les m�ethodes semiaveugles classiques et les m�ethodes

uniquement bas�ees sur les pilotes.
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Chapitre 4 :

Multi-bandes MIMO-OFDM: d�etection am�elior�ee et taux de trans-

mission atteignables avec une estimation imparfaite du can al

Introduction et motivations

Ce chapitre vise �a �etudier un sch�ema it�eratif de d�etect ion et de d�ecodage conjoint dans un

syst�eme de transmission radio pratique, o�u le r�ecepteur ne dispose que de l'estim�eimparfait

(et parfois même de qualit�e tr�es m�ediocre) du vrai canal . Pour obtenir les param�etres du

canal, on adopte une estimationuniquement bas�ee sur l'envoi de quelques symboles pilotes.

Dans ce contexte, l'obtention d'un estim�e pr�ecis du canal, uniquement par l'interm�ediaire des

pilotes, exigerait l'envoi de multiples symboles d'apprentissage, ce qui aura pour cons�equence une

diminution des taux d'information atteignables. Pour pall ier �a ce probl�eme, plutôt que d'adopter

une technique it�erative d'estimation de canal comme au chapitre pr�ec�edant, on propose dans ce

chapitre de modi�er la structure du r�ecepteur a�n de prendr e en compte la pr�esence d'erreurs

sur les estim�es du canal. Nous utilisons pour cela les statistiques de l'erreur d'estimation du

canal. En e�et, ces statistiques sont disponible dans le caso�u on estime le canal par des symboles

pilotes. Nous d�erivons unem�etrique am�elior�ee pour la d�etection ML en moyennant la m�etrique

classique (bas�ee sur une connaissance parfaite du canal) sur les erreurs d'estimation de canal.

Cette approche est une alternative �a une d�etection dite d�esadapt�ee qui remplace le vrai canal

par son estim�e dans la m�etrique de d�etection classique.

Le sc�enario d�ecrit ci-dessus suscite deux questions importantes: i) \Quel r�ecepteur pratique

peut am�eliorer les performances du syst�eme avec une estimation imparfaite du canal ?", ii)

\Quelles sont les limites des taux de transmission �ables associ�es aux d�etecteurs ML en pr�esence

d'erreurs sur les estim�es du canal ?" L'objectif de ce chapitre est d'�etudier ces deux questions

pour les syst�emes MB-OFDM mono- et multi-antennes. Dans unpremier temps, et a�n de

prendre en compte l'incertitude sur le canal, on propose un r�ecepteur it�eratif bas�e sur une

m�etrique ML adapt�ee �a l'estim�e du canal. Nous cherchons ensuite �a calculer les taux atteignables

associ�es aux m�etriques am�elior�ee et d�esadapt�ee en terme de taux de coupure atteignables. Nous

verrons que la m�etrique d�esadapt�ee est largement sous optimale quand un nombre limit�e de

pilotes est d�edi�e �a l'estimation du canal et que des gains consid�erables sont apport�es par la

m�etrique am�elior�ee sans augmentation de la complexit�e du r�ecepteur.

Mod�ele de transmission et estimation de canal

MB-OFDM avec multiplexage spatial : On consid�ere un syst�eme MB-OFDM avec M T

antennes d'�emission, M R antennes de r�eception, M sous porteuses dans chaque sous bande,
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et employant une modulation 16-QAM. Le mod�ele �a temps discret et en bande de base de la

transmission s'�ecrit

yk = H ksk + zk ; k = 0 ; :::; M � 1 (17)

o�u yk est le vecteur des symboles re�cus,sk est le vecteur des symboles transmis avec une

puissanceEs = 1
M T

E[ tr( sksy
k ) ]. Le canal H k est une matrice dont chaque entr�ee H ij est

donn�ee par

H ij (k) =
L � 1X

l=0

� ij (l ) expf� j 2�k � f � l g

o�u � ij (j ) et � l repr�esentent respectivement le gain et le retard dul-i�eme composant multi trajet

de la RI du canal, et � f est la bande fr�equentielle occup�ee par une sous porteuse.Le vecteur

zk est un bruit AWGN avec une matrice de covariance� z;k = E[ zkzy
k ] = � 2

z IM R , k repr�esente

l'index de la sous porteuse.

Estimation de canal : On consacreNP utilisations de canal pour transmettre la s�equence

d'apprentissageSP;k avec une puissance moyenneEP = 1
NP M T

tr
�
SP;kSy

P;k

�
. On estime ensuite

le canal H k au sens du maximum vraisemblance �a partir des observations. Cela conduit �a

bH ML
k = H k + E o�u E est la matrice d'erreur d'estimation. La matrice de covariance de chaque

colonne deE est �egale �a � E = � 2
E IM R . A pr�esent, en choisissant une distribution a priori pour

la matrice H k suivant la loi CN
�
0; IM T 
 � H k

�
et en utilisant le mod�ele lin�eaire ci-dessus pour

l'estim�e bH ML
k , on peut d�eriver la distribution a posteriori du vrai canal sachant son estim�e (voir

l'Appendice B) :

p(H k j bH ML
k ) = CN

�
� � bH ML

k ; IM T 
 � � � E

�
(18)

o�u

� � = � H k

�
� E + � H k

� � 1 = � IM R :

D�etection am�elior�ee avec estimation imparfaite du cana l

Soit f (yk ; sk ; H k ) le crit�ere de d�ecision dans un d�etecteur donn�e. Suivan t le crit�ere de d�ecision,

la fonction f (yk ; sk ; H k ) peut être la loi a posteriori p(sk jyk ; H k), le logarithme de la fonction

de vraisemblanceW (yk jH k ; sk ), ou encore l'erreur quadratique moyenne. Comme le canal

inconnu H k est impliqu�e dans la d�etection, on propose une d�etection bas�ee sur la fonction de

coût suivante:

ef (yk ; sk ; bH k ) =
Z

H k

f (yk ; sk ; H k ) p(H k j bH k ) dH k

= EH k j bH k

�
f (yk ; sk ; H k )

�
� bH k

�
(19)

o�u p(H k j bH k) est la distribution donn�ee par (18).
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Le d�etecteur ML d�esadapt�e : Cette approche sous optimale repose sur une fonction de

vraisemblance dans laquelle on remplace le vrai canal par son estim�e. Cela conduit �a la distance

Euclidienne suivante comme crit�ere de d�etection:

DMM (sk ; yk ; bH k ) = � logW (yk jsk ; bH k) / k yk � bH kskk2: (20)

Le d�etecteur ML am�elior�e : En utilisant l'expression g�en�erale (19), on peut �evalue r la

m�etrique de d�etection am�elior�ee au sens ML comme suit

fW (yk j bH k ; sk ) =
Z

H k 2 CM R � M T

W (yk jH k ; sk ) p(H k j bH k) dH k

= EH k j bH k

h
W (yk jH k ; sk )

�
� bH k

i
: (21)

La distance Euclidienne associ�ee �a la m�etrique am�elior�ee est donn�ee par (voir Appendice B)

DM (sk ; yk ; bH k ) = � log fW(yk j bH k ; sk )

= M R log �
�
� 2

z + � � 2
E kskk2�

+
kyk � � bH k skk2

� 2
z + � � 2

E kskk2 : (22)

D�etection et d�ecodage it�eratif conjoint

A la r�eception, on adopte un sch�ema de d�etection et de d�ecodage it�eratif conjoint compos�e d'un

d�etecteur souple et d'un d�ecodeur SISO. A�n de prendre en compte l'erreur d'estimation du

canal, on propose d'utiliser la m�etrique ML am�elior�ee ci -dessus dans le d�etecteur. Soitdj;m
k le

m-i�eme (m = 1 ; :::; BM T ) bit cod�e et entrelac�e du vecteur sk , transmis �a partir de l'antenne

d'�emission j et sur la sous porteuse d'indicek. Soit S l'ensemble de tous les symboles transmis

possiblessk . On partitionne S en deux sous ensemblesSm
0 et Sm

1 , pour lesquels lem-i�eme

bit de sk vaut respectivement \0" ou \1". On d�enote par L (dj;m
k ) le logarithme du rapport de

vraisemblance (LRV) du bit dj;m
k en sortie du d�etecteur.

Le LRV du d�etecteur propos�e est donn�e par

L (dj;m
k ) = log

P

sk 2 S m
1

e�D M (sk ; y k ; bH k )
BQ

n =1
n6= m

P1
dec

�
dj;n

k

�

P

sk 2 S m
0

e�D M (sk ; y k ; bH k )
BQ

n =1
n6= m

P0
dec

�
dj;n

k

�
; (23)

o�u P1
dec(d

j;n
k ) et P0

dec(d
j;n
k ) sont les probabilit�es a priori fournies par le d�ecodeur SISO.



xxix

Taux de transmission atteignables associ�es �a la m�etriqu e ML am�elior�ee

Taux atteignables instantan�es : En utilisant des outils de la th�eorie d'information, les ta ux

atteignables CM associ�es �a la m�etrique DM (22) sont donn�es par

CM (H ; bH ) =
1

M

M � 1X

k=0

log2 det

8
<

:
IM R +

�P� opt ;k � y
opt ;k

� 2
k

�
� opt

M ;k

�

9
=

;
(24)

o�u H k = U k diag(� k )V y
k ; nous d�e�nissons eH y

k = V y bH y
kU et le vecteur ehk = diag( eH y

k) resultant

de sa diagonale.

La solution optimale est:

� opt ;k = U k diag
�

� opt
M ;k

�
V y

k

avec � 2
k

�
� opt

M ;k

�
=

�P
M R

�
k� kk2 � k � opt

M ;k
k2

�
+ � 2

z et

� opt
M ;k

=

8
>><

>>:

 p
bM ;k

kehkk
� j aM j

!

ehk si bM ;k � 0

0 sinon

(25)

o�u aM et bM ;k sont des constantes d�e�nies dans le chapitre 4.

Taux de coupure moyennes : La notion de taux de coupure ou outage rates est plus

appropri�ee dans les sc�enarios o�u le canal reste invariant sur toute la dur�ee de la transmission,

ce qui est le cas en MB-OFDM. Pour un taux de coupureR et une r�ealisation du canal H , nous

utilisons la distribution (18) pour d�e�nir la probabilit� e de coupure (outage probability) comme

Pout
M

(R; bH ) =
Z

f H 2 � M (R; bH )g
p(H j bH ) dH ; (26)

avec l'ensemble �M (R; bH ) =
�

H 2 CMM R � MM T : CM (H ; bH ) < R
	

o�u la matrice bloc diago-

nale H est donn�ee par

H = diag
�

�
H 0 H 1 � � � H M � 1

�
�

:

Les taux de coupure pour une probabilit�e de coupure
 sont donn�es par

Cout
M

(
; bH ) = sup
R

�
R � 0 : Pout

M
(R; bH ) � 


	
: (27)

Comme les taux de coupure donn�es par (27) d�ependent de l'estim�e bH , on moyenne les taux de

coupure sur les estim�es du canal:

C
out

M
(
 ) = E bH

�
Cout

M
(
; bH )

�
: (28)

En suivant une d�emarche similaire �a ce qui a �et�e pr�esent �e ci-dessus, nous pouvons calculer les

taux de coupures moyennes associ�es au d�etecteur ML d�esadapt�e (20).
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Conclusion

En utilisant les statistiques de l'erreur d'estimation de canal, nous avons propos�e une nouvelle

approche pour concevoir des d�etecteurs prenant en compte les impr�ecisions d'estimation. Dans

le cas d'une d�etection au sens du maximum de vraisemblance,notre approche conduit �a une

m�etrique am�elior�ee que nous avons utilis�e dans la formu lation d'un d�etecteur MAP it�eratif. De

plus, nous avons calcul�e les taux de coupure atteignables associ�es aux m�etriques ML am�elior�ees

et d�esadapt�ees. Nos r�esultats de simulation ont montr�e s que l'approche d�esadapt�ee est largement

sous optimale en terme de taux d'erreurs binaires et de taux de coupure atteignables surtout

quand la s�equence d'apprentissage du canal est courte. Ilsont aussi con�rm�e le fait que le

d�etecteur am�elior�e est plus adapt�e �a la pr�esence d'er reurs d'estimation de canal. Notons que

le gain de performance du d�etecteur propos�e a �et�e obtenu sans n�ecessiter l'augmentation de la

complexit�e du r�ecepteur.
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Chapitre 5 :

D�etection it�erative �a complexit�e r�eduite prenant en c ompte les

erreurs d'estimation de canal

Introduction et motivations

Au chapitre pr�ec�edent, nous avons propos�e un r�ecepteur it�eratif bas�e sur une d�etection am�elior�ee

au sens du MAP. Bien que la d�etection MAP soit connue pour être la meilleure strat�egie

pour minimiser le taux d'erreur binaire, elle pr�esente toutefois une complexit�e calculatoire qui

s'accrô�t avec le nombre de bits transmis �a chaque utilisation du canal (i.e., avec le nombre

d'antennes en r�eception et la taille de la constellation). Par cons�equent, il est d'un grand in-

t�erêt pratique de consid�erer des d�etecteurs �a faible c omplexit�e pouvant fournir des performances

proche de la solution optimale.

Les solutions �a complexit�es r�eduites propos�ees dans lalitt�erature se divisent en deux cat�e-

gories. La premi�ere cat�egorie regroupe les solutions quireposent sur une marginalisation par-

tielle (i.e., sur un ensemble r�eduit) plutôt que sur une marginalisation compl�ete sur l'ensemble

de tous les vecteurs possibles. Dans cette cat�egorie on peut nommer le d�ecodage par sph�eres et

les techniques de relaxation semi d�e�nies [12{14] ou encore le d�ecodage par liste [15, 16]. Les

solutions de la deuxi�eme cat�egorie sont bas�ees sur des techniques de �ltrages lin�eaires.

Dans ce travail, on consid�ere une approche bas�ee sur un �ltrage lin�eaire MMSE et une

annulation parall�ele d'interf�erence �a entr�ees souple s (soft-PIC). Cette approche a �et�e propos�ee

pour la premi�ere fois par Wang et Poor [17] pour les syst�emes CDMA multi utilisateurs et a

par la suite �et�e appliqu�ee et �etendue par Tuchler [18], D ejonghe et Vandendorpe [19,20] dans le

contexte de l'�egalisation it�erative. En consid�erant le multiplexage spatial, Sellathurai et Haykin

ont propos�e une r�eception it�erative bas�ee sur le �ltrag e MMSE et soft-PIC [21]. Cependant,

la majeure partie des travaux ont consid�er�e une parfaite connaissance du canal au r�ecepteur.

L'objectif de notre travail est de proposer un d�etecteur MM SE pour les syst�emes MIMO, qui soit

robuste aux incertitudes sur le canal, dues �a une estimation bas�ee uniquement sur les pilotes.

Pour cela, on adopte le même cadre probabiliste introduit au chapitre pr�ec�edant pour calculer la

m�etrique ML am�elior�ee. Nous d�erivons un r�ecepteur �a c omplexit�e r�eduite qui prend en compte

les erreurs d'estimation de canal dans la formulation du �ltre MMSE mais aussi au niveau de

l'annulation des interf�erences. Une m�ethode simpli��ee pour calculer les coe�cients du �ltre

MMSE est aussi pr�esent�ee. Nous montrons �nalement plusieurs sc�enarios de simulation dans

le cas du multiplexage spatial et les codes espace-temps. Nous observons que dans le cas des

codes espace-temps, le r�ecepteur est tr�es sensible aux imperfections sur les estim�es du canal.
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Mod�ele de transmission et estimation de canal

Canal MIMO : On consid�ere une transmission �a antennes multiples avecM T antennes

d'�emission et M R antennes de r�eception �a travers un canal non s�electif en fr�equence. La s�equence

binaire est cod�ee par un code convolutif avant d'̂etre entrelac�ee de mani�ere pseudo-al�eatoire.

Ensuite, la s�equence cod�ee est transform�ee en symboles QPSK ou 16-QAM qui sont envoy�es vers

un encodeur espace-temps. Dans ce qui suit, on consid�ere lemultiplexage spatial. La g�en�erali-

sation au cas des codes espace-temps est pr�esent�ee dans l'Appendice D. On suppose une trame

de symboles correspondant �aL utilisations de canal, transmis �a travers un canal repr�esent�e par

la matrice H de taille (M R � M T ). Le vecteur de symboles re�cusyk est donn�e par la relation

yk = H sk + zk k = 1 ; :::; L; (29)

o�u sk repr�esente le vecteur de taille (M T � 1) des symboles transmis avec une puissanceEs =
1

M T
E[ tr( sksy

k ) ]. On suppose que le canal est distribu�e selon la loiH � CN (0; IM T 
 � H ) avec

� H = � 2
h IM R . Le vecteur zk est un bruit AWGN avec une matrice de covariance� z = � 2

z IM R .

De plus, on consid�ere un canal avec des �evanouissements par bloc, o�u �a chaque trame correspond

Nc blocs d'�evanouissement ind�ependants.

Estimation de canal : Pour estimer le canal correspondant �a chaque bloc d'�evanouissement,

on envoieNP symboles pilotes en plus des donn�ees. Dans ce cas, en supposant des s�equences

d'apprentissage orthogonales, l'estim�e au sens du maximum vraisemblance du canal conduit �a

bH ML = H + E. Cette estimation peut être caract�eris�ee par la loi a posteriori suivante (voir

Appendice B):

p(H j bH ML ) = CN
�

� bH ML ; IM T 
 �� 2
E IM R

�
: (30)

Formulation g�en�erale du d�etecteur soft-PIC

Dans cette approche, a�n de d�etecter le symbole correspondant �a une antenne donn�ee, on

utilise les informations souples fournies par un d�ecodeurSISO pour annuler (en r�ealit�e r�eduire)

l'interf�erence caus�ee par les signaux des autres antennes. Ensuite, un �ltre MMSE est appliqu�e

a�n d'annuler les interf�erences r�esiduelles. Notons quecette approche di��ere d'un �ltrage MMSE

classique dans la mesure o�u le �ltre MMSE est �evalu�e en moyennant �a la fois sur la distribution

du bruit et sur celle des symboles d'information.

Soit sk = [ s1
k ; :::; sM T

k ]T le vecteur des symboles transmis �a l'instant k. Int�eressons nous �a la

d�etection du i -i�eme symbole si
k . Pour ce faire, on commence par �evaluer la moyenne et la
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variance des symbolessj
k pour tout j 6= i �a partir du d�ecodeur :

ŝj
k = E

�
sj

k

�
=

2BX

j =1

sj
k P[sj

k ]

� 2
sj

k
= E

�
jsj

k j2
�

=
2BX

j =1

jsj
k j2 P[sj

k ] (31)

o�u P[sj
k ] est la probabilit�e que sj

k soit transmis qui est fournie par le d�ecodeur.

On introduit les d�e�nitions suivantes. H i et bH i sont des matrices (M R � M T � 1) form�ees �a

partir de H et bH en supprimant leurs i -i�eme colonne, �a savoir h i et bh i , respectivement. On

d�e�nit aussi les vecteurs si
k et ŝi

k de tailles ((M T � 1) � 1) comme suit :

si
k ,

�
s1

k ; s2
k ; :::; si � 1

k ; si +1
k ; :::; sM T

k

� T

et

ŝi
k ,

�
ŝ1

k ; ŝ2
k ; :::; ŝi � 1

k ; ŝi +1
k ; :::; ŝM T

k

� T :

A pr�esent, l'annulation d'interf�erence pour d�etecter si
k s'�ecrit

y i
k

= yk � bH i ŝi
k

= h i si
k + H i si

k � bH i ŝi
k + zk ; pour i = 1 ; :::; M T : (32)

Comme en pratique ŝj
k est di��erent de sj

k , il existe une interf�erence r�esiduelle dans y i
k
. Pour

r�eduire cette interf�erence, un �ltre MMSE w i
k est appliqu�e sur y i

k
:

r i
k = w i

k y i
k

(33)

o�u le vecteur de taille (1 � M R ) w i
k est donn�e par

w i
k = arg min

w i
k 2 C1� M R

Esk ;zk

h�
�si

k � w i
k y i

k

�
�2

i
: (34)

Avant de passer �a travers le d�ecodeur, la sortie du �ltre MM SE (33) doit être convertit en LRV.

Cela sera pr�esent�e un peu plus loin dans le cas du d�etecteur soft-PIC am�elior�e.

D�etection soft-PIC am�elior�ee avec estimation imparfai te du canal

Il est clair �a partir des �equations (32) et (34) que la connaissance du canalH est n�ecessaire

pour les parties annulation d'interf�erence et �ltrage MMS E. Une approche sous optimale et

d�esadapt�ee (au canal) consiste �a utiliser l'estim�e bH au lieu du vrai canal H . Dans ce travail, en

utilisant la loi a posteriori (30), on apporte deux modi�cations au d�etecteur pr�esent�e ci-dessus.
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La premi�ere modi�cation concerne le calcul du �ltre w i
k dans (34). On propose un �ltre modi��e

ew i
k calcul�e selon le crit�ere suivant

ew i
k = arg min

ew i
k 2 C1� M R

EH ;sk ;zk

� �
�sk(i ) � ew i

k y i
k

�
�2

�
�
�
�
bH

�

= arg min
ew 2 C1� M R

EH j bH

�
Esk ;zk

h�
�si

k � ew i
k y i

k

�
�2

i �
: (35)

En utilisant le principe d'orthogonalit�e, on obtient (voi r Appendice D)

ew i
k = R si

k y i
k
R

� 1
y i

k
(36)

o�u

R si
k y i

k
= � � 2

si
k

bhy
i + ( � � 1) m k;i bH

y
i (37)

et

R y i
k

= � 2� 2
si

k

bh i bh
y
i + � 2 bH i � k;i

bH
y
i + ( � 2 � � ) bh i m k;i H y

i + ( � 2 � � ) bH i m y
k;i

bhy
i

+ (1 � 2� ) bH i
e� k;i bH

y
i +

�
� 2

z + (1 � � ) � 2
si

k
+ (1 � � ) tr( � k;i )

�
IM R : (38)

La deuxi�eme modi�cation concerne la partie annulation d'i nterf�erence. En e�et, au lieu d'utiliser

l'�equation (32), on propose d'appliquer le �ltre ew i
k a un signal modi��e ey

k
(i ) qui est donn�e par

ey
k
(i ) = eh i si

k + eH i si
k � bH i ŝi

k + zk ; (39)

o�u

eH i = EH i j bH i
[H i ] = � bH i et eh i = Eh i j bh i

[h i ] = � bh i :

A pr�esent, on applique le �ltre ew i
k au signal ey

k
(i ), ce qui nous conduit �a

er i
k = ew i

k ey
k
(i ) = � ew i

k
bh i| {z }

� k;i

si
k + � ew i

k
bH i si

k � ew i
k

bH i ŝi
k + ew i

k zk| {z }
� k;i

(40)

o�u � k;i est l'interf�erence plus le bruit qui a�ecte la sortie du �lt re MMSE er i
k .

L'�equation (40) peut être consid�er�ee comme la sortie d' un canal AWGN ayant pour entr�ee le

symbolesi
k , c'est �a dire

er i
k = � k;i si

k + � k;i (41)

o�u � k;i et � k;i sont calcul�es �a chaque instant k �a partir des statistiques que le d�ecodeur SISO

fournit sur les symboles. La d�erivation exacte de la variance � 2
� k;i

de � k;i , est pr�esent�ee dans

l'Appendice D.
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Calcul des LRV : En utilisant l'�equation (41), on peut calculer les LRV corr espondant aux

bits qui composent le symbole d'int�erêt si
k . Ces LRV seront utilis�es par le d�ecodeur SISO dans

un traitement it�eratif de d�etection et de d�ecodage conjo int. Par exemple pour le m-i�eme bit

di;m
k , on a

L(di;m
k ) = log

Pdem
�

di;m
k = 1 j er i

k ; � k;i
�

Pdem
�

di;m
k = 0 j er i

k ; � k;i
�

= log

P

si
k 2S m

1

exp
�

� jer i
k � � k;i si

k j2

� 2
� k;i

�
BQ

n =1
n6= m

P1
dec(d

i;n
k )

P

si
k 2S m

0

exp
�

� jer i
k � � k;i si

k j2

� 2
� k;i

�
BQ

n =1
n6= m

P0
dec(d

i;n
k )

: (42)

Notons �nalement qu'�a l'inverse d'un d�etecteur MAP pour l equel les ensemblesSm
1 et Sm

0 dans

(23) ont chacun 2M T B � 1 �el�ements, la cardinalit�e des ensembles Sm
1 et Sm

0 est �a pr�esent �egale �a

2B � 1, ce qui r�eduit �enorm�ement la complexit�e du d�etecteur s oft-PIC par rapport �a un d�etecteur

MAP.

Conclusion

Dans ce chapitre, nous avons propos�e un d�etecteur it�eratif am�elior�e et �a complexit�e r�eduite qui

est bas�e sur l'association d'une annulation parall�ele d'interf�erences �a entr�ees souples (soft-PIC)

et d'un �ltrage MMSE. En utilisant une fois de plus les statis tiques de l'erreur d'estimation de

canal, nous avons apport�e des modi�cations au d�etecteur soft-PIC a�n pour prendre en compte

l'estimation imparfaite du canal dans la calcul du �ltre MMS E et dans la partie annulation

d'interf�erences. Nos r�esultas ont montr�e que le d�etect eur propos�e pr�esente de meilleures perfor-

mances en terme de taux d'erreur binaire qu'un d�etecteur soft-PIC qui remplace le vrai canal

par son estim�e. Dans le cas des codes espace-temps, nous avons observ�e que r�ecepteur est plus

sensible au erreurs d'estimation et que le d�etecteur propos�e o�re des gains plus importants.
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Abstract

The aim of this thesis is to study the problem of iterative data detection in a realistic wireless

communication system, where the receiver disposes only of an imperfect (and possibly poor)

estimate of the unknown channel parameters. The application scenarios on which we focus are

single- and multi-antenna OFDM systems working over ultra wideband (UWB) channels. First ,

we propose an e�cient receiver jointly estimating the channel and the transmitted symbols

in an iterative manner. This receiver is based on awavelet representation of the unknown

channel and exploits the sparsness property of UWB channelsin the wavelet domain to reduce

the receiver's computational complexity. Second , we rely on the statistics characterizing the

quality of the channel estimation as a mean to integrate the imperfect channel knowledge into

the design of iterative receivers. In this way, we formulatean improved maximum likelihood

(ML) detection metric taking into account the presence of channel estimation errors. We propose

a modi�ed iterative detector based on maximum a posteriori (MAP) which mitigates the e�ect

of channel uncertainty on the detector performance, by an appropriate use of this metric. The

results are compared to those obtained by using a classical detector based on amismatchedML

metric, which uses the channel estimate as if it was the perfect channel. The in
uence of the

constellation labeling is also experimentally studied. Furthermore, we calculate the achieved

throughputs associated to both improved and mismatched ML detectors, in terms of maximal

achievable outage rates. Our results may serve to evaluate the trade-o� between the required

quality of service (in terms of BER and achieved throughputs) and the system parameters (e.g.,

power allocated to pilot and data symbols, number of pilots per frame, number of decoding

iterations, outage probability) in the presence of channelestimation errors. Finally , we propose

an improved low-complexity iterative detector based on soft parallel interference cancellation

and linear minimum mean-square error (MMSE) �ltering. This receiver takes into account the

presence of channel estimation errors in the formulation ofthe linear MMSE �lter, as well as in

the interference cancellation part. The important point is that the performance improvements

reported in this thesis are obtained while imposing practically no additional complexity to the

receiver.

Index Terms { UWB channels, OFDM, MIMO, wavelet based channel estimation, channel

estimation errors, mismatched detection, improved iterative detection, achievable outage rates.
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Chapter 1

General Introduction

Novel wireless communication and multimedia services are being introduced almost daily and

the demand for higher data rates and higher quality connectivity continue to grow. Cellular

telephony and wireless networking are currently the most obvious signs of the success of wireless

communications. This spectacular progress is to a great extent due to continuous progress in

electronic and micro-electronic technology. Such advances have also been fostered by major

theoretical developments. The synergy between componentsand signal processing techniques

is considered to be the main cornerstone of modern communication systems.

There are actually two theoretical discoveries that have had a considerable impact on com-

munication systems. The �rst one occurred in 1948 where Claude E. Shannon established the

fundamental limits on the transmission rates in digital communication systems and motivated

the search for coding techniques to approach the capacity limit [27]. In the second landmark

development, Claude Berrouet al. invented turbo error control coding by which the gap between

the Shannon's capacity limit and practically feasible channel utilization is almost closed [28].

The key challenge faced by the emerging fourth-generation (4G) wireless systems is to

provide broadband access with high data rates at guaranteedquality of service (QoS) for each

user, even with very hostile channel environments. For reaching this goal, the use of multiple

antennas has been shown to constitute an e�cient mean ifperfectknowledge of the instantaneous

channel fading is available at both ends of the wireless link. With the advent of multiple antenna

(MIMO) techniques, several original schemes have been devised over the past decade that bene�t

particularly well from the added spatial dimension provided by multiple antennas: antenna

subset selection and space-time coding [29] increase the reliability of a wireless link, while

spatial multiplexing [30] and its corresponding demultiplexing and detection algorithms [31]

achieve high spectral e�ciencies. As higher bit rates involve wideband communications, wireless

channels become usually frequency selective. Multicarrier modulation realized by orthogonal
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frequency-division multiplexing (OFDM) is well suited for such broadband applications [32].

Recently, MIMO wireless transmission in combination with OFDM (MIMO-OFDM) has been

proposed as an attractive solution for the future generation of wireless communication systems

[33].

It is well known that reliable coherent data detection is not possible unless an accurate

channel estimate is available at the receiver. Although perfect channel knowledge rarely happens

in practical wireless systems, a large part of research activity on MIMO and OFDM systems

has been carried out under the assumption of perfect channelestimate available at both the

transmitter and receiver sides. In order to obtain the channel state information at the receiver

(CSIR), a commonly-used approach consists in sending some known training symbols (also

called pilots) from the transmitter, based on which the receiver estimates the channel before

proceeding to the detection of data symbols. Obviously, dueto the �nite number of pilot symbols

and noise, in practice, the receiver can only obtain animperfect (and possibly very poor) estimate

of the channel. In \closed-loop" systems, this imperfect channel estimate is usually sent to the

transmitter via a limited bandwidth feedback channel which degrades further the quality of

the channel estimate. In this situation, one may resort to di�erential modulations [34{36] that

do not require channel estimation and rely on fully incoherent detection procedures. However,

performance loss of about 3 dB is paid by these incoherent systems.

In the described scenario, when we compare the well established results concerning the

potential capacities and the optimal decoding performance of wireless systems with theirachieved

throughputs and decoding performance in the presence of channel estimation errors, we notice

large gaps. This e�ect arises naturally when, due to imperfect channel estimation, the receiver

performs signal detection based on maximum likelihood (ML)by using a wrong channel law,

or when the receiver is intentionally designed to perform a suboptimal decoding rule so as to

simplify its implementation. As incoherent schemes degrade the detection performance and

perfect channel estimation is an utopia for most wireless links, recent e�orts tried to exploit

partial CSIR informations for signal detection. In this regard, the impact of imperfect channel

knowledge on the receiver performance and the design of improved transceiver structures, that

take into account the e�ect of channel estimation errors, are of considerable relevance to be

investigated, from both a theoretical and a practical point of view.

For a MIMO system using pilot-based channel estimation, Garg et al. showed in [37]

that for compensating the performance degradation due to imperfect channel estimation, the

number of receive antennas should be increased. Obviously,this may not be always possible in

practice. In [38], Taricco and Biglieri investigated the e� ect that imperfect channel estimation

has on space-time decoding and showed that the classical ML detector derived for the case
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of perfect CSIR, becomes largely suboptimal in the presenceof channel estimation errors. As

an alternative, they adopted an improved ML detection metric that mitigates the impact of

imperfect CSIR. A similar investigation was carried out in [39] for trellis-coded modulations

in scalar channels. From an information-theoretic point of view, Medard derived in [40] an

inner and outer bound of the capacity for AWGN channels by considering MMSE channel

estimation at the receiver and no channel information at the transmitter. In [41], Yoo and

Goldsmith extended the results of Medard to MIMO fading channels by assuming perfect a

feedback between the receiver and transmitter. Similar investigations was carried out in [42] by

Hassibi and Hochwald for block-fading MIMO channels estimated by training sequences.

In this thesis, we are particularly interested to iterative detection techniques. In fact, since

1993, the concept of turbo decoding introduced by Berrou hasbeen successfully extended to

turbo detection [43], turbo equalization [19] and turbo channel estimation [6] for both single-

and multi-antenna OFDM systems. Actually, the optimal dete ction strategy when channel cod-

ing is used consists in jointly detecting the data symbols and decoding the encoded data in the

maximum a posteriori (MAP) sense, however, this scheme su�ers from a prohibitivecomputa-

tional complexity. By adopting turbo detection, the receiver is splitted into a \soft" detector

(also called demapper) and a soft-input soft-output (SISO)channel decoder. This scheme ap-

proximates joint detection by exchanging estimates of the likelihood of each information bit in

the message between the processing elements through several iterations. However, in order to

provide reliable informations for the SISO decoder, the soft detector requires a perfect knowl-

edge (or a very accurate estimate of it) of the channel parameters. Obtaining such an accurate

estimate in wireless channels through the use of pilots, would require inserting too many train-

ing symbols per frame, which can result in a considerable reduction of the system throughput

due to the pilot overhead. Hence, it is of great interest to develop new reception schemes being

able to provide the desired performance without excessive increase in the number of training

symbols. This requirement will constitutes our roadmap throughout this thesis.

The objective of this thesis is to propose improved iterative detection schemes for both

single- and multi-antenna OFDM systems in the presence of channel estimation errors. More

precisely, we study the problem of signal detection in a practical wireless communication system,

where the receiver has only access to a noisy estimate of the channel and no information about

the channel is available at the transmitter. Particular att ention is devoted throughout this

thesis to the design of low-complexity receivers taking into account the presence of channel

estimation errors. The application scenario on which we focus is multiband OFDM (MB-

OFDM), proposed for IEEE802.15 wireless personal area networks (WPANs) based on ultra

wideband (UWB) transmission. In fact, MB-OFDM is no more tha n a conventional OFDM
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system combined with bit interleaved coded modulation (BICM) [44] for error prevention and

a frequency hopping technique for improved diversity and multiple access [4].

As a �rst solution to mitigate the impact of channel estimati on errors on the decoding

performance, we consider a semi-blind method based on the Expectation-Maximization (EM)

algorithm. In this scheme, a coarse estimate of the channel is �rst obtained based on few pilots

and then, improved channel estimates are obtained by integrating the estimation of the channel

into the iterative process of data detection. Soft information from the iterative decoder is used

to improve channel estimates after each iteration. Though it has been shown that such iterative

joint channel estimation and data detection schemes outperform receivers using pilot-only based

channel estimation, they have higher complexities that maybe of a critical concern for their

practical implementation [5,9]. This complexity is signi� cantly reduced in our proposed scheme

by expressing the unknown channel in terms of its discrete wavelet series, which has been shown

to provide a parsimonious representation [45].

As a second solution to deal with channel uncertainty, we consider a pilot-only based chan-

nel estimation and we rely on the statistics characterizingthe quality of the channel estimation

process to reduce the number of required pilot symbols. Actually, an interesting feature of

pilot assisted channel estimation techniques is the availability of the channel estimation error

distribution. In our work, we consider the pdf of the perfect channel conditioned on its estimate

as a measure of the channel estimation accuracy. This pdf provides us with a statistical frame-

work which we exploit for the design of improved iterative detectors under imperfect channel

estimation. In addition to studying the error rate performa nce, the maximal information rates

that can be achieved by practical detectors under imperfectchannel estimation are also studied

and compared with the rates provided by the best possible decoder in the presence of channel

estimation errors. Actually, most of the research activity concerning imperfect CSIR is focused

on performance analysis in terms of bit error rate (BER). However, our results may serve for

selecting the parameters of a wireless communication system (e.g., training sequence length,

training power, transmission power, outage probability, etc.) where a prescribed QoS, in terms

of achievable rate and BER, must be guaranteed even under imperfect channel estimation.

Although the turbo detection scheme based on MAP leads to an excellent error rate perfor-

mance, its complexity increases exponentially with the number of bits transmitted per channel-

use (i.e., the number of bits per symbol in the signal constellation and the number of transmit

antennas). Thus, there is a great interest in the development of reduced-complexity detectors for

MIMO systems, especially. Towards this end, by using the same statistical framework described

above, we propose a low-complexity turbo detector based on soft interference cancellation able

to cope with imperfect channel estimation.
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The main questions motivating our research can be summarized as follows.

1. How can the wavelet domain representation of UWB channelsbe exploited to reduce the

complexity and to enhance the performance of a joint iterative channel estimation and

data detection scheme ? (treated in Chapter 3)

2. How to design an improved turbo detection scheme that takes into account the presence

of channel estimation errors ? (treated in Chapter 4)

3. How does the uncertainty about the channel a�ect the performance in terms of reliable

information rates and bit error rate in single- and multi-an tenna OFDM systems ? (treated

in Chapter 4)

4. How to reduce the impact of channel uncertainty on the receiver performance for a low-

complexity interference cancelling-based iterative receiver ? (treated in Chapter 5)

In the following, we give an overview on how these questions have been addressed in this thesis.

Thesis Overview and Contributions

This dissertation is organized in six chapters. Notice that although our application scenario

is a MB-OFDM system working over a UWB channel, the ideas and principles described in

this thesis are applicable to conventional OFDM systems as well. Furthermore, our results

concerning multiband MIMO-OFDM systems are also transposable to narrowband single-carrier

MIMO systems by setting the number of subcarriers to one.

In Chapter 2 , we present a state of the art of the UWB technology along withdi�erent

modulation and detection techniques proposed for UWB systems. The �rst part of this chapter

provides an historical overview of UWB, the key bene�ts and applications of UWB for wireless

transmission as well as some UWB regulatory issues. Next, wepresent the traditional UWB

modulation schemes (called single band modulations). Then, we present the multiband UWB

modulation scheme followed by a detailed survey of MB-OFDM systems. We �nally perform

some simulations to show the sub-optimality of the basic receiver proposed for MB-OFDM

systems in [4] and this motivates the contribution of the subsequent chapters.

In Chapter 3 , we �rst review the major channel estimation techniques advocated in the

literature for OFDM systems. Next, we speci�cally turn our a ttention to semi-blind methods

based on the EM algorithm. After an overview of the EM algorithm principle, we introduce an

EM based semi-blind joint channel estimation and data detection scheme, where the channel is

represented in the wavelet domain. Aprior distribution is chosen for the wavelet coe�cients of

the unknown channel impulse response in order to model the sparseness property of the wavelet
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representation. This prior yields, in the maximum a posteriori sense, a thresholding rule within

the EM algorithm. We particularly focus on reducing the number of estimated parameters by

iteratively discarding \insigni�cant" wavelet coe�cient s from the estimation process. Finally,

the combination of the channel estimation with the decodingoperation is discussed, as well as

some implementation issues.

In Chapter 4 , under the assumption of imperfect channel estimation provided by pilot

symbols, we propose an improved turbo-MAP detector for bothsingle- and multi-antenna MB-

OFDM systems. We start by reviewing the major contributions investigating the impact of

imperfect channel estimation on the performance of communication systems employing multi-

ple antennas. Then, by adopting a Bayesian approach involving the statistics of the channel

estimation errors, we formulate animproved ML detection metric under imperfect channel esti-

mation. First, we use this metric to propose a modi�ed turbo-MAP detector which reduces the

impact of channel uncertainty on the decoder performance. For comparison, we also consider a

detector based on a sub-optimalmismatchedML metric, which uses the channel estimate in the

same way as if it was the perfect channel. Second, by using thetools of information theory, we

derive the expression of information rates achieved by the improved and mismatched ML de-

tectors, in terms of maximal achievable outage rates. Theseoutage rates are compared to those

provided by a theoretical (but not practical) decoder. Numerical results conducted over realistic

UWB channels show that the proposed approach provides signi�cant gains in terms of bit error

rate and achievable outage rates, compared to the classically-used mismatched approach, with

practically no additional increase in the receiver complexity.

Chapter 5 is devoted to a low-complexity turbo receiver based on interference cancellation

according to the MMSE criterion. We derive an improved soft parallel interference cancellation

(soft-PIC) detector that mitigates the impact of channel un certainty on the detection perfor-

mance. A comparison with the optimum turbo-MAP receiver is also provided. The formulation

of the improved soft-PIC detector under channel estimation errors is derived for the simple

case of V-BLAST scheme. We also provide its generalization to the case of an arbitrary space-

time coded MIMO system. Finally, we examine the performancegain that may be achieved

with respect to suboptimal soft-PIC detectors for the case of V-BLAST as well as for full-rate

full-diversity space-time codes.

Finally in Chapter 6 , we summarize this thesis and give some concluding remarks as well

as suggestions for future research directions.



Chapter 2

Ultra Wideband Modulation and

Detection Schemes

2.1 Introduction to Ultra Wideband

2.1.1 Historical Overview

Although, often considered as a recent technology in wireless communications, ultra wideband

(UWB) has actually experienced over 40 years of technological developments. In fact, UWB has

its origin in the spark-gap transmission design of Marconi and Hertz in the late 1890s [46]. In

other words, the �rst wireless communication system was based on UWB. Owing to technical

limitations, narrowband communications were prefered to UWB. In the past 20 years, UWB

was used for applications such as radar, sensing, military communication and localization. A

substantial change occurred in February 2002, when the Federal Communication Commission

(FCC) issued a report [47] allowing the commercial and unlicensed deployment of UWB with a

given spectral mask for both indoor and outdoor applications in the USA. This wide frequency

allocation initiated a lot of research activities from both industry and academia. In recent years,

UWB technology has mostly focused on consumer electronics and wireless communications.

2.1.2 UWB De�nition

When UWB technology was proposed for commercial applications, there was no de�nition for

a UWB signal. The �rst de�nition for a UWB signal was based on t he fractional bandwidth

B f; 3dB of the signal. The fractional bandwidth is de�ned as [48]

B f; 3dB = 2
f H � f L

f H + f L
; (2.1)
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Figure 2.1: Comparison of the spectrum allocation for di�erent wireless radio systems.

where f L and f H are respectively the lower and the higher� 3 dB point in a spectrum. In this

�rst de�nition, a signal can be classi�ed as a UWB signal if B f; 3dB is greater than 25 %. In

2002, the FCC approved that any signal having a� 10 dB fractional bandwidth larger than 20

%, or a signal bandwidth greater than 500 MHz is considered asUWB. These regulatory rules

also specify indoor and outdoor spectral masks, which restrict transmission powers of UWB

devices in order to minimize the interference with other narrowband technologies operating in

the same frequency band. Figure 2.1 presents a comparative illustration of the UWB spectrum

occupation and other existing narrowband systems.

2.1.3 Key Bene�ts of UWB

UWB has a number of advantages that makes it attractive for consumer communication appli-

cations. In particular, UWB systems [49]

� provide high data rates

� have very good time domain resolution allowing for ranging and communication at the

same time

� have immunity to multipath and interference

� have potentially low complexity and low equipment cost.
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The high rates are perhaps the most compelling aspect from a user's point of view and also

from a commercial manufacturer's position. With UWB, trans mission rates of over 100 Mbps

have been demonstrated, and the potential for higher data rates over short distances is there.

The high data rate capability of UWB can be best understood by examining the Shannon's

famous capacity equation:

C = W log2

�
1 +

S
N

�
; (2.2)

where C is the channel capacity in bits/second, W is the channel bandwidth in Hz, S is the

signal power andN is the noise power. This equation tells us that the capacity of a channel

grows linearly with the bandwidth W , but only logarithmically with the signal power S. Since

the UWB channel has an abundance of bandwidth, it can trade some of the bandwidth against

reduced signal power and interference from other sources. Thus, from Shannon's equation we

can see that UWB systems have a great potential for high capacity wireless communications.

Thanks to their very large bandwidth, UWB signals have a very high temporal resolution,

typically in the order of a nanosecond (ns). Being able to measure the delay of a transmitted

signal with a precision of 0.1 to 1 ns, UWB systems provide some information about the position

of the transmitter with a precision of 3 to 30 cm. Thus, it is possible to have both precise ranging

and high speed data communication in the same wireless terminal providing the possibility for

new devices and applications.

The low complexity and low cost of single band UWB systems arises from the ability of

UWB systems to directly modulate a pulse onto an antenna. Unlike conventional radio systems,

the UWB transmitter produces a very short duration pulse, which is able to propagate without

the need for an additional radio frequency (RF) mixing stage. The very wideband nature of

the UWB signal means that it spans frequencies commonly usedas carrier frequencies. Thus,

the signal will propagate well without the need for additional up-conversion and ampli�cation

stages.

In single band UWB modulation (described in Section 2.2), the short duration of trans-

mitted pulses provides a �ne resolution of re
ected pulses at the receiver. In multiband UWB

(described in Section 2.4), the spectral 
exibility provid es robustness against interference by

turning-o� the interfering frequency bands.

2.1.4 UWB Applications

In recent years, an increasing request appeared for high speed wireless connectivity between a

host (e.g., a PC) and associated peripherals such as wireless modem, camcorder, video palayer

and so on. This increasing need led to the development of manystandards for wireless commu-

nication systems over short distances. One can quote Bluetooth, the family of WiFi standards
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Figure 2.2: Maximal range and data rate of principal WLAN/WPAN standard s.

(IEEE802.11), Zigbee (IEEE802.15.4) and the recent standard 802.15.3, which are used for

wireless local area networks (WLAN) and wireless personal area networks (WPAN). However,

most of these technologies use the ISM and UNII bands with maximum bandwidths about 10

MHz.

An UWB link functions as a \cable replacement" with data rate requirement that ranges

from 100 Kbps for a wireless mouse to several hundreds of Mbpsfor rapid �le sharing or

download of video �les. In summary, UWB is seen as having the potential for applications

which to date have not been ful�lled by the aforementioned wireless short range technologies.

Figure 2.2 depicts the positioning of the UWB compared to WLAN/WPAN standards in terms

of data rate and maximum range. As observed, the potential applications of UWB technology

concern two technical areas: very high data rate transmission over short distances (typically 200

Mbps up to 10 m), and low data rate communications with rangesof 100 m with positioning

capabilities. It is noticed that in contrast with the WiFi st andard, the high data rate mode of

UWB belongs to the family of short range WPANs. However, the potential data rate of UWB

exceeds the performance of all current WLAN and WPAN standards. In the low data rate

mode, the IEEE802.15.4a standard targets UWB systems with centimeter accuracy in ranging

as well as with low power and low cost implementation. These features allow a new range of

applications, including military applications, medical applications (e.g., monitoring of patients),

search-and-rescue applications, logistics (e.g., package tracking), and security applications (e.g.,
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Figure 2.3: Di�erent radio systems in the UHF and SHF band.

localizing authorized persons in high-security areas).

2.1.5 UWB Regulations

Devices utilizing UWB spectrum are subject to more stringent requirements because the UWB

spectrum underlays other existing licensed and unlicensedspectrum allocations. In order to

optimize spectrum use and to reduce interference to existing systems, regulatory bodies in both

Europe and the United States impose very restrictive rulings to UWB devices. Figure 2.3

compares the spectral occupation and emitted power of di�erent radio systems. The essence

of these rulings is that the power spectral density (PSD) of the modulated UWB signal must

satisfy prede�ned spectral masks speci�ed by spectrum-regulating agencies.

In the United States, the FCC requires that UWB devices occupy more than 500 MHz

of bandwidth in the 3:1 � 10:6 GHz band, according to the spectrum mask of Fig. 2.4. As

observed, the PSD must not exceed� 43 dBm per MHz of bandwidth. This limit is low enough

not to cause any interference to other services sharing the same bandwidth. Cellular phones,

for example, transmit up to +30 dBm per MHz, which is equivalent to 107 higher PSD than

UWB transmitters are permitted.

In Europe, the European Telecommunications Standards Institute (ETSI) works since 2001

to develop a European standard for UWB systems. The studies are carried out in close cooper-

ation with group SE24 of the European Conference of Postal and Telecommunications Adminis-
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Figure 2.4: FCC spectral mask for indoor UWB transmission [22].

trations (CEPT), which more particularly analyzes the possible impact of UWB on the existing

systems [50]. Actually, these European authorities aim at acertain harmony between all the

states of the European Union, but the various national regulation authorities remain sovereign

in their choice of management of the radio spectrum. Consequently, the regulatory rules for

UWB devices have not been �nalized in Europe yet. However, itis expected that ETSI/CEPT

will follow the FCC's recommendations but will not necessarily adopt the regulations of the

FCC [51], due to the more emphasis on the protection of existing services.

2.1.6 Modulation Techniques

Early implementation of UWB communication systems was based on transmission and reception

of extremely short duration pulses (typically sub nanosecond), referred to as impulse radio

[52]. Each impulse radio has a very wide spectrum, which mustadhere to the very low power

levels permitted for UWB transmission. These schemes transmit the information data in a

carrierless modulation, where no up/down conversion of thetransmitted signal is required at

the transceiver. A pioneering work in this area is the time hopping pulse position modulation

(TH-PPM) introduced in 1993 by Scholtz [53] and better formalized later by Win and Scholtz

in [23].

Until February 2002, the term UWB was tied solely to impulse radio modulation. According

to the new UWB ruling of FCC from 2002, 7.5 GHz of frequency spectrum (from 3.1 to 10.6

GHz) is allocated for unlicensed applications. Furthermore, any communication system that has
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a bandwidth larger than 500 MHz is considered as UWB. As a consequence, a variety of well

known and more established wireless communication technologies (e.g., OFDM, DS-CDMA)

can be used for UWB transmission.

In recent years, UWB system design has experienced a shift from the traditional \single-

band" radio that occupies the whole allocated spectrum to a \multiband" design approach [54].

\Multibanding"consists in dividing the available UWB spec trum into several subbands, each one

occupying approximately 500 MHz (minimum bandwidth for a UW B system according to the

FCC de�nition). This bandwidth reduction relaxes the requi rement on sampling rates of analog-

to-digital converters (ADC), consequently enhancing digital processing capability. One example

of multiband UWB is multiband orthogonal frequency-divisi on multiplexing (MB-OFDM) [3]

proposed by the former IEEE802.15.3a [4] working group on WPAN. In this scheme, high data

rate UWB transmission inherits all the strength of OFDM that has already been proven for

wireless communications (e.g., DVB, 802.11a, 802.16.a, etc.).

In the sequel, we will begin with the signal model for traditional impulse radio UWB and

then move to the multiband UWB systems.

2.2 Single Band UWB Modulations

Single band UWB modulation (also called impulse radio modulation) is based on continuous

transmission of very short-time impulse radio which are typically the derivative of Gaussian

pulses. Each pulse has an ultra wide spectral occupation in the frequency domain. This type of

transmission does not require the use of additional carriermodulation as the pulse will propagate

well in the radio channel. The technique is therefore a baseband signal approach.

The most common modulation schemes in this family are depicted in Fig. 2.5. In what follows,

we present the signal model for each modulation technique.

2.2.1 Modulations Techniques

2.2.1.1 Pulse Amplitude Modulation

The classical binary pulse amplitude modulation (PAM) is implemented using two antipodal

Gaussian pulses as shown in Fig. 2.5. (a). The transmitted binary pulse amplitude modulated

signal str (t) can be represented as

str (t) = dk wtr (t); (2.3)

where wtr (t) is the UWB pulse waveform, k represents the transmitted bit (\0" or \1") and



14 Chapter 2 : Ultra Wideband Modulation and Detection Schem es

dk =

8
<

:
� 1 if k = 0

+1 if k = 1
(2.4)

is used for the antipodal representation of the transmitted bit k. The transmitted pulse is

commonly the �rst derivative of the Gaussian pulse de�ned as

wtr (t) = �
t

p
2�� 3

e
� t 2

2� 2 ; (2.5)

where � is related to the pulse lengthTp by � = Tp=2� .
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(b)  OOK
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(c)  PPM
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Figure 2.5: Single band (impulse radio) UWB modulation schemes.
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2.2.1.2 On-o� Keying

The second modulation scheme is the binary on-o� keying (OOK) and is depicted in Fig. 2.5

(b). The waveform used for this modulation is de�ned as in (2.3) with

dk =

8
<

:
0 if k = 0

1 if k = 1 :
(2.6)

The di�erence between OOK and PAM is that in OOK, no signal is t ransmitted in the case of

bit \0".

2.2.1.3 Pulse Position Modulation

With pulse position modulation (PPM), the information of th e data bit to be transmitted is

encoded by the position of the transmitted impulse with respect to a nominal position. More

precisely, while bit \0" is represented by a pulse originating at the time instant 0, bit \1" is

shifted in time by the amount of � from 0. Let us �rst assume that a single impulse carry the

information corresponding to each symbol. The PPM signal can be represented as

str (t) =
1X

k= �1

wtr (t � kTs � dk � ) (2.7)

wherewtr (t) denotes the transmitted impulse radio and� indicates the time between two states

of the PPM modulation. The value of � may be chosen according to the autocorrelation char-

acteristics of the pulse. For instance, to implement a standard PPM with orthogonal signals,

the optimum value of � (� opt ) which results in zero auto correlation � (� opt ) is such as:

� (� opt ) =
Z 1

�1
wtr (� )wtr (� opt + � ) = 0 :

In a more general case, the symbol is encoded by the integerdk (0 � dk � M ) where M is

the number of states of the modulation. The total duration of the symbol is Ts which is �xed

and chosen greater thanM� + TGI where TGI is a guard interval inserted for inter symbol

interference (ISI) mitigation. The binary transmission ra te is thus equal to R = log 2(M )=Ts.

Figure 2.5 (c) shows a two-state (binary) PPM where a data bit \1" is delayed by a fractional

time interval � whereas a data bit \0" is sent at the nominal time.

2.2.1.4 Pulse Shape Modulation

Pulse shape modulation (PSM) is an alternative to PAM and PPM modulations. As depicted

in Fig. 2.5 (d), in PSM the information data is encoded by di�e rent pulse shapes. This requires

a suitable set of pulses for higher order modulations. Modi�ed Hermite polynomial functions
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(MHPF) [55], wavelets [56], and prolate spheroidal wave functions (PSWF) [57] have been

proposed in the literature as pulse sets for PSM systems. Theorthogonality of signals used in

PSM is a desirable property since it permits an easier detection at the receiver. The application

of orthogonal signal sets also enables multiple access techniques to be considered. This can

be attained by assigning a group of orthogonal pulses to eachuser, who uses the assigned set

for PSM. The transmission will then be mutually orthogonal and di�erent user signals will not

interfere with each other.

2.2.2 Enabling Multiple Access in Single Band UWB

Up to now, we assumed that each symbol was transmitted by a single pulse. This continuous

pulse transmission can lead to strong lines in the spectrum of the transmitted signal. The

regularity of these energy spikes may interfere with other communication systems over short

distances. In practical systems, due to the very restrictive UWB power limitations, such a

described UWB system shows a high sensitivity to interference from existing systems. On the

other hand, the described modulations do not provide multiple access capability.

In order to minimize the potential interference from UWB tra nsmissions and provide mul-

tiple access capability, a randomizing technique is applied to the transmitted signal. This makes

the spectrum of the UWB signal more noise-like. The two main randomizing techniques used for

single band UWB systems are time-hopping (TH) and direct-sequence (DS). The TH technique

randomizes the position of the transmitted UWB impulse in ti me whereas the DS approach is

based on continuous transmission of pulses composing a single data bit. The DS-UWB scheme

is similar to conventional DS spread-spectrum systems where the chip waveform has a UWB

spectrum. A number of other randomizing techniques may be found in [58].

2.2.2.1 Data Modulation with Time-Hopping UWB

As described above, the multiple access and power limit considerations motivate the use of an

improved UWB transmission scheme where each data symbol is encoded by the transmission

of multiple impulse radios shifted in time. In the TH scheme, the position of each impulse is

determined by a pseudo-random (PR) code. In this way, more energy is allocated to a symbol

and the range of the transmission is increased. Besides, di�erent users, distinguished by their

unique TH code, can transmit at the same time.

A typical TH format for the j -th user is written as follows [1,2].

For PAM modulation:

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTf � c(j )

l Tc

�
d(j )

k ; (2.8)
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Figure 2.6: Illustration of the TH-PPM binary modulation.

for PPM modulation:

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTf � c(j )

l Tc � d(j )
k �

�
; (2.9)

and for PSM modulation:

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

w
d( j )

k
tr

�
t � kTs � lTf � c(j )

l Tc

�
; (2.10)

where d(j )
k is the k-th data bit of user j . Here, Ns is the number of impulses transmitted for

each information symbol. In this improved scheme, the total symbol transmission time Ts is

divided into Ns frames of duration Tf and each frame is itself sub-divided into slots of duration

Tc. Each frame contains one impulse in a position determined bythe PR TH code sequence

c(j )
l (unique for the j -th user) and the symbol to be encoded (see Fig. 2.6). The TH spreading

can be combined with PAM, PPM, and PSM. However, OOK cannot take advantage of the TH

spreading because of the blank transmission in the case of bit \0".

2.2.2.2 Data Modulation with Direct-sequence UWB

In DS-UWB, the pulse waveform takes the role of the chip in a spread spectrum system [59].

Similar in spirit to spread spectrum techniques, DS-UWB employs sequences of UWB pulses

(analogous to \chips"). Each user is distinguished by its speci�c pseudo random sequence which

performs pseudo random inversions of the UWB pulse train. A data bit is then used to modulate

these UWB pulses. The resulting signal will then be a continuous transmission of UWB pulses

whose number depends on the length of the pulse itself and thebit rate de�ned by the system.

The DS-UWB scheme is suitable for PAM, OOK and PSM modulations. Since PPM is

intrinsically a time-hopping technique, it is not used for DS-UWB transmission. The expression
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Figure 2.7: Time domain representation of (a) TH-UWB and (b) DS-UWB spre ading techniques.

characterizing the DS spreading approach in the case of PAM and OOK modulations for user j

is given by [2]

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

wtr

�
t � kTs � lTc

�
c(j )

l d(j )
k (2.11)

whered(j )
k is the k-th data bit, c(j )

l is the l-th chip of the PR code, wtr (t) is the pulse waveform

of duration Tp, Tc is the chip length (equal to Tp), Ns is the number of pulses per data bit,

and j stands for the user index. The PR sequence has values inf� 1; +1g and the bit length is

Ts = NsTc.

For PSM, the signal model for the j -th user is [2]

s(j )
tr (t) =

1X

k= �1

N s � 1X

l=0

w
d( j )

k
tr

�
t � kTs � lTc c(j )

l

�
(2.12)

where the bit d(j )
k determines the choice of the UWB pulse waveform to be transmitted.

Figure 2.7 compares the temporal behavior of binary TH-UWB and DS-UWB transmission

techniques.

2.2.3 Detection Techniques

In single band UWB systems, two widely used demodulators arecorrelation receivers and Rake

receivers [60]. A brief description of these receivers is presented in the sequel.
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Figure 2.8: Correlation receiver block diagram for the reception of the�rst user's TH-PPM signal [23].

2.2.3.1 Correlation Receiver

The correlation receiver is the optimum receiver for binaryTH-UWB signals in additive white

Gaussian noise (AWGN) channels [61]. As the TH format is typically based on PPM and TH-

PPM was the �rst physical layer proposed for UWB communications [23, 53], we present the

correlation receiver for the case of a TH-PPM signal.

Let us consider that Nu transmitters are active in the multiple access scheme of theTH-PPM

transmitter. The composite received signalr (t) at the receiver is modeled as

r (t) =
NuX

j =1

A j s(j )
rec(t � � j ) + n(t) (2.13)

in which A j stands for the attenuation over the propagation path of the signal s(j )
rec(t) received

from the j -th user (the transmitted signal is given in (2.9)). The random variable � j represents

the time asynchronism between the clock of the signal received from the transmitter j and the

receiver clock, andn(t) represents the additive receiver noise.

The propagation channel modi�es the shape of the transmitted impulse wtr (t) to wrec(t) and

this justify the subscript \rec" in (2.13) for s(j )
rec(t). We consider the detection of the data from

the �rst user, i.e., d(1) . For simplicity, we consider a binary transmission.

As depicted in Fig. 2.8, the data detection process is performed by correlating the received
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signal with a template v(t) de�ned as1

v(t) , wrec(t) � wrec(t � � )

wherewrec(t) and wrec(t � � ) represent a symbol with duration Ts encoding \0" and \1", respec-

tively.

According to (2.9), the received signal in a time interval of duration Ts = NsTf is given by

r (t) = A1

Ns� 1X

l=0

wrec
�
t � � 1 � lTf � c(1)

l Tc � d(1) �
�

+ ntot (t) (2.14)

where ntot (t) gathers the multi-user interference and noise. Moreover,it is assumed that the

receiver knows the �rst transmitter's TH sequence f c(1)
l g and the delay � 1.

When the number of users is large, it is classical to approximate the interference-plus noisentot (t)

as a Gaussian random process [53]. This justi�es the optimality of the correlation receiver for

TH-PPM signals.

The decision rule at the correlator output for deciding between hypothesesH 0 (bit \0") and

H 1 (bit \1") is given by

(decide d(1) = \0") ,
N s � 1X

l=0

Z � 1+( l+1) Tf

� 1+ lT f

r (t) v
�
t � � 1 � lTf � c(1)

l Tc
�

dt > 0: (2.15)

The sum of integrations in (2.15) corresponds toNs impulses that carry the information of

each data symbol and provides a processing gain which increases linearly with the number of

impulses per symbol. Although this constitutes an interesting feature of TH-PPM, we note

that the data rate is reduced by a factor of Ns. The other disadvantage of this approach is the

severe modi�cation introduced by the UWB channel on the shape of the transmitted signal.

Thus, the receiver has to construct a template by using the shape of the received signal. The

construction of an optimal template is an important concern for practical PPM based systems.

Besides, due to extremely short duration pulses employed, timing mismatches between the

correlator template and the received signal can result in serious degradation in the performance

of TH-PPM systems. For this reason, accurate synchronization is of great importance for UWB

systems employing PPM modulation.

2.2.3.2 Rake Receiver

A typical Rake receiver is depicted in Fig. 2.9. It is composed of a bank of correlators followed

by a linear combiner. The signal received at the Rake receiver is correlated with the equally

delayed versions of the reference pulse, sampled, multiplied by the tap weights f ! j g and �nally

1This is the optimal template under the assumption of Gaussia n noise [61].
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Figure 2.9: Architecture of a Rake receiver with N parallel �ngers [24].

linearly combined. The Rake receiver takes advantage of multipath propagation by combining

a large number of di�erent and independent replicas of the same transmitted pulse, in order

to exploit the multipath diversity of the channel. In genera l, Rake receivers can support both

TH and DS modulated systems, applying soft or hard decision detection. The number of Rake

correlators (also called �ngers) is selected so as to match the total number of resolvable channel

taps. This scheme is referred to as the all-Rake (A-Rake) receiver [51]. However, the major

consideration in the design of a UWB Rake receiver is the number of paths to be combined,

since the complexity increases with the number of �ngers.

2.3 Multiband UWB Modulations

In recent years, there has been a shift in UWB system design away from the traditional single

band radio that uses all of the 3.1-10.6 GHz spectrum simultaneously, in favor of a transmission

over multiple frequency subbands, which is referred to asmultiband UWB [3, 25, 54, 62]. In

multiband UWB radio, pulses are successively modulated by several analog carriers and trans-

mitted through subbands of approximately 500 MHz bandwidth (see Fig. 2.10). Compared to

impulse-based UWB modulations, it is obvious that multiband UWB can make a more e�cient

use of the spectral resources, minimizes interference to existing narrowband systems by 
exible

band selection, and facilitates future scalability of the spectrum use. Moreover, a narrower

subband bandwidth eases the requirement on ADC sampling rates (compared to a full-band

receiver), and consequently, facilitates the digital processing. Nevertheless, the bandwidth of

each subband is wide enough to allow di�erent multiple-access and modulation options. This
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Figure 2.10: Multiple subbands in multiband UWB [25].

scheme allows for tradeo�s between simpli�ed time-domain impulse modulations and frequency-

domain modulations/spreading in order to obtain the desired performance in multipath fading

and in the presence of interference from other UWB users. Multiband UWB modulation can

be classi�ed into multiband impulse radio (MB-IR) and multi band OFDM (MB-OFDM).

In what follows, we start by describing MB-IR systems and then we devote a whole section to

MB-OFDM systems.

2.3.1 Multiband Impulse Radio

In this scheme the whole allocated UWB spectrum is divided into smaller non-overlapping

subbands of at least 500 MHz bandwidth. The modulation used is one of the single band

modulations (PAM, PPM, PSM, etc.) performed over each subband. Each pulse waveform

is transmitted with a pulse repetition interval TPRI in order to avoid the ISI. Changing TPRI

a�ects the data rate of the system as well as the robustness toISI. One of the main advantages

of MB-IR UWB is that a lower complexity Rake receiver (i.e., with fewer number of �ngers)

per subband su�ces for energy capture (as compared to a Rake receiver that spans the entire

bandwidth). The disadvantage is that one Rake receiver is required per subband, albeit with a

small number of �ngers.

2.4 Multiband OFDM

Up to now, we presented single band UWB modulations and MB-IRsystems. Since this thesis

is mainly focused on the multiband OFDM approach, we devote this section to a more detailed

description and performance evaluation of MB-OFDM systemsat the physical layer (PHY).
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Figure 2.11: Division of the UWB spectrum from 3.1 to 10.6 GHz into band groups containing subbands

of 528 MHz in MB-OFDM systems [26].

2.4.1 Introduction

We previously saw that MB-IR UWB systems needed slower time-frequency hopping, i.e., longer

contiguous symbol transmission in each subband in order to improve the energy capture. This

requirement led naturally to the choice of coded OFDM instead of pure pulse modulation in each

subband owing to the former's inherent robustness to multipath. Moreover, for highly dispersive

UWB channels, an OFDM based receiver is more e�cient at capturing multipath energy than

an equivalent single band Rake receiver using the same totalbandwidth.2 OFDM systems

possess additional desirable properties, such as high spectral e�ciency, inherent resilience to

narrowband RF interference and spectral 
exibility, which is important because the regulatory

rules for UWB devices have not been �nalized through the entire world. A brief overview of

OFDM is given in the next subsection; for further details, the reader is referred to [32].

In recent years, a group of international companies including Texas Instrument, Alereon,

Hewlett-Packard, etc., made an alliance (called MBOA and then WiMedia Alliance) [26] in

order to support an OFDM based solution for multiband UWB.

In 2004, Batra et al. from Texas Instrument proposed the MB-OFDM scheme to IEEE802.15.3a

[3, 4]. The proposed scheme divides the available UWB spectrum into several non-overlapping

subbands of 528 MHz bandwidth each. As shown in Fig. 2.11, �veband groups are de�ned

within the 3.1-10.6 GHz frequency band. The �rst four band groups have three subbands each,

and the last group has two subbands. Data transmission over the three lowest subbands is called

the mandatory mode or mode I. This operating mode is reserved for preliminary and low-cost

implementation since the degradation due to the RF noise is limited.

Within each subband, information is transmitted using conventional coded OFDM modulation.

The main di�erence between the transmitter architecture of an MB-OFDM system with that of

a conventional OFDM system is the presence of a time-frequency code (TFC), which provides

2For a complexity comparison between MB-OFDM and DS-UWB usin g a Rake receiver, the reader is referred

to [3].
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Figure 2.12: Example of time-frequency coding for the multiband OFDM system in mode I, TFC = f 1,

3, 2, 1, 3, 2, ...g.

a di�erent carrier frequency at each time-slot, corresponding to one of the center frequencies of

di�erent subbands (see Fig. 2.12). The TFC is used not only toprovide frequency diversity but

also to distinguish multiple users.

2.4.2 MB-OFDM Transmitter Architecture

As depicted in Fig. 2.13, in MB-OFDM, the information is tran smitted using coded OFDM

modulation over one of the subbands in a particular time-slot. The binary sequence is encoded

by a non-recursive non-systematic convolutional (NRNSC) code, before being interleaved. The

interleaved bits are gathered in subsequences ofB bits d1
k ; : : : ; dB

k and mapped to complex Mc-

QAM (M c = 2 B ) symbols sk . In the basic proposal of MB-OFDM [4], quaternary phase-shift

keying (QPSK) symbols using Gray labeling is employed. We will later extend MB-OFDM to

the higher order 16-QAM constellation with Gray or set-part ition (SP) labeling.

According to [4], MB-OFDM uses Nc = 128 subcarriers per subband, through a frequency

selective multipath fading channel with a bandwidth of 528 MHz. This leads to a subcarrier

separation of � f = 4 :125 MHz. At each time slot, the transmitter applies 128 point inverse

fast Fourier transform (IFFT) yielding an OFDM symbol of dur ation TFFT = 1=� f = 242:42

ns. In order to mitigate the impact of ISI, a cyclic pre�x (CP) of length TCP = 60:6 ns is

added to the output of the IFFT signal. Besides, an additional guard interval (GI) of duration

TGI = 9 :5 ns is added to allow the transmitter and receiver to switch from one subband to

next. After adding the CP and the GI, the OFDM symbol is passed through a digital-to-

analog converter (DAC) resulting to an analog baseband OFDM signal of symbol duration

TSYM = TFFT + TCP + TGI = 312:5 ns (see Fig. 2.12). Letsn
k be the complex symbol to

be transmitted over the k-th OFDM subcarrier during the n-th OFDM symbol period. The
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Figure 2.13: Transmitter architecture for the MB-OFDM system.

baseband OFDM signal to be transmitted at the n-th block can be expressed as

xn (t) =
N c � 1X

k=0

sn
k exp

�
j 2�k � f (t � TCP )

	
(2.16)

wheret 2 [TCP ; TFFT + TCP ] and j ,
p

� 1. In the time interval [0 ; TCP ], xn (t) is a copy of the last

part of the OFDM symbol, and xn (t) is zero in the interval [TFFT + TCP ; TSYM ] corresponding

to the GI duration.

The complex baseband signalxn (t) is �ltered, up-converted to an RF signal with a carrier

frequency f n
c , and sent to the transmit antenna.

The transmitted MB-OFDM signal is given by

rRF (t) =
NSYM � 1X

n=0

Re
�

xn (t � nTSYM ) exp
�

j 2�f n
c t

	
�

(2.17)

whereNSYM is the total number of OFDM symbols in a transmitted frame (al so called packet).

The carrier frequency f n
c speci�es the subband over which then-th OFDM symbol is transmit-

ted, according to the TFC.

In the sequel, we describe each part of the MB-OFDM transmitter in Fig. 2.13.

2.4.2.1 Channel Encoding

In OFDM transmission over multipath channels, symbols senton di�erent subcarriers may un-

dergo deep fades, which would (with a high probability) lead to erroneous decisions. Thus,

uncoded OFDM is in practice unusable on multipath fading channels with deep notches occur-

ring in the frequency spectrum. For this reason, MB-OFDM proposes forward error correction

coding with di�erent code rates by using a convolutional code [60] (called mother code). The

mother code is a rateR = 1=3 NRNSC code of constraint lengthK = 7 de�ned in octal form
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Figure 2.14: An example of bit-stealing and bit-insertion procedure forobtaining R = 3 =4 from R = 1 =3

[4].

by the generator polynomials (133; 145; 175)8 . Various coding rates (R = 11=32; 1=2; 5=8; 3=4)

are derived from the rate R = 1=3 mother code by employing \puncturing". Puncturing is a

procedure for omitting some of the encoded bits in the transmitter (thus reducing the number

of transmitted bits and increasing the coding rate) and inserting a \dummy" bit into the con-

volutional decoder on the receive side in place of the omitted bits. An example of puncturing

pattern for deriving the rate R = 3=4 code is shown in Fig. 2.14.

2.4.2.2 Bit Interleaving

Several standard proposals such as IEEE802.15.3a that proposed MB-OFDM, employ bit-

interleaving combined with convolutional channel coding. This scheme, referred in the literature

as bit-interleaved coded modulation (BICM) [44], can provide a high diversity order for trans-

mission over multipath fading channels. In the basic proposal of MB-OFDM, the bit interleaving

operation is performed in two stages [4]:

� Inter-symbol interleaving, which permutes the bits across 6 consecutive OFDM symbols,

enables the PHY to exploit frequency diversity within a band group.

� Intra-symbol tone interleaving, which permutes the bits across the data subcarriers within

one OFDM symbol, exploits frequency diversity across subcarriers and provides robustness

against narrow-band interferers.
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For intra-symbol interleaving, the coded bits are �rst grou ped together into blocks of

6NCBPS coded bits (corresponding to six OFDM symbols), whereNCBPS is the number of

coded bits per OFDM symbol. Each group of coded bits is then permuted using a block inter-

leaver of sizeNBI 1 = 6 � NCBPS . Let the sequencesf U(i )g and f S(i )g, (i = 0 ; :::; 6NCBPS � 1)

represent the input and output bits of the symbol interleaver, respectively.

We have [4]

S(i ) = U
�

Floor
�

i
NCBPS

�
+ 6 Mod

�
i; N CBPS

�
�

; (2.18)

where Floor(:) returns the largest integer value less than or equal to its argument and Mod(a; b)

returns the remainder after division of a by b.

The outputs of the symbol block interleaver are then groupedinto blocks of NCBPS bits and

permuted using a regular block intra-symbol tone interleaver of sizeNBI 2 = 10 � NT int . Let the

sequencesf S(i )g and f V (i )g, (i = 0 ; :::; 6NCBPS � 1) represent the input and output bits of the

tone interleaver, respectively. The output of the interleaver is given by the following relation [4]

V (i ) = S
�

Floor
�

i
NT int

�
+ 10 Mod

�
i; N T int

�
�

: (2.19)

2.4.2.3 Time and Frequency Domain Spreading

In MB-OFDM, two diversity schemes may be be used to obtain further bandwidth expansion,

beyond that provided by the forward error correction code. The �rst one is the frequency domain

spreadingwhich consists in transmitting twice the same information in a single OFDM symbol.

This is performed by introducing conjugate symmetric inputs to the IFFT. Speci�cally, the data

symbols are sent on the �rst half of the data subcarriers and their conjugate symmetrics are

transmitted on the second half of the subcarriers. This introduces a spreading factor of two and

results in \intra-subband" frequency diversity.

The second scheme istime domain spreadingwhich is achieved by transmitting the same

OFDM symbol across two di�erent frequency subbands. This technique results in \inter-

subband" diversity and is used to maximize the frequency-diversity and to improve the per-

formance in the presence of other non-coordinated devices.

As listed in Tab. 2.1, MB-OFDM combines di�erent channel code rates with time and/or

frequency diversity to provide data rates ranging from 53.3Mbps to 480 Mbps. For data rates

lower than 80 Mbps (low data rate mode), both time and frequency spreading are performed,

yielding an overall spreading gain of four. For data rates between 106.7 and 200 Mbps (medium

data rate mode) only time domain spreading is used which results in a spreading gain of two.

The transmission with data rates higher than 200 Mbps (high data rate mode) exploits neither

frequency nor time spreading, and the overall spreading gain is equal to one.
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Data Rate (Mbps) Modulation Code Rate Freq. Spread. Time Spread. Factor

53.3 QPSK 1/3 Yes 2

55 QPSK 11/32 Yes 2

80 QPSK 1/2 Yes 2

106.7 QPSK 1/3 No 2

110 QPSK 11/32 No 2

160 QPSK 1/2 No 2

200 QPSK 5/8 No 2

320 QPSK 1/2 No 1

400 QPSK 5/8 No 1

480 QPSK 3/4 No 1

Table 2.1: Rate-dependent Parameters in multiband OFDM systems.

2.4.2.4 Subcarrier Constellation Mapping

The constellation adopted in [4] is QPSK. The coded and interleaved binary data is divided into

groups of two bits and converted into one of the four complex points of the QPSK constellation.

The conversion is performed according to the Gray labeling,as illustrated in Fig. 2.15.

Figure 2.15: QPSK Constellation with Gray Mapping.

2.4.3 MB-OFDM Receiver Architecture

2.4.3.1 System Model

The receiver proposed for MB-OFDM [3] is depicted in Fig. 2.16. As shown, the process of

channel estimation and data detection are performed independently. We will later propose an

enhanced receiver based on joint channel estimation and iterative data detection.

Let us consider a single-user MB-OFDM transmission withNdata = 100 data subcarriers
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Figure 2.16: The basic receiver architecture proposed for MB-OFDM in [3].

per subband, through a frequency selective multipath fading channel, described in discrete-time

baseband equivalent form by the channel impulse response coe�cients f hl g
L � 1
l=0 . Furthermore,

we assume that the CP is longer than the maximum delay spread of the channel. After removing

the CP and performing FFT at the receiver, the received OFDM symbol over a given subband

can be written as

y = H d s + z; (2.20)

where (Ndata � 1) vectorsy and s denote the received and transmitted symbols, respectively; the

noise vectorz is assumed to be a zero-mean circularly symmetric complex Gaussian (ZMCSCG)

random vector with distribution z � CN (0; � 2
z INdata ); and H d = diag( H ) is the (Ndata � Ndata )

diagonal channel matrix with diagonal elements given by thevector H = [ H0; : : : ; HNdata � 1]T ,

where H k =
P L � 1

l=0 hl e� j 2�kl=N c .

In MB-OFDM, the channel is assumed to be time invariant over the transmission of one frame

and changes to new independent values from one frame to the next.

2.4.3.2 Channel Estimation

In order to estimate the channel, a MB-OFDM system sends someOFDM pilot symbols at the

beginning of the information frame. Here, we consider the estimation of the channel vector H

with NP training symbols sP;i ; (i = 1 ; :::; NP ). According to the observation model (2.20), the

received signal for a given channel training interval is:

Y P = H d SP + ZP (2.21)

where each column of the (Ndata � NP ) matrix SP = [ sP; 1 ; :::; sP;N P
] contains one OFDM pilot

symbol. The entries of the noise matrixZP has the same distribution as those ofz.

The least-square (LS) estimate ofH d is obtained by minimizing kY P � H d SP k2
F

with respect
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to H d. We have:

bH LS
d = Y P Sy

P (SP Sy
P )� 1: (2.22)

2.4.3.3 Frequency Domain Channel Equalization

In order to estimate the transmitted signal vector s from the received signal vectory , the

e�ect of the channel must be mitigated. To this end, the MB-OFDM proposal uses a frequency

domain channel equalizer, as shown in Fig. 2.16 (FEQ block).It consists of a linear estimator

as

bs = G y y : (2.23)

The two design criteria usually considered for the choice ofthe linear �lter G are:

� Zero-forcing equalization (ZF): ZF equalization, uses the inverse of the channel transfer

function as the estimation �lter. In other words, we have G y = H � 1
d . Since in OFDM

systems, under ideal conditions, the channel matrixH d is diagonal, the ZF estimate of

the transmitted signal is obtained independently on each subcarrier as

bszf ;k =
1

H k
yk k = 0 ; :::; Ndata � 1: (2.24)

� Minimum mean-square error equalization (MMSE): equalization according to the MMSE

criterion, minimizes the mean-squared errorE
�
ks � G y yk2

F

�
, between the transmitted

signal and the output of the equalizer. Applying the orthogonality principle, it is easy to

obtain

G y
mmse =

�
H dH y

d + � 2
z IN c

� � 1 H y
d: (2.25)

Due to the diagonal structure of H d, equalization can again be done on a subcarrier basis

as

bsmmse;k =
H �

k

jH k j2 + � 2
z

yk k = 0 ; :::; Ndata � 1: (2.26)

The main drawback of the ZF solution is that for small amplitu des ofH k , the equalizer enhances

the noise level in such a way that the signal-to-noise ratio (SNR) may go to zero on some

subcarriers. The computation of the MMSE equalization matrix requires an estimate of the

curent noise level. Notice that when the noise level is signi�cant, the MMSE solution mitigates

the noise enhancement problem even whenH k 's are close to zero while for high SNR regime,

the MMSE equalizer becomes equivalent to the ZF solution.
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CM1 CM2 CM3 CM4

Tx-Rx separation (m) 0-4 0-4 4-10 -

(Non-) line of sight LOS NLOS NLOS NLOS

Mean excess delay (ns) 5 9.9 15.9 30.1

RMS delay spread (ns) 5 8 15 25

Table 2.2: IEEE802.15.3a UWB channel model parameters in four di�erent scenarios.

2.4.3.4 Channel Decoding

After frequency domain equalization and de-interleaving,the MB-OFDM usually uses a hard or

soft Viterbi decoder in order to estimate the transmitted data bits. For a detailed description

of the Viterbi algorithm, the reader is referred to [63,64].

2.4.4 MB-OFDM Performance Analysis in Realistic UWB Channe l Environ-

ments

In this subsection, we present some simulation results in order to analyze the performance of

the receiver described in subsection 2.4.3 over di�erent indoor UWB channel scenarios de�ned

in [65].

We simulated the mode I of the MB-OFDM which employs the �rst t hree subbands of 528 MHz

(from 3.1 GHz to 4.684 GHz). Eeach realization of the channelmodel is generated independently

and assumed to be time-invariant during the transmission ofa frame. In our simulations, we

have used the UWB channel models CM1-CM4 speci�ed in the IEEE802.15.3a channel modeling

sub-committee report [65]. These channel models are based on the Saleh-Valenzuela model [66],

where multipath components arrive in clusters. Table 2.2 shows some of the parameters of the

four models CM1-CM4. More details can be found in [65]. Punctured convolutional codes with

rate 11/32, 1/2 and 3/4 are combined with time and/or frequency domain spreading, in order

to achieve three (55, 160 and 480 Mbps) out of eight data-rates depicted in Tab. 2.1.

In our simulations, when there is no time or frequency redundancy (480 Mbps), a per subcar-

rier MMSE frequency-domain equalizer is used at the receiver. When time and/or frequency-

diversity are exploited in the system, the maximal ratio combining (MRC) technique [60] is used

to combine di�erent diversity branches. In any case, a hard Viterbi decoder is used to recover

the binary data.

Figures 2.17 and 2.18 depicts the results obtained over the CM1 and CM4 channels, respec-

tively. We observe a similar behavior for di�erent transmission modes over these two channel

environments. As shown, the 55 Mbps mode provides the best performance due to the exploita-
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Figure 2.17: BER performance of the MB-OFDM system over the CM1 channel, for data rates of 55,

160 and 480 Mbps.

Figure 2.18: BER performance of the MB-OFDM system over the CM4 channel for data rates of 55,

160 and 480 Mbps.

tion of di�erent diversity combining techniques. As observed from Fig. 2.17, at a BER of 10� 5,

with about 3 dB of SNR degradation compared to the 55 Mbps mode, this mode provides a

data rate of almost three times higher than the 55 Mbps mode.

Interesting results are observed from Fig. 2.19 for lowest (55 Mbps) and highest (480 Mbps)

data rate modes, in various channel scenarios. As shown, themost robust data rate is 55 Mbps,

where channel diversity is fully exploited by employing the MRC technique. We observe that
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Figure 2.19: BER performance of the MB-OFDM system for data rates of 55 and480 Mbps over

di�erent UWB channel scenarios.

MB-OFDM performs better in the CM4 channel environment than in the CM1 channel thanks

to its inherent frequency diversity as shown in Fig. 2.19. In the 480 Mbps mode, we observe

that the performance in CM1 is better than that in CM4. This is due to the absence of time and

frequency domain spreading and to the high coding rate of 3/4that prevents the exploitation

of channel diversity. This leads to the worst BER for 480 Mbpsmode in all channels as shown

in Fig. 2.19.

2.5 Conclusion

The 7.5 GHz spectrum allocation by the FCC in 2002, initiated an extremely productive activ-

ity related to UWB from industry and academia. Since then, wireless communication experts

considered UWB as an available spectrum to be utilized with avariety of transmission tech-

niques, and not speci�cally related to the generation and detection of short duration impulse

radios. UWB systems may be primarily divided into single band (impulse radio systems) and

multiband systems.

Single band systems have simple transceiver architecture,and so are potentially lower cost.

In addition, they may support many modulation schemes including orthogonal and antipodal

schemes. However, this modulation must be combined with some form of spectrum randomiza-

tion techniques to enhance the detection performance and toenable multiple access capability.

Both TH and DS spectrum spreading techniques were presented. The main practical limitation
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for impulse based UWB appears in the presence of highly resolved multipath UWB channels.

In this situation, Rake receivers with a large number of �ngers (ideally equal to the number of

channel taps) must be used to capture the multipath energy. Obviously, this would result in

signi�cant implementation complexity for the Rake receiver. Another source of complexity in

single band UWB systems is the need of high speed ADCs and equalizers working at several

GHz.

Multiband UWB systems relax the requirement for high speed ADCs and provide a much

more e�cient method for capturing multipath energy. The mos t common multiband UWB mod-

ulation is the MB-OFDM which is supported by several key organizations inside the WiMedia

Alliance. OFDM already enjoys an outstanding record with other standard organizations such

as ADSL, IEEE802.11g, etc. Thus, MB-OFDM systems are potentially good technical solutions

for the diverse set of high performance, short range UWB applications. Our simulations showed

that in order to achieve a target BER, the basic receiver proposed in [4] for MB-OFDM has to

exploit additional time and frequency diversity schemes (in addition to channel coding) which

results in a loss of the spectral e�ciency. Motivated by these observations, we will propose

in subsequent chapters, some enhanced MB-OFDM reception schemes which do no waste the

spectral e�ciency.



Chapter 3

Wavelet Based Semi-blind Channel

Estimation for Multiband OFDM

3.1 Introduction and Motivations

In the previous chapter, we presented the basic MB-OFDM reception scheme that has been

proposed for the project of IEEE802.15.3a standard [3, 4]. As stated, the proposed receiver

estimates the channel by using known training symbols transmitted at the beginning of the in-

formation frame, implicitly assuming a time invariant chan nel within each frame. Furthermore,

the information symbols are detected by a one-tap frequencyequalizer followed by a Viterbi

decoder. Our numerical results showed that, in order to achieve a low BER, the transmitter

may have to introduce time and/or frequency diversity techniques at the expense of signi�cant

spectral e�ciency loss. Obviously, this is not in agreement with the target of UWB technology

which aims at providing data rates of several hundreds of Mbps. Moreover, it is well known

that an accurate pilot based channel estimation requires multiple channel-uses per frame for

pilot transmission, which can result in a considerable reduction of the system throughput.

Recent works have reported promising results on the combination of the channel estimation

and of the data decoding process for OFDM systems. In particular, iterative or \ turbo" process-

ing that includes the channel estimation into the iterative process of decoding turbo-like codes

is addressed in [5, 6], for instance. Similar works on this subject have investigated the use of

the Expectation-Maximization (EM) algorithm [7] for joint semi-blind channel estimation and

data detection [8,9].

Though iterative joint channel estimation and data detection outperforms receivers using a pi-

lot assisted channel estimation approach, it has a higher complexity, which may be of critical

concern for practical implementations. This complexity is mainly driven by the number of
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estimated parameters for channel updating and the decodingalgorithm within each iteration.

In this chapter, as an alternative to the basic receiver of [4], we propose a reduced-

complexity receiver for MB-OFDM systems that outperforms the basic proposed scheme without

scarifying any spectral e�ciency. To this end, we consider an iterative semi-blind channel esti-

mation based on the EM algorithm, with the objective of minim izing the number of estimated

parameters and enhancing the estimation accuracy. This is achieved by expressing the unknown

channel impulse response (CIR) in terms of discrete waveletseries, which has been shown to

provide a parsimonious representation [45,67]. The adopted wavelet based channelrepresenta-

tion enables us to choose a particularprior distribution for the channel wavelet coe�cients, that

renders the maximuma posteriori (MAP) channel estimation equivalent to a hard thresholding

rule at each iteration of the EM algorithm. The latter is then exploited to reduce the estimator

computational load by discarding\insigni�cant"wavelet c oe�cients from the estimation process.

We notice that this wavelet prior is not associated to a speci�c propagation environment since

its parameters are learnt from the observed data. Moreover,since the probability of encoded

bits are involved in the EM computation, we naturally combin e the iterative process of channel

estimation with the decoding operation of encoded data.

This chapter is organized as follows. In Section 3.2, we provide the state of the art of dif-

ferent channel estimation techniques proposed for OFDM systems. In order for this thesis to be

self-su�cient, we describe in Section 3.3 the EM algorithm and its extension to MAP parameter

estimation. Section 3.4 is devoted to our proposed wavelet based channel estimation and data

detection algorithm. We will �rst describe a MAP version of t he EM algorithm for channel

estimation and then show how the number of estimated parameters can be reduced through

the EM iterations. The combination of the channel estimation with the decoding operation is

discussed, as well as some implementation issues. We will also illustrate via simulations, the

performance of the proposed receiver in di�erent realisticUWB channel environments. Finally,

Section 3.5 concludes the chapter.

3.2 State of the Art of Channel Estimation for OFDM Systems

It is well known that in any wireless communication system, reliable coherent data detection is

not possible unless an accurate channel estimate is available at the receiver. However, di�er-

ential modulation can be used to detect the transmitted data without any channel knowledge.

An example of this scheme is the di�erential phase shift keying (DPSK) modulation which is

adopted in the European digital audio broadcast (DAB) norm [68]. Although simple, di�eren-

tial modulations entail restrictions on the choice of the constellation and leads to a 3 dB loss

over Gaussian channels compared to coherent modulations [60]. As an alternative to DPSK,
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Engelset al. have proposed in [69] the di�erential amplitude and phase shift keying (DAPSK)

modulation in which the amplitude of the transmitted symbol s is also di�erentially encoded. A

coherent modulations allows the use of arbitrary constellations and constitute a good and 
ex-

ible choice when channel time variations are relatively slow. By using high spectral e��ciency

constellations, coherent modulation can achieve high datarates as in the digital video braodcast

(DVB) norm [70].

Typically, channel estimation techniques for coherent OFDM modulations can be classi�ed

into two di�erent families: i ) techniques based on the transmission of training sequences and ii )

\blind" channel estimation methods. Blind methods are based on the statistics of the unknown

data symbols and the statistical properties of the channel and do not require any pilot symbol.

Between these two extremes, there exists \semi-blind" methods (considered in this chapter)

which require a small number of pilots, usually used for the algorithm initialization.

There exists a very rich literature on channel estimation techniques for OFDM systems. In

what follows, we present some of the main contributions concerning each of the aformentioned

channel estimation techniques.

3.2.1 Pilot-only Based Channel Estimation Techniques

We describe here di�erent channel estimation techniques based only on pilot symbols. These

techniques which are also called pilot symbol assisted modulation (PSAM), were introduced for

single carrier systems by Moher and Lodge [71] and later analyzed by Cavers [72].

3.2.1.1 Techniques Based on the Least-squares Criterion

It is well known that in OFDM, thanks to the CP insertion, each subcarrier experiences a non

frequency selective fading channel. Let us consider a frameof NSYM consecutive OFDM symbols

with Nc subcarriers per symbol. The transmitted frame can be viewedas a time-frequency grid

of dimension (NSYM � Nc). The received symbolyk;n at each position of the grid is written

as [32]

yk;n = H k;n sk;n + bk;n (3.1)

whereH k;n and sk;n are respectively the channel frequency response (CFR) and the transmitted

symbol at the (k; n) position of the grid, and bk;n is the AWGN a�ecting the transmission of

data. A simple method is to estimateH k;n so as to minimizejyk;n � H k;n sk;n j2. In the presence of

independent and identically distributed (i.i.d.) Gaussian noise, the least squares (LS) estimate

is given by

bH LS
k;n =

yk;n

sk;n
(3.2)



38 Chapter 3 : Wavelet Based Semi-blind Channel Estimation f or Multiband OFDM

Figure 3.1: An example of two dimensional pilot arrangment in OFDM packet transmission.

wheresk;n is assumed to be known at the receiver. In PSAM, some trainingsymbols are inserted

in both time and frequency in the two dimensional grid (see Fig. 3.1 ). The pilot repetition

interval depends on the channel coherence time and on the coherence bandwidth. Obviously, in

PSAM an estimate of the channel is obtained only at the pilot positions. In order to estimate

the channel at all time and frequency positions, di�erent interpolation techniques are proposed

in the litterature, that we describe brie
y in the following .

Polynomial Interpolation: Interpolation can be performed only in the frequency domain

by considering a single OFDM symbol [73] or in both time and frequency domains [74]. For

instance, in [73], Rinne and Renfors propose two LS channel estimators. The �rst technique

estimates the channel at the pilot frequencies and assumes that the channel is constant over

a frequency bandwidth equal to the frequency spacing between two pilot tones (centered at

the pilot tone frequency). The second technique performs a frequency domain interpolation by

considering that the channel is changing linearly between two consecutive pilot tones. In [74],

Chang and Su proposed a two dimensional interpolation in thesense of LS by considering a

paraboloid model for the channel as

H k;n = a1k2 + a2kn + a3n2 + a4k + a5n + a6 (3.3)

where the coe�cients a1; :::; a6 are determined by minimizing

N c � 1X

k=0

NSYM � 1X

n=0

j bH LS
k;n � H k;n j2: (3.4)

Higher order piecewise polynomial interpolations are proposed in [75] where the bandwidth of
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an OFDM symbol is divided into di�erent frequency bands. Over each frequency band, the

channel is modeled as a polynomial and the whole OFDM symbol is recovered by considering

every elementary polynomials.

Interpolation Using FIR Filters: As an alternative to polynomial interpolation, Moon and

Choi proposed di�erent two dimensional interpolations in [76]. This technique uses Gaussian

or cubic spline �lters for interpolation. Moreover, the adopted interpolation �lters have a

�nite impulse response (FIR) with three coe�cients and use t he estimated channel coe�cients

provided by three pilot symbols. However, conversely to theapproach proposed in [74], the

bi-dimensional interpolation is performed by two uni-dimensional FIR �lters, one realizing the

interpolation in the time direction and the other in the freq uency direction. In [77], channel is

estimated at the pilot frequencies and then converted to thetime domain by an IFFT. Then

the signal is interpolated by using a cubic spline �lter before being converted to the frequency

domain. Ozinawa et al. proposed in [78] a method for selecting an FIR interpolation�lter

among a prede�ned set of �lters.

3.2.1.2 Techniques Based on the Minimization of the Mean-sq uared Error

The minimum mean square error (MMSE) criterion has been extensively used for OFDM chan-

nel estimation. The optimal two dimensional channel estimation in the sense of the MMSE was

addressed in [79]. Due to the high complexity of this estimator, di�erent sub-optimal estimators

with lower complexities were proposed in [80] [81]. Other works in this area have suggested the

use of two cascaded uni-dimensional �lters performing respectively an MMSE estimation in time

and frequency domains.

In [82], van de Beeket al. proposed modi�cations to the MMSE CFR estimator under the

assumption of a �nite length impulse response. This work uses the theory of low-rank approx-

imations, based on the truncation of the discrete Fourier transform (DFT) matrices. Inspired

by the observations in [82], Edforset al. introduced in [83] a linear MMSE (LMMSE) estimator

by using the singular value decomposition (SVD) of the channel frequency response covariance

matrix. The complexity of this estimator is reduced by using optimal rank reduction [84]. The

rank reduction technique is adopted by Hsieh in [85] where the channel transfer function of pilot

tones are estimated by using the low-rank MMSE estimator, and the channel transfer function

of data tones are interpolated by a piecewise linear interpolation. In [86], Li et al. extended the

estimator of [83] and derived an MMSE estimator which makes full use of of the channel fre-

quency response correlation at di�erent times and frequencies. In this method, the correlation

of the channel frequency response is separated into the multiplication of time and frequency-
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domain correlation functions. A similar method was proposed in [87] where an MMSE �ltering

is performed separately in time and frequency directions. The proposed algorithm calculates

the actual delay spread of the channel and uses this result toimprove the frequency domain

�ltering which is performed by an adaptive �lter. In [88], Se shadri et al. developed OFDM

channel estimation in the case of space-time coding and multiple antennas and derived some

bounds for the mean square error (MSE).

Some of the techniques found in the litterature are based on Kalman �ltering. For instance,

in [89], Tufvesson and Maseng used a Kalman �lter to estimatethe time-variant channel taps

which are modeled by a �rst order auto-regressive (AR) process.

3.2.2 Decision-directed Techniques

Tha main drawback of pilot-only based channel estimation techniques is the loss of spectral

e�ciency due to the pilot overhead. The number of transmitte d training sequence can be reduced

by adopting decision directed methods which require the transmission of a single OFDM pilot

symbol at the beginning of the frame. The simple idea of this method is that in the absence

of transmission errors, one can use the detected symbols asa posteriori reference signals for

channel estimation instead of pilot symbols. A pioneering work in this area is that initiated

by Frenger and Svensson [90] [91] where a decision directed coherent detector for single carrier

and multicarrier systems based on an MMSE channel estimation is proposed. However, the

latter technique assumes that at each instant, all the previous decisions are correct. Obviously,

this is not a realistic assumption in practical situations. In order to mitigate the problem of

error propagation, Mignone and Morello [92] proposed a decision directed channel estimator

that exploits forward error correction (FEC) codes. In this technique, reliable decoded symbols

are used for channel estimation/updating and the problem oferror propagation is reduced.

However, the channel estimation loop of this method requires long delays which can become

a limiting factor for its implementation especially in mobi le channel environments. In [93],

Bulumulla et al. considered a MAP receiver based on decision feedback where the a posteriori

probability of the symbols are calculated by using a Kalman �lter.

Recenty, Akhtman et al. [94] proposed a decision directed channel estimation for OFDM systems

which employs a fractionally-spaced model for the CIR. The adoption of this fractionally-spaced

model is motivated by the fact that in realistic channel environments, one has no control over

the delay of CIR taps.
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3.2.3 Totally Blind Channel Estimation Techniques

The increasing need for high data rates motivated the searchfor \blind" channel identi�cation

and equalization methods as they save bandwidth by avoidingthe use of training sequences.

Numerous blind algorithms have been developed in the litterature [95], where several works

have focused speci�cally on multicarrier systems. Existing blind channel estimation methods

for OFDM systems usually fall in either the statistical or th e deterministic category.

Among statistical blind methods, the inherent cyclostationarity induced by the CP at the

transmitter has been exploited in [96] [97]. Speci�cally, Health and Giannakis [96] proposed

a blind method based on the cyclostationarity property of the time-varying correlation of the

received data samples due to the CP insertion at the transmitter; however this approach suf-

fers from slow convergence of the estimator. Other methods in this category are based on a

subspace decomposition [98] and take advantage of the inherent redundancy introduced by the

CP to blindly estimate the channel. These algorithms exploit the orthogonality of the noise

subspaceand signal subspaceand rely on the autocorrelation matrix of the pre-DFT received

data [99] [100] [101]. A subspace based blind channel estimation is presented by Zhouet al. [102]

for space-time coded OFDM systems employing linear precoding [103]. By using linear precod-

ing, the latter algorithm guarantees channel identi�abili ty, regardless of the underlying channel

zero locations. Recently, Lin and Petropulu [104] proposeda nonredundant nonunitary linear

precoded OFDM system and used the correlation introduced bythe precoding matrix to esti-

mate the channel at the receiver based on cross-correlationoperations. Other than CP, virtual

subcarriers have also been exploited for purposes of blind channel estimation. In some of the

standards like IEEE802.11a, there are some so-called virtual subcarriers that are left unmodu-

lated in order to ease �lter implementation at the band edge. A maximum likelihood (ML) joint

blind channel and data estimator that exploits the �nite alp habet property of modulation and

the presence of virtual carriers is presented in [105]. However, each of the above algorithms has

its own limitation. For example, subspace based methods typically require a large number of

OFDM symbols and thereby introduce a considerable latency into the overall system. A �nite

alphabet based algorithm can be applied only to a constant modulus signal. Thus, estimators

that require few OFDM symbols are preferable, as they can also operate over nonzero Doppler

channels without introducing any appreciable delay.

Deterministic methods are usually applied on received OFDMsymbols after FFT demod-

ulation and use the �nite alphabet property of the received symbols. They usually converge

much faster than statistical methods, while involving higher computational complexity at the

receiver. This category includes ML based approaches [106]and the exhaustive search approach

of [107]. The method of [106] has the advantage of producing achannel estimate from a single
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received OFDM symbol. Its principal drawback is the huge computational complexity needed to

execute the maximization operation embedded in the algorithm. However, the channel estimate

still has a phase ambiguity. In [108], Necker and Stuber modi�ed the basic ML method of [106]

for the case of PSK signals and developed a low complexity iterative version of the ML based

algorithm that exploits the time domain correlation of the t ransfer function.

3.2.4 Semi-blind Channel Estimation Techniques

Blind methods can also be used in cooperation with training data in order to better track channel

variations and to enable faster convergence. In that case, they are referred to as \semi-blind"

methods [109]. Usually, one or two pilot symbols are transmitted at the beginning of each frame

for synchronization and initial channel estimation purposes. Most of blind algorithms described

above can be extended to a semi-blind method. For instance in[99], a pilot symbol is used to

avoid the convergence period of the blind subspace algorithm. Besides, pilot subcarriers are

used to overcome the inherent scalar indetermination that is common in most of blind algoritms

(see [104] for instance). In [110], the authors introduce a zero-padded OFDM (ZP-OFDM)

system in which the null samples inserted between each OFDM modulated block are replaced

by a pseudorandom scalar sequence. The observation provided by this way is used to perform

a semi-blind channel estimation and tracking.

As stated in the introduction, an e�cient and extensively us ed method for semi-blind

channel estimation is that based on the EM algorithm. The EM algorithm is an iterative

algorithm that can be used to approximate an ML or MAP solutio n of the unknown channel

when the transmitted symbols are unknown at the channel estimator (blind situation). A brief

description of this algorithm is provided in the next section. For a more detailed and general

exposition of the EM algorithm, the reader is urged to read [7,111].

Since the algorithm presented in this chapter is an EM type algorithm, in what follows, we

present di�erent categories of channel estimation methodsbased on the EM algorithm.

3.2.4.1 EM Based Algorithms for ML Channel Estimation

Several papers have addressed ML channel estimation without using any a priori information

for the unknown channel. Very recently in [112] (see also [113]), the authors proposed several

improvements to the EM algorithm for MIMO channel estimatio n which can also be applied to

OFDM systems. In particular, they proposed an unbiased EM channel estimator that outper-

forms the classical EM estimator. In [114], the authors usedthe EM algorithm to estimate the

channel without any knowledge on the transmitted symbols. Xie et al. [115] proposed an EM

algorithm for MIMO-OFDM systems employing space-time coding which exhibits fast conver-
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gence. However, the proposed algorithm is just used as an iterative way to calculate their LS

solution since the transmitted data symbols are assumed to be known for channel estimation.

Ma et al. [114] presented several EM based algorithms to estimate theCFR or the CIR of an

OFDM system that is subject to slow time-varying frequency-selective fading. Although the

proposed estimators are simple, they do not consider any error correction code at the trans-

mitter. However, it is well known that uncoded OFDM systems are likely to perform poorly in

frequency-selective fading channels. To enhance the OFDM's performance, many architectures

utilize channel coding in conjunction with OFDM (COFDM) [11 6]. As we shall see later in this

chapter, the probability of encoded bits are involved in the EM algorithm computation. Mazet

et al. [117] were among the �rst to propose an EM based channel estimation that takes into

account the probability of encoded data coming from a soft-input soft-output (SISO) decoder.

They used the well known forward-backward algorithm [11] toprovide directly at the E-step of

the EM algorithm the probability of the encoded bits (see the description of the EM algorithm

in the next section). In that way, the receiver can perform a joint channel estimation and data

decoding. Following a similar idea, Touati et al. improved the approach of [117] by intro-

ducing the EM-block algorithm [118] which estimates the CFR by assuming that each channel

frequency gain is constant over a block composed of several OFDM symbols.

Recent works have reported promising results on the combination of EM based channel

estimation and data decoding process (see [5] [10,119{122]). In practical COFDM systems, the

use of a SISO decoder [11] is capable of supplying the probabilities of transmitted symbols,

which is exactly what the EM algorithm requires for channel estimation. The availability of

the probability information on transmitted symbols also helps to mitigate the error propaga-

tion problem in decision directed methods (as discussed previously), for example, by using only

\reliable" symbols or using the so-called \soft" symbols. Iterative or \turbo" processing that

includes the channel estimation into the iterative processof decoding turbo like codes is ad-

dressed in [5,119,122], for instance. However, the limitation of the receiver proposed in [5] is that

channel encoding must be performed accross subcarriers belonging only to one OFDM symbol

and not over the whole frame. A similar method is proposed in [119] where a two dimensional

channel estimation is performed by applying a concatenation of two one-dimensional estimators

in the frequency and time domains. Maet al. addressed in [123], the combination of an EM

based channel estimation with polynomial �tting. In this wo rk, the algorithm obtains �rst a

near optimal channel estimate by using the observation of a single OFDM symbol. Then to

further improve the performance, polynomial �tting is adop ted by gathering channel estimates

of several consecutive OFDM frames.
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3.2.4.2 EM Based Algorithms for MAP Channel Estimation

We refer to MAP channel estimation, every contribution that exploits an additional informa-

tion, usually called a priori information, in the channel estimation process. Clearly, in our

classi�cation, this prior information concerns only the channel parameters and in this sense

the algorithms using prior probabilies on data symbols coming from the soft decoder (e.g.,

reference [117]) are not viewed as a MAP channel estimator.

An EM based channel estimation that exploits the additional observations provided by the

CP is presented in [124]. In this algorithm, a normal prior distribution is chosen for the CIR.

However, except for theoretical Rayleigh fading where normal priors can be used, this choice

is not always justi�ed for OFDM channels. Moreover, the performance improvement (reported

in terms of MSE) achieved by using observations provided by the CP is always limited due

to the presence of ISI. A similar algorithm is proposed by thesame authors in [125] for time-

variant channels where the frequency response of the channel is modeled by a �rst order AR

equation. Mazet et al. have also adopted in [126] a �rst order AR modeling of the channel

time-variations. In this work, to take the AR model into cons ideration in the EM algorithm,

the channel frequency coe�cient at the previous OFDM symbol is considered as an additive

observation for the estimation of the current channel parameter. In order to further improve

the performance, the latter algorithm estimates the channel frequency coe�cients once in the

forward order and then in the backward order.

Ja�rot and Siala [6] proposed a turbo channel estimation method based on a Karhunen-

Lo�eve (KL) expansion of the unknown channel frequency coe�cients. This method considers

a frequency and time selective fading channel characterized by its spaced-frequency spaced-

time correlation matrix [60]. This two-dimensional channel correlation matrix is theoretically

evaluated in advance and assumed to be known at the receiver.Using this, the unknown

channel is represented as the weighted sum of the eigen vectors of its covariance matrix. In

order to reduce the estimation complexity, the algorithm estimates only a prede�ned subset

(much smaller than the number of OFDM subcarriers) of parameters corresponding to the

largest eigen values of the channel covariance matrix. The probability of encoded bits needed

in the EM algorithm are provided by the BCJR [11] algorithm. A lthough the latter method

achieves BER performance near the theoretical receiver with perfect channel knowledge, its

implementation requires the channel second order statistics as ana priori information which

cannot be available (at least in advance) in realistic situations. Recently in [127], the idea

presented by Ja�rot et al. has been extended to OFDM systems with space-frequency transmit

diversity. However, unlike the approach treated in [6], the authors have adopted a two-step

procedure where the channel estimation and data detection are performed separately.
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3.3 Brief Description of the EM Algorithm

3.3.1 Introduction

The EM algorithm is a broadly applicable approach to the iterative computation of ML esti-

mates, useful in a variety of incomplete-data problems, where other iterative algorithms may

turn out to be more complicated. At each iteration of the EM al gorithm, there are two process-

ing steps called theexpectation step(or the E-step) and the maximization step or (the M-step).

That is why the algorithm is called EM. This name was given by Dempster, Laird, and Rubin

(1977), referred usually as DLR, in their fundamental paper[111]. However, the EM algorithm

was discovered and employed independently by several di�erent researchers until DLR brought

their ideas together, proved its convergence and coined theterm \EM algorithm". The idea

behind the EM algorithm being intuitive and natural, algori thms like EM had already been

formulated and applied to a variety of problems.

In signal processing applications, the largest area of interest for the EM algorithm is in

ML estimation/detection problems with incomplete-data, w here there are missing data, trun-

cated distributions, censored and grouped observations which result in complicated likelihood

functions. However, the EM principle can be applied to a variety of situations where the incom-

pleteness of data is not so natural or evident. These includestatistical models such as random

e�ects, mixtures, convolutions, log linear models, etc. A large list of references is found in [128].

The basic idea behind the EM algorithm is to associate with the given incomplete-data

problem, a complete-data problemfor which ML estimation is computationally more tractable.

The methodology of the EM algorithm then consists in reformulating the problem in terms of

this more easily solved complete-data problem. The E-step consists in manufacturing data for

the complete-data problem using the incomplete observed data set and the current value of the

unknown parameters, so that a simpler M-step computation can be applied to this \completed"

data set. More precisely, it is the log-likelihood of the complete-data problem that is computed

in the E-step. As it is partly based on unobservable (or hidden) data, it is replaced by its

conditional expectation given the observed data, where this E-step is a�ected using the current

estimate of the unknown parameters. Starting from suitable initial parameter values, the E-

and M-steps are repeated until convergence.

3.3.2 General Statement of the EM Algorithm

3.3.2.1 Mathematical Formulation

Let Y denote the sample space of the observations, and lety 2 Rm denote an observation fromY

of sizem. Let X denote an underlying space and letx 2 Rn be an outcome fromX with m < n .
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The data vector x is referred to as thecomplete-data. The complete data x is not observed

directly but only by means of y where y = y(x ), and y(x ) is a many-to-one mapping fromX

to Y. As shown in Fig. 3.2, an observationy determines a subset ofX , which is denoted as

X (y ). The pdf of the complete-data vector is f (x j� ), where � 2 � � Rr is the set of unknown

Figure 3.2: An illustration of the complete- and incomplete-data sets of the EM algorithm.

parameters that we have to estimate. (We will refer to the density of the random variables

for convenience, even for discrete random variables for which probability mass functions (pmf)

would be appropriate). Moreover, the pdf f is assumed to be a continuous function of� and

appropriately di�erentiable. The ML estimate of � is assumed to lie within the region� . The

pdf of the incomplete-data is

g(y j� ) =
Z

X (y )
f (x j� ) dx (3.5)

and denotes the incomplete-data likelihood function. Let L i (� ) = log g(y j� ) and L c(� ) =

log f (x j� ) denote respectively the incomplete- and complete-data log-likelihood. The integral

operation in (3.5) may render very di�cult the estimation of the parameter � which maximizes

the likelihood function g(y j� ), even if the function log f (x j� ) is easy to maximize. This remark

justi�es the idea of the EM algorithm.

As stated before, the basic idea behind the EM algorithm is that we would like to �nd � to

maximize L c(� ) = log f (x j� ), but we do not have the data x to compute the log-likelihood. So

instead, we maximize the expectation of logf (x j� ) given the data y and our current estimate

of � . This can be expressed in two steps.

More speci�cally, let � (0) be some initial value for � . Then at the �rst iteration, the E-step
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requires the calculation of

Q(� ; � (0) ) = E
�

log f (x j� )
�
�y ; � (0) �

(3.6)

where Q(:; :) is called the auxiliary function . It is important to distinguish between the �rst

and the second arguments of the auxiliary function. The second argument is a conditioning

argument to the expectation and is regarded as �xed and knownat every E-step. The �rst

argument conditions the likelihood of the complete-data.

The M-step requires the maximization of Q(� ; � (0) ) with respect to � over the parameter space

� . That is, we choose� (1) such that

Q(� (1) ; � (0) ) � Q(� ; � (0) ) (3.7)

for all � 2 � . The E- and M-steps are then carried out again, but this time with � (0) replaced

by the current estimate � (1) . On the (t + 1)-th iteration, the E- and M-steps are de�ned as

follows.

� E-step: Calculate Q(� ; � (t ) ) where

Q(� ; � (t ) ) = E
�

log f (x j� )
�
�y ; � (t ) � (3.8)

� M-step: Choose� (t+1) to be any value of � 2 � that maximizes Q(� ; � (t ) ) as

� (t+1) = arg max
�

Q(� ; � (t ) ): (3.9)

We mention that the expectation in the E-step is with respect to all unobserved (or hid-

den) variables in the complete-data setX . We also note that the maximization in the M-step is

with respect to the �rst argument of the Q function, i.e., the conditioner of the complete-data

likelihood.

After initialization, the E- and M-steps are alternated rep eatedly until convergence. Conver-

gence may be determined by examining when the parameters remain almost unchanges, i.e.,

stop when k� (t ) � � (t � 1)k < � or L i (� (t ) ) � L i (� (t � 1) ) < � , for some small value of� and some

appropriate distance measurek:k.

3.3.2.2 Monotonicity of the EM Algorithm

DLR showed that the incomplete-data likelihood function g(y j� ) is not decreased after an EM

iteration. This is formulated in the following theorem prov ed in [111].

Theorem 3.3.1.

Q(� (t+1) ; � (t ) ) � Q(� (t ) ; � (t ) ) =) g(y j� (t+1) ) � g(y j� (t ) ) for all t: (3.10)
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3.3.2.3 Convergence to a Stationary Value

As shown in the last section, for a sequence of likelihood valuesf g(y j� (t ) )g, g(y j� (t ) ) converges

monotically to some stationary value g� . The stationary point may be a local maximum or

a saddle point of the likelihood function. In general, if g(y j� ) has several stationary points,

convergence of the EM sequence to either type (global or local maximum, saddle points) depends

on the choice of the starting point � (0) . Obviously, when the likelihood function is unimodal

in � (and a certain di�erentiability is satis�ed), any EM sequen ce converges to the unique

global maximum irrespective of its starting. In what follow s, we state without proof the main

convergence theorem given by Wu in [129].

Theorem 3.3.2. Let f � (t )g be a sequence of parameters obtained from successive maximiza-

tion of the auxiliary function Q(� ; � (t ) ) at the M-step. Then all the limit points of f � (t )g are

stationary points of g(y j� (t ) ) and g(y j� (t ) ) converges monotonically tog� = g(y j� � ) for some

stationary point � � .

3.3.3 Extension of the EM Algorithm to MAP Parameter Estimat ion

Up to now, we addressed the EM algorithm for ML estimation. Let us now consider a MAP

criterion for the estimation of the unknown parameter � of which ML estimation is a particular

case. Considering someprior distribution � (� ) for the unknown parameter, the MAP estimate

is given by

b� = arg max
�

�
logg(y j� ) + log � (� )

	
: (3.11)

When the likelihood function g(y j� ) is hard to maximize, the EM algorithm is a mean for

obtaining MAP estimates of a parameter � .

The EM algorithm for MAP estimation can be summarized as follows.

� E-step: Calculate Qmap(� ; � (t ) ) where

Qmap(� ; � (t ) ) = E
�

log f (x j� ) + log � (� )
�
�y ; � (t ) �

= Q(� ; � (t ) ) + log � (� ) (3.12)

� M-step: Choose� (t+1) to be any value of � 2 � that maximizes Qmap(� ; � (t ) ) as

� (t+1) = arg max
�

Qmap(� ; � (t ) ): (3.13)

We note that the E-step of MAP estimation di�ers from the E-st ep of ML estimation by

the additive term log � (� ). The presence of the term log� (� ) can also be exploited to render

the auxiliary function concave. The M-step is also di�erent since the maximization is performed
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over a modi�ed auxiliary function.

The aforementioned convergence properties of the ML based EM are also valid for MAP estima-

tion [111] [7]. Thus, each iteration of the EM algorithm is guaranteed to increase the logarithm

of the incomplete-data a posteriori probability, that is

logg
�
y j� (t+1) �

+ log �
�
� (t+1) �

� logg
�
y j� (t ) � + log �

�
� (t ) � : (3.14)

3.4 MB-OFDM Wavelet Domain Channel Estimation and Data

Detection

In this section, we present our semi-blind channel estimation algorithm for MB-OFDM systems

which is based on a wavelet decomposition of the unknown CIR.We start by introducing our

system model and then provide a brief description of the UWB channel model. This leads us to

present our motivations for a wavelet domain channel etimation. Then we present our speci�c

contribution.

3.4.1 System Model for MB-OFDM Transmission

As stated in chapter 2, MB-OFDM divides the spectrum between3.1 and 10.6 GHz into sev-

eral non-overlapping subbands each one occupying 528 MHz ofbandwidth [3]. Information is

transmitted using OFDM modulation over one of the subbands in a particular time-slot. The

MB-OFDM system uses a time-frequency code (TFC) to select the center frequency of di�erent

subbands which is used not only to provide frequency diversity but also to distinguish between

multiple users (see Fig. 2.12). As shown in Fig. 3.3 (repeated for convenience), after chan-

nel coding, a block of bits is interleaved and mapped to QPSK symbols. Here, we consider

MB-OFDM in its basic mode, i.e., employing the �rst three sub bands with N data subcarriers

over each subband. At the receiver, assuming a CP longer thanthe channel maximum delay

spread and perfect carrier synchronization, OFDM convertsa frequency-selective channel into

N parallel 
at fading subchannels [32]. Under these conditions, the transmission of then-th

OFDM symbol (inside a frame of sizeNSYM ) over the i -th subband can be written as

y i;n = Dsi;n
�H i;n + zi;n i 2 f 1; 2; 3g; n = 1 ; : : : ; NSYM (3.15)

whereDsi;n , diag(si;n ), (1 � N ) vectors y i;n , si;n and �H i;n denote respectively the received and

transmitted symbols, and the channel frequency response, the noise vectorzi;n is assumed to be a

zero-mean circularly symmetric complex Gaussian (ZMCSCG)random vector with distribution

CN(0; � 2IN ).
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Figure 3.3: TX architecture of the multiband OFDM system.

In what follows, we group the data and observations corresponding to three subbands of the MB-

OFDM system in a single vector (we call it a compoundOFDM symbol). As described above,

the data are sent in each subband in sequence. This ensures that data as well as observations are

available within each subband at each time-slot. The reasonbehind this operation is provided

in Section 3.4.3. This operation is depicted in Fig. 3.4 and can be written in the frequency

domain as 1

Y m = DSm
H m + Zm m = 1; : : : ; M SYM (3.16)

where DSm
, diag(Sm ), Y m = [ y1;n ; y2;n+1 ; y3;n+2 ]T , Sm = [ s1;n ; s2;n+1 ; s3;n+2 ]T , H m =

[ �H 1;n ; �H 2;n+1 ; �H 3;n+2 ]T and Zm = [ z1;n ; z2;n+1 ; z3;n+2 ]T are (M � 1) vectors, with M = 3N

and M SYM = NSYM =3. In the remainder, unless otherwise mentioned, we will notwrite the

time index m for notational convenience. Our aim is to use the data model (3.16) to estimate

the unknown channel frequency coe�cients H = [ H1; :::; HM ]T . Let h = [ h1; :::; hL ]T be the

vector of UWB CIR over the �rst three subbands, that is, we have

H = FM;L h;

whereFM;L is the truncated FFT matrix constructed from the ( M � M ) FFT matrix by keeping

the �rst L columns, whereL is the length of the CIR over a group of three subbands. Note that

using directy (3.16) would require the estimation ofM unknown parameters2 at each iteration of

the EM algorithm. The purpose of our method is to reduce the number of estimated parameters

and to enhance at the same time the estimation accuracy by exploiting the sparsness property

of UWB channels in the wavelet domain.

Thus, before going into the detail of our proposed channel estimation method, we propose to

1For the sake of notational brevity in equation (3.16), we hav e assumed that the TFC is equal to f 1,2,3,...g.
2For non quasi-static channels, the number of estimated parameters is even greater than M .
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Figure 3.4: (a) MB-OFDM packet transmission corresponding to a TFC= f 1,3,2,...g; (b) Proposed

arrangment of received OFDM symbols at the receiver.

have a closer look at the UWB CIR h and its wavelet domain representation.

3.4.2 UWB Channel Model in the Wavelet Domain

3.4.2.1 UWB Channel Model

Due to the very large bandwidth of UWB waveforms, a model di�erent from that of classical

narrowband channels should be considered to characterize the discrete arrivals of multipath

rays. For narrowband systems, these multipath components would not be resolvable by the

receiver when the system bandwidth is less than the coherence bandwidth of the channel. In

contrast, the large bandwidth of UWB signals signi�cantly i ncreases the number of resolvable

multipath components. In order to provide a model for system performance evaluation, the

IEEE802.15.3a channel modeling task group analyzed various contributions describing UWB

channel characteristics from measurements and �nally adopted [65], a slightly modi�ed version

of the Saleh-Valenzuela model [66].

In this model, the rays are grouped into \clusters" and the discrete time CIR sampled atTs is

represented as

hr
n =

CX

c=1

LX

l=1

� r
c;l � (nTs � T r

c � � r
c;l) n = 1 ; : : : ; L (3.17)
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Figure 3.5: Example of a discrete UWB channel impulse response realization with tap spacing of 631

ps, equivalent to a bandwidth of 1.584 GHz, CM3 UWB channel model.

where � (:) is the Dirac delta function, f � r
c;lg are the multipath gain coe�cients, r refering

to the impulse response realization,f T r
c g is the delay of the c-th cluster for the r -th channel

realization, and f � r
c;lg is the delay of the l-th multipath component within the c-th cluster for

the r -th channel realization. Fig. 3.5 shows an example of such a modeled UWB CIR and

highlights the challenges that the multipath model poses toUWB receivers. In particular, it is

obvious that a signi�cant amount of energy may exist in the multipath components. Therefore,

the channel estimation part has to estimate a large number ofcoe�cients in order to ensure an

accurate channel acquisition.

3.4.2.2 Wavelet Representation of UWB Channels

In order to reduce the number of estimated channel coe�cients at the receiver, we consider an or-

thogonal wavelet expansion of the unknown complex basebandchannel vectorh = [ h1; : : : ; hL ]T ,

with Jmax level of decomposition as [130]

hn =
JmaxX

j =1

2jX

k=1

gj;k  j;k [n] n = 1 ; : : : ; L (3.18)

where the set of coe�cients f gj;k g = hhn ;  j;k [n]i (h:; :i denotes scalar product) is the orthogonal

discrete wavelet transform (ODWT) of h and f  j;k [n]g are the basis functions of the ODWT.
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Figure 3.6: Illustration of the parsimonious representation of UWB channels in the wavelet domain, CM3

UWB channel model with 1.584 GHz of bandwidth, \Symmetric"w avelets with 3 levels of decomposition.

As shown in Fig. 3.6, the advantage of the wavelet representation is that a large set of signals

have a parsimonious representation in wavelet series [67].

In the presence of AWGN, estimating the wavelet coe�cients egj;k can be written as

egj;k = gj;k + � j;k j = 1 ; : : : ; J; k = 1 ; : : : ; 2j ; (3.19)

where � j;k � CN (0; � 2) denotes the estimation error. If the channel has a sparse wavelet repre-

sentation, one can assume that only a few largeegj;k really contain the most part of the channel

energy while \insigni�cant" coe�cients are attributed to t he noise. The extraction of those

\signi�cant" coe�cients can be naturally done by hard or sof t thresholding [131]. However, the

choice of the threshold value is crucial: an adequate choiceof the threshold necessitates a large

number of observations which are not always available in wireless communication applications.

In this work, we consider a Bayesian framework which involves a prior distribution of the

unknown channel wavelet coe�cients. This prior model is adopted so as to model the possibly

sparseness of UWB CIR wavelet expansion which is especiallyimportant for large channel

bandwidths [45]. Section 3.4.4 provides a speci�c prior distribution which has the nice property

that, when used with a Bayesian estimation, it behaves as a hard \keep" or \kill" thresholding

rule without any need to de�ne an explicit threshold value. I n the case of a sparse channel, this

property has two interesting features: i ) the precision of the estimator is improved due to the



54 Chapter 3 : Wavelet Based Semi-blind Channel Estimation f or Multiband OFDM

adequacy of the prior distribution, and ii ) \insigni�cant" wavelet coe�cients are discarded from

the estimation process, thus reducing the estimation computational load.

In our choice, the parsimonious characteristic of wavelet bases is imposed through the

following prior model: wavelet coe�cients are assumed to have a probability � to be zero and

a probability 1 � � to be Gaussian distributed asCNgj;k (0; � 2). This corresponds to an i.i.d.

Bernoulli-Gaussian [67] prior model for the probability density of gj;k as

� (gj;k ) = � � (gj;k ) + (1 � � ) CNgj;k (0; � 2) (3.20)

for j = 1 ; : : : ; Jmax and k = 1 ; : : : ; 2j . The parameters� and � (hyperparameters in the Bayesian

terminology) are estimated from the observed data (see Section 3.4.4). In other words, we do

not assume the percentage of null coe�cients to be known.

In what follows, we make use of a compact notation for the wavelet transform, based on a

(L � L ) orthonormal wavelet transform matrix W , whereL is the length of the channel impulse

response.

3.4.3 Wavelet Domain Problem Formulation

In order to take advantage of the wavelet based estimation, the channel impulse responseh is

expressed in terms of its orthogonal discrete wavelet coe�cients as

h = W yg;

and the channel frequency response as

H = FM;L h = FM;L W yg;

where g is a (L � 1) vector of the CIR wavelet coe�cients.

The frequency domain observation model (3.16) can be rewritten as

Y = DS T g + Z (3.21)

where T = FM;L W y.

In this model, although the channel is practically used (by the transmitter) by slices of

528 MHz bandwidth (corresponding to a single subband), on the receiver side, three received

OFDM symbols are grouped for estimating the wavelet coe�cients of the CIR, taken over

all three subbands (1.584 GHz bandwidth, see Fig.3.4). Thisis motivated by the fact that

estimating the channel over a wider bandwidth leads to a sparser representation in the wavelet

domain. Moreover, this approach simpli�es the receiver architecture since there is no need to

change the central frequency for down converting di�erent subbands.
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3.4.4 The EM-MAP Algorithm for Wavelet Domain Channel Estim ation

The EM algorithm proposed in this section is able to integrate the advantages of wavelet based

estimation via the prior chosen for channel wavelet coe�cients. We also emphasize that the

MAP estimator corresponds to a thresholding procedure which is used to reduce the number of

estimated coe�cients at each iteration of the EM algorithm.

3.4.4.1 An Equivalent Model and the EM Principle

Most of wavelet based estimation algorithms, rely on an observation model in which the unknown

wavelet coe�cients are corrupted by AWGN. Since the model (3.21) does not provide such a

framework, our �rst step consists in enforcing this property. In order to do so, the AWGN in

(3.21) is split into two independent Gaussian terms as

Z = DS Z1 + Z2 (3.22)

whereZ1 and Z2 are (M � 1) independent Gaussian noise vectors such thatp(Z1) = CN(0; � 2IM )

and p(Z2) = CN(0; � 2IM � � 2DS Dy
S
). Since we are using power normalized QPSK symbols,

DS Dy
S

= IM and the covariance matrix � 2 of Z2 reduces to� 2 = ( � 2 � � 2)IM . We de�ne the

positive design parameter� , � 2=� 2, (0 � � < 1) as the proportion of noise that is assigned

to Z2. Note that setting � = 0 leads to Z1 = 0 and is equivalent to working with the initial

model (3.21). However, for 0< � < 1, the above noise decomposition allows the introduction

of a hidden channel vector eH de�ned as
8
<

:

eH = T g + Z1

Y = DS
eH + Z2:

(3.23)

This procedure implicitly assigns part of the noise to the wavelet coe�cients, and the rest to

the measurement. This introduces a hidden vectoreH which provides us with a direct rela-

tion 3 between the true and the estimated wavelet coe�cients corrupted by an AWGN, even if

the two-stage observation model (3.23) is equivalent to (3.21). However, the di�erence with a

standard denoising problem like (3.19) is thatS and eH are unknown. Hence, the observation

model has missing data and hidden variables and the MAP solution of g has no closed form.

In such situations, the EM algorithm [7] is often used to maximize the expectation of the pos-

terior distribution over all possible missing and hidden variables. Obviously, the value assigned

arbitrarily to parameter � will in
uence the performance of the estimate, and will have to be

tuned.

Let X = f Y ; S; eH g be the complete-data setin the EM algorithm terminology. Note that

the observation set Y determines only a subset of the spaceX of which X is an outcome.
3Up to a left-multiplication by the matrix T y .
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We searchg that maximizes logp(gjX ). After initialization by a short pilot sequence at the

beginning of the frame, the EM algorithm alternates betweenthe following two steps (until

some stopping criterion) to produce a sequence of estimatesf g(t ) ; t = 0 ; 1; : : : ; tmaxg.

� Expectation Step (E-step): The conditional expectation of the complete log-likelihood

given the observed vector and the current estimateg(t ) is computed. This quantity is

called the auxiliary or Q-function

Q
�
g; g(t ) � = ES; eH

h
logp(Y ; S; eH

�
�g)

�
�
�
�Y ; g(t )

i
(3.24)

� Maximization Step (M-step): The estimated parameter is updated according to

g(t+1) = arg max
g

n
Q

�
g; g(t ) � + log � (g)

o
(3.25)

where� (g) is the prior distribution for the wavelet coe�cients introduced in sect ion 3.4.2, which

ensures a certain percentage of coe�cients to be set to zero.When applied to (3.23), each step

can be written as follows.

E-step: Computation of the Q-function

The complete likelihood is

p(Y ; S; eH
�
�g) = p(Y

�
�S; eH ; g) p(S

�
� eH ; g) p( eH

�
�g):

According to (3.23), p(Y
�
�S; eH ; g) is a pdf not depending ong. Furthermore, S which results

from coding and interleaving of bit sequence is independentof eH and g. SinceZ1 is a complex

white Gaussian noise, the complete log-likelihood can be simpli�ed to

logp(Y ; S; eH
�
�g) = log

�
p(Y

�
�S; eH ) p(S) p( eH

�
�g)

�

= log p( eH
�
�g) + cst.1

= �
k eH � Tg k

2

� 2 + cst.2

= �
gyT yTg � gyT y eH � eH yTg

� 2 + cst.3 (3.26)

where cst.1, cst.2 and cst.3 are constant terms that do not depend on g.

According to (3.24) we have

Q
�
g; g(t ) � = ES; eH

h
�

gyT yTg � 2Re
�
gyT y eH

�

� 2 + cst.
�
�
�Y ; g(t )

i

= �
gyT yTg � 2Re

�
gyT y ES; eH [ eH jY ; g(t ) ]

�

� 2 + cst.

= �
k heH (t ) i � Tg k

2

� 2 + cst. (3.27)
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where heH (t ) i , ES; eH [ eH
�
�Y ; g(t ) ] and cst. represents a constant term.

From (3.27), it is obvious that the E-step involves the computation of heH (t ) i , as follows:

heH (t ) i =
X

S2 C

Z

eH 2 H

eH p( eH ; S
�
�Y ; g(t ) ) d eH

=
X

S2 C

� Z

eH 2 H

eH p( eH
�
�Y ; g(t ) ) d eH

�
p(S

�
�Y ; g(t ) ) (3.28)

where the last equation results from the independence between S and eH belonging respectively

to the sets C and H . Note that each entry of S takes one (unknown) discrete value inside the

QPSK constellation whereas components ofeH are continuous variables.

In order to evaluate heH (t ) i in (3.28), we �rst have to evaluate the conditional mean � (t )
eH

of

eH as

� (t )
eH

= E eH [ eH
�
�Y ; g(t ) ] =

Z

eH 2 H

eH p( eH jY ; g(t ) ) d eH : (3.29)

In order to evaluate the latter expectation, we write p( eH jY ; g(t ) ) / p(Y j eH ) p( eH jg(t ) ). Since

both p(Y j eH ) and p( eH jg(t ) ) are Gaussian densities, it is well known that their product remains

Gaussian. We have to evaluate the mean of this Gaussian density. To this end we use the

following known result in the form of a lemma (see, e.g., [132]).

Lemma 3.4.1. Let CN(m 1; � 1) and CN(m 2; � 2) be two complex Gaussian densities ofx, then

CN(m 1; � 1) : CN(m 2; � 2) = K c CN(m c; � c);

where K c is a normalization factor and

m c =
�
� � 1

1 + � � 1
2

� � 1�
� � 1

1 m 1 + � � 1
2 m 2

�
;

� c =
�
� � 1

1 + � � 1
2

� � 1:

Noting from (3.23) that Y j eH � CN
�
DS

eH ; (� 2 � � 2)IM
�

and eH jg(t ) � CN
�
Tg (t ) ; � 2IM

�
,

and using Lemma 3.4.1, we get

� (t )
eH

= Tg (t ) + � Dy
S

�
Y � D S Tg (t )

�
: (3.30)

By introducing (3.30) in (3.28) we obtain

heH (t ) i = (1 � � ) Tg (t ) + � D
y
S
Y (3.31)

whereDS =
P

s2 C DS p(SjY ; g(t ) ). Here, we assume that a part of the receiver called soft-input

soft-output (SISO) decoder, is able to provide the probabilities p(SjY ; g(t ) ) required in (3.31)

(see Subsection 3.4.5 for more details). The E-step is then completed by inserting heH (t ) i into

Q(g; g(t ) ) of equation (3.27).
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M-step: Wavelet Based MAP Estimation

In this step the estimate of the parameter g is updated as given in (3.25) whereQ(� ; � (t ) ) is

given by (3.27). We have

g(t+1) = arg max
g

(

�
k heH (t ) i � Tg k

2

� 2 + log � (g)

)

: (3.32)

It is shown in Appendix A that the expression (3.32) is equivalent to

g(t+1) = arg max
g

(

�
k eg(t ) � g k

2

� 2 + log � (g)

)

(3.33)

where

eg(t ) = T yheH (t ) i = (1 � � ) g(t ) + � (DS T )yY : (3.34)

In fact, g (t+1) in (3.33) is no more than the MAP estimate of g from the observation

model:

eg(t ) = g + Z0
1 (3.35)

where Z0
1 � CN (0; � 2I L ).

Note that equation (3.35) is very important since it shows that the initial estimation problem

reduces to an observation model which involves a direct relation between the unknown wavelet

coe�cient g and its estimate eg(t ) , and this direct relation is corrupted by an AWGN (similar to

equation (3.19)). This is the reason of using the two level observation model in (3.23). Starting

from equation (3.35), our channel estimation problem can beviewed as a standard wavelet

domain denoising problem. A rich litterature exists on the latter topic especially in the image

processing community. In what follows, we derive the updateformula of our wavelet domain

channel estimator.

From the Bayes theorem, the posterior distribution of g is given by

p
�

gjeg(t )
�

/ p
�

eg(t ) jg
�

� (g) (3.36)

where from (3.35), p(eg(t ) jg) is the Gaussian likelihood, eg(t ) � CN (g; � 2I L ). In this approach,

� (g) is a prior distribution, chosen for the wavelet coe�cients g of the unknown CIR.

� Uniform Prior Model: At �rst, we consider a non-informative uniform i.i.d. prior

model for the wavelet coe�cients. Obviously, in this case, the MAP estimate coincides

with the ML estimate and is given by

g(t+1)
j = eg(t )

j for j = 1 ; : : : ; L (3.37)

where eg(t+1)
j is calculated in (3.34). The above estimate will be used later to study the

behavior of the MAP approach in the case where the channel fails to satisfy sparse wavelet

domain assumptions.
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� Bernoulli-Gaussian Prior Model: As previously discussed in section 3.4.2, when the

channel is sparse, we adopt the i.i.d Bernoulli-Gaussian model described by

� (gj ) = � � (gj ) + (1 � � ) CNgj

�
0; � 2�

(3.38)

for j = 1 ; : : : ; L , which allows us to model a sparsness property of UWB channels in the

wavelet domain. In order to deal with that particular model, we introduce an additional

state variable (or indicator) � j 2 f 0; 1g such that we can express this prior conditionally

as 8
>><

>>:

(gj j� j = 0) = � (gj ) with probability �;

(gj j� j = 1) � CN gj

�
0; � 2

�
with probability 1 � �:

(3.39)

This prior model, conditionally on the state variable � j , leads to a Gaussian posterior for

gj which makes the estimation explicit; from the direct observation model eg(t )
j = gj + Z 0

1;j

(equation (3.35)), we can express these posterior probabilities of � j as (see Appendix A)

p
�

� j = 0 jeg(t )
j

�
= � N

�
0; � 2

�
=c

p
�

� j = 1 jeg(t )
j

�
= (1 � � ) N

�
0; � 2 + � 2

�
=c

(3.40)

where the parameterc = � N
�
0; � 2

�
+(1 � � ) N

�
0; � 2 + � 2

�
. From this set of equations, we

notice that the indicator variable � j allows us to discriminate between the noise coe�cients

(for � j = 0) and the e�ective channel wavelet coe�cients (for � j = 1), eventually corrupted

by noise. The indicator variables � j are estimated, in the MAP sense by

� (t+1)
j =

8
>>><

>>>:

0; if p
�

� j = 0 jeg(t )
j

�
� 0:5

1; elsewhere:

(3.41)

Therefore, the MAP estimates of the channel wavelet coe�cients are obtained by a simple

denoising/thresholding rule as (see Appendix A)

g(t+1)
j =

8
><

>:

0; if � (t+1)
j = 0

� 2

� 2 + � 2 eg(t )
j ; if � (t+1)

j = 1 :
(3.42)

3.4.4.2 Updating the Prior Parameters � and �

The prior parameters � and � stand respectively for the (signi�cant)-wavelet coe�cien ts (vari-

ance) power and insigni�cant coe�cients probability. The u pdate rules of these two parameters

are maximum a posteriori based rules, derived from assigning conjugate priors to these param-

eters [133]. A Chi-square (� 2) prior with parameters r0 and � 0 is chosen for the inverse square
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value of � , � = � � 2

� (� jr0; � 0) / �
r 0 � 2

2 e� �� 0=2; (3.43)

while a Dirichlet prior with parameter u0 is chosen for the probability �

� (� ju0) / � u0 � 1(1 � � )� u0 : (3.44)

We point out that these parametric priors tend respectively to a non-informative Je�rey's [134]

prior for � as � 0 = 0 and r0 = 0, and to a uniform prior for � as u0 = 1=2. From the Bayes

rule, the posterior distributions of these two parameters are respectively given by

p(� jgj ; r0; � 0) / �
r � 2

2 e� ��= 2

p(� jgj ; u0) / � u� 1(1 � � )� u (3.45)

where

� = � 0 +
X

� j =1

g2
j ; r = r0 + L � eL;

u = u0 + eL (3.46)

with

eL = Card. f j : � j = 0g: (3.47)

These distributions have the advantage to be tractable and the maximization steps are straight

forward. With simple manipulations, these maximization yield

�̂ 2 =
1

�̂
=

�
r � 2

;

�̂ =
u � 1
L � 1

: (3.48)

Note also that when the channel does not satisfy the sparsness property, these update

equations still hold: while the sparsity is modeled by the Bernoulli-Gaussian equation (3.38), a

non sparse channel is translated by a value of� that tends to 0. This is easily veri�ed since the

sparser the channel, the lower the value ofeL (which represents the number of \null" coe�cients),

and in this case the value ofu may go down to u0. The value of the probability � in this case

tends to

�̂ =
u0 � 1
L � 1

:

In addition, for such a non sparse channel,� 2 which represents the power of signi�cant wavelet

coe�cients tends to

�̂ 2 =
� 0 +

P
� j =1 g2

j

r0 + L � 2
� 0 ! 0
�!

L � r 0 � 2

P
j g2

j

L

which is nothing but the ML estimate of � 2.
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3.4.4.3 Reduction of the Number of Estimated Parameters

The thresholding procedure derived in this section, provides an automatic framework for reduc-

ing the number of estimated coe�cients. This can be achievedby discarding at each iteration,

the elements ofg(t+1) that are replaced by zero in (3.42). The underlying assumption is as fol-

lows: whenever the estimator assimilates an unknown wavelet coe�cient to noise (replaces it by

zero), this coe�cient will always be considered as noise, hence it will not be estimated in future

iterations. We veri�ed by simulations that incorporating t his scheme into the EM algorithm

reduces the number of estimated parameters without any signi�cant performance degradation.

This operation is shown on Fig. 3.7 and can be modeled as

g(t+1)
tr = �

�
g(t+1) �

; T tr = �
�

T
�

(3.49)

where the truncation operator � (:) gathers in g(t+1)
tr the components ofg(t+1) that must be

kept and the operator �( :) constructs T tr from T by keeping the rows corresponding to the

kept indexes. During the �rst iteration ( t = 0), the algorithm does not perform any truncation

and the EM algorithm estimates all the coe�cients. However, after each M-step, the number

of unknown parameters to be estimated in the next iteration is reduced according to (3.49) by

using g(t+1)
tr and T tr in the updating formula of the E-step (3.31).

3.4.4.4 Extension to Unknown Noise Variance

Up to now, we have assumed that the noise variances� 2 and � 2 in (3.23) are known at the

receiver. However, in practical systems, the noise level isunknown and must be estimated from

the observations. We now present an extension of the proposed method where these variances

and the channel wavelet coe�cients are estimated together.

To this end, we use the indicator variables� j;m de�ned in the M-step section for discriminating

between the wavelet coe�cients and the noise samples, wherethe index m denotes them-th

(compound) OFDM symbol inside the current frame. Let us de�ne the matrix G from (3.35)

as G =
�
eg1 ; : : : ; egM SYM

�
and the set � from (3.41) as

� = f (j; m ) : � j;m = 0g (3.50)

where the iteration index has been omitted for notational brevity. It is clear that, using � at

each iteration, we can derive a subsetV � G as

V = G(�) = f G(j; m ) : � j;m = 0g (3.51)
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Figure 3.7: EM-MAP channel estimation combined with the decoding process.

which contains samples of the noise vectorZ0
1 � CN (0; � 2I L ) according to the model (3.35).

At iteration t, the variance � 2 may be empirically estimated as

(�̂ 2)(t ) =
1

eL M SYM

M SYMX

l=1

X

j

jV(j; m )j2; (3.52)

where eL is given in (3.47).

According to the de�nition of the parameter � in (3.23), the variance � 2 is obtained as

(�̂ 2)(t ) =
(�̂ 2)(t )

�
: (3.53)

3.4.5 Decoding Method and Implementation Issues

3.4.5.1 Iterative Demapping and Decoding

At the receiver, we perform MAP symbol detection and channeldecoding in an iterative manner.

The block diagram of the receiver is shown in Fig. 3.7. Besides the channel estimation part,

the rest of the receiver principally consists of the combination of two sub-blocks that exchange

soft informations with each other. The �rst sub-block, refered to as soft demapper (also called

detector), produces bit metrics (probabilities) from the input symbols and the second one is

a SISO decoder. Each sub-block can take advantage of the softinformation provided by the

other sub-block as an additional information. Here, SISO decoding is performed using the

well known forward-backward algorithm [11]. We present in the following, the formulation of

the MAP detector part, assuming that at iteration t, the receiver has an estimatebH (t ) of the

channel (given by bH (t ) = T tr g(t )
tr ) and of the noise variance (^� 2)(t ) . Moreover, we consider the

observation modelY = DS H + Z of equation (3.16).
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Let ck;i (i = 1 ; : : : ; B ) be the i -th4 coded and interleaved bit corresponding to thek-th

constellation symbol Sk and let Yk be the corresponding received symbol (k = 1 ; : : : ; MM SYM ).

We denote byL(ck;i ) the log-likelihood ratio (LLR) of the bit ck;i at the output of the detector.

Conditioned on the channel coe�cient estimated at the t-th iteration bH (t )
k , L (ck;i ) is given by

L(ck;i ) = log
Pdem

�
ck;i = 1

�
� Yk ; bH (t )

k

�

Pdem
�
ck;i = 0

�
� Yk ; bH (t )

k

� ; (3.54)

where Pdem(ck;i
�
�Yk ; bH (t )

k ) is the probability of transmission of ck;i at the demapper output. Let

S be the set of all possibly-transmitted symbols corresponding to Sk . We partition S into two

setsSi
0 and Si

1, for which the i -th bit of Sk equals \0" or \1", respectively. We have

L(ck;i ) = log

P

Sk 2 S i
1

e�D ML

�
Sk ; Yk ; bH ( t )

k

�
P1

�
Sk jYk ; bH (t )

k

�

P

Sk 2 S i
0

e�D ML

�
Sk ; Yk ; bH ( t )

k

�
P0

�
Sk jYk ; bH (t )

k

� ; (3.55)

whereP0
�
Sk jYk ; bH (t )

k

�
and P1

�
Sk jYk ; bH (t )

k

�
denote the probability that Sk belongs toSi

0 and Si
1,

respectively, andDML

�
Sk ; Yk ; bH (t )

k

�
= jYk � bH (t )

k Sk j2=(�̂ 2)(t ) .

Actually, according to (3.28), we have to use the information on transmitted symbols, obtained

from the SISO decoder through the probability Pm
�
Sk jYk ; bH (t )

k

�
(m 2 f 0; 1g), to update the

channel estimate at each iteration. Furthermore, the soft demapper requires an estimate of the

channel in order to provide the probability of encoded bits (see (3.55)). Hence, the proposed

semi-blind channel estimation algorithm is naturally combined with the process of data decod-

ing. The probability Pm
�
Sk jYk ; bH (t )

k

�
involved in (3.55), is calculated using the a posteriori

probabilities provided by the SISO decoder at the end of thet-th iteration as

Pm
�
Sk jYk ; bH (t )

k

�
=

BY

j =1
j 6= i

Pm
dec(ck;j ) m 2 f 0; 1g; (3.56)

where P0
dec(ck;j ) and P1

dec(ck;j ) are prior probabilities coming from the SISO decoder.

Note that in (3.56), the a priori probability of the bit ck;i itself has been excluded, so as to let

the exchange ofextrinsic information between the channel decoder and the soft detector [135].

Also, note that this term assumes independent coded bitsck;j , which holds for large size random

interleaving. At the �rst iteration, where no a priori infor mation is available on bits ck;j , the

probabilities P0
dec(ck;j ) and P1

dec(ck;j ) are set to 0:5.

3.4.5.2 Global Procedure for Joint Channel Estimation and D ecoding

There are several possible ways to practically implement a joint channel estimation and decoding

receiver. In fact, inside each EM iteration t, the receiver should perform several decoding
4Here B = 2 since we are using QPSK.
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iterations, keeping the channel estimate bH (t ) . For complexity issues, the considered receiver

performs only one pass through the decoder inside each EM iteration. The main steps of the

iterative MAP channel parameter estimation are summarizedas follows.

� Initialization (t = 0)

{ Set all probabilities of coded bits Pm
dec(ck;i ) to 0:5 and derive

Pm
�
Sk jYk ; bH (0)

k

�
for all k according to (3.56) and then derive

p(SjY ; H (0) ) = p(SjY ; g(0) ).

{ Initialize the unknown vector g by g(0) obtained from pilot symbols.

� for f t = 1 ; : : : ; tmaxg

{ Use the previous estimate g(t � 1) and p(SjY ; g(t � 1) ) to calculate eg(t � 1) ac-

cording to (3.34).

{ Use eg(t � 1) to obtain the updated channel parameters g(t ) by using (3.42).

{ Discard the wavelet coefficients that are replaced by zero i n g(t ) by

evaluating g(t )
tr and T tr from (3.49).

if f t 6= tmax }

Use the current estimate g(t )
tr to update the probability of encoded bits

Pm
dec(ck;i ) and derive Pm

�
Sk jYk ; bH (t )

k

�
from (3.56) and then derive p(SjY ; g(t ) ).

else

Decode the information data by thresholding the uncoded bit probabili-

ties.

� end

3.4.6 Simulation Results and Discussions

In this section we present a comparative performance study of the proposed EM-MAP algo-

rithm according to the parameters described in Section 3.4.1. The performance comparison is

made in terms of MSE for channel estimation and bit error rate (BER) for the combination of

channel estimation with the decoding process. The MSE is de�ned as the averaged square norm

of the di�erence between vectorsg and g(tmax ) , representing the true and the estimated chan-

nel wavelet coe�cients at the last iteration, respectively. Besides, we consider the number of

parameters that must be estimated at each iteration as a measure of the algorithm complexity.
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The binary information data are encoded by a non-recursive non-systematic convolutional en-

coder with rate R = 1=2 and constraint length 3, de�ned in octal form by (5; 7)8. Throughout

the simulations, each frame is composed ofNSYM = 9 OFDM symbols with N = 128 subcarri-

ers each. Channel coe�cients are kept constant during each fading block and changed to new

independent realizations (measures) from one frame to the next.

In order to initialize the EM algorithm, we devote NP = 3 channel-uses to the transmission

of OFDM pilot symbols (one for each subband). Data and pilot symbols belong to the QPSK

constellation with Gray labeling. Corresponding to the pilot symbols, we employ a LS estimate

to obtain the initial channel parameters.

The interleaver is pseudo-random, operating over the entire frame of sizeN I = NSYM NB bits

(excluding pilots, obviously). Among di�erent wavelet fam ilies, \symmetric" wavelet basis func-

tions [130] providing a sparser representation [45] have been considered. Unless otherwise men-

tioned, the BER and MSE curves correspond to the fourth iteration of the algorithm. Moreover,

the signal-to-noise ratio (SNR) is considered in the form ofEb=N0.

Di�erent propagation environments are considered for performance evaluation. The char-

acteristics of these channels are listed in Tab. 3.1. For allenvironments, the bandwidth of the

CFR over three subbands is 1584 MHz with 384 coe�cients and the CIR has a total number

of 96 taps. The �rst channel considered is calledtheoretical sparsechannel. This channel is

manufactured from a random model that generates a vector of size (96� 1) in which only 20

wavelet coe�cients out of total 96 have non zero values. A realization of this channel is depicted

in Fig. 3.8. Note that although not realistic, this theoreti cal model provides the best adequacy

between the prior assumption of sparseness and the actual propagation environment and allows

to see the asymptotic behavior of our algorithm in the extreme case of a very sparse channel

representation. The second channel is the non-line of sight(NLOS) channel model CM2 spec-

i�ed by the IEEE802.15.3a channel modeling subcommittee [65] for UWB sytem performance

analysis.

We have also considered two sets of channel meausures issuedfrom realistic UWB indoor chan-

nel measurements performed in our laboratory [136], in the context of the European Ultrawaves

project. These channels are calledCorridor and Multi
oor , respectively. In the Corridor en-

vironment, the transmit and receive antennas are located ina corridor within the line of sight

(LOS) of each other, whereas in the Multi
oor scenario, the antennas are located in two di�erent


oors and separated by 3.7 meters (see Figs. 3.9 and 3.10).



66 Chapter 3 : Wavelet Based Semi-blind Channel Estimation f or Multiband OFDM

Channel name Theoretical sparse CM2 Corridor Multi
oor

Issued from Model Model (IEEE) Measures Measures

BW per subband (MHz) 528 528 528 528

Tx-Rx separation (m) - 0-4 17.5 3.7

(Non-) line of sight - NLOS LOS NLOS

Table 3.1: Characteristics of di�erent channel scenarios used for performance evaluation.
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Figure 3.8: Real and imaginary part corresponding to a random vector realization of the Theoretical

sparsechannel wavelet coe�cients g.

3.4.6.1 A Proper Choice of Parameter �

In Section 3.4.4, we have de�ned the parameter� , � 2=� 2. Of course, the choice of an appro-

priate value for � is important since it a�ects the variance of the noise vectorZ0
1 in (3.35) which

is involved in the EM-MAP channel update formula of (3.49). One simple way is to choose�

according to a speci�c performance criterion. Here, we consider the minimization of the MSE

between the perfect and the estimated channel.

Figure 3.11 shows the MSE between the perfect and the estimated channel from the EM-

MAP algorithm, as a function of � , obtained in the case of CM2 channel for di�erent values of
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Figure 3.9: Measurement setup of theCorridor channel in third 
oor of ENSTA.

Figure 3.10: Measurement setup of theMulti
oor channels in third and fourth 
oor of ENSTA.

Eb=N0. It can be observed that the MSE is minimized at � = 0 :4 for low SNR and at � = 0 :3

for high SNR values. Further simulations over di�erent prop agation environments issued from

both IEEE channel models and measurements tend to show that the the interval 0:3 � � � 0:5

contain the minimum value of the MSE. In the following simulation results, � is set to 0:4 for

all propagation environments.

3.4.6.2 Performance Evaluation of the EM-MAP Algorithm

For the sake of performance comparison, we consider two pilot-only based approaches using

ML and MMSE channel estimation, referred to as pilot-ML and pilot-MMSE. We compare our



68 Chapter 3 : Wavelet Based Semi-blind Channel Estimation f or Multiband OFDM

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0

0.01

0.02

0.03

0.04

0.05

0.06

0.07

0.08

0.09

0.1

r  = a2/s2

M
S

E

Eb/N0 = 2 dB
Eb/N0 = 4 dB
Eb/N0 = 6 dB
Eb/N0 = 10 dB

0.3 £ r  £ 0.5

Figure 3.11: Mean square error between the true and the estimated coe�cients as a function of � .

proposed algorithm with two semi-blind channel estimationmethods based on the EM algorithm.

The �rst approach called EM-Freq, estimates all the 384 frequency coe�cients corresponding to

the channel over the �rst three subbands using the model (3.21), and is similar to the method

proposed in [8]. The second semi-blind approach, called EM-Wav, is a wavelet domain EM

based channel estimation where the prior distribution is uniform. This estimate is given by

equation (3.37).

Let us �rst study the case of the Theoretical sparse channel.Figure 3.12 depicts the MSE

as a function ofEb=N0. It can be noticed that, although the pilot-MMSE approach im proves the

estimation accuracy for low SNR values as compared to pilot-ML, the performance of both pilot-

only based channel estimation methods is very far from thoseof semi-blind methods. Comparing

the wavelet domain semi-blind approach (EM-Wav) and the frequency domain approach (EM-

freq), we see that a signi�cant gain is achieved by the former. This is due to the inherent

averaging present in the estimation formula (via matrix T ), since a weighted sum of all elements

of the observation vector Y is combined to estimate a given wavelet coe�cient (see equations

(3.31) and (3.35)). As shown, the best performance is achieved by the EM-MAP method. We

see that by using EM-MAP, a gain of almost 4 dB in SNR is achieved at a MSE of 2 � 10� 3,

compared to the EM-Wav method. This clearly shows the adequacy of the EM-MAP method

for the case where the unknown channel has few non-zero wavelet coe�cients, which is in perfect
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agreement with the prior model.

Figure 3.13 shows the BER results along with the BER for the case of perfect channel

state information (CSI). It can be seen that at a BER of 10� 3, the pilot-ML and the EM-Freq

approaches are respectively 3:9 and 2 dB away from the BER obtained with the perfect channel.

Furthermore, the performance of the Pilot-MMSE approach is not displayed since it was very

close to that of Pilot-ML. Also, we observe that wavelet based semi-blind methods perform

closely to the perfect CSI case. For example, at a BER of 10� 4, the EM-MAP and EM-Wav

method have respectively about 0.2 dB and 0.5 dB of SNR degradation from the performance

obtained with perfect CSI.

0 2 4 6 8 10 12 14
10

-4

10
-3

10
-2

10
-1

10
0

Eb/N0 (dB)

M
S

E

Pilot-ML
Pilot-MMSE
EM-Freq
EM-Wav
EM-MAP

Figure 3.12: Mean square error between the true and estimated coe�cientsfor the sparse channel

model.

We now evaluate the performance of the EM-MAP algorithm for the case where the channel

does not necessarily have a very sparse representation by considering the Corridor and CM2

channels. Figures 3.14, 3.15 and 3.16 show that wavelet based methods again outperform pilot

based and EM-Freq methods in terms of MSE and BER. Furthermore, we observe that the

performance of the EM-MAP method is now comparable to that of the EM-Wav method. To

understand and explain this result, we analyze the estimation of the prior model parameter � .

Remember from Section 3.4.2 that� is the probability for a channel wavelet coe�cient to be

zero, and hence indicates the probability for a channel to have a parsimonious representation

in the wavelet domain. This parameter is estimated in the M-step from the estimated wavelet
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Figure 3.13: BER performance of di�erent channel estimation methods over the sparse channel model.

0 2 4 6 8 10 12 14
10

-3

10
-2

10
-1

10
0

Eb/N0 (dB)

M
S

E

Pilot-ML
Pilot-MMSE
EM-Freq
EM-Wav
EM-MAP

Figure 3.14: Mean square error between the true and estimated coe�cientsover the Corridor channel.

coe�cients, as explained before.

In order to have a measure of channel's sparsness in the wavelet domain, we consider a bank of
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Figure 3.15: BER performance of di�erent channel estimation methods over the Corridor channel.
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Figure 3.16: BER performance of di�erent channel estimation methods over the CM2 channel.

channels and de�ne the sparsness factor
 as the ratio of zero channel wavelet coe�cients to the

total number of coe�cients. To see the impact of channel's sparsness on the EM-MAP method
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Figure 3.17: Estimation of the a priori model parameter � versus the sparsness factor.

performance, we have shown in Fig. 3.17 the estimated probability �̂ of the Bernoulli-Gaussian

prior model (3.38) as a function of 
 . It can be observed that �̂ increases when the channel

tends to become sparser (for large
 values). High values of �̂ lead to a Bernoulli-Gaussian

prior model with an attenuated Gaussian component. In this case, the EM-MAP algorithm

makes use of an adequate prior information and outperforms the EM-Wav approach that does

not have access to any prior information (see Figs. 3.12 and 3.13). Also, we observe that when

the channel is not very sparse (for low
 values), the algorithm assigns small values to� . This

leads to a Gaussian prior model with a large variance compared to the noise variance, which

can be approximated to a uniform prior. As a result, the prior becomes \less informative" and

the EM-MAP performs close to EM-Wav, as shown in Figs. 3.14 and 3.15. Thus, the EM-MAP

algorithm proposed here is globally able to adapt its prior model parameters to any propagation

environment.

Figures 3.18 and 3.19 depict the performance obtained over the Multi
oor channel. Obvi-

ously, due to the presence of a large number of deep fades in the CFR of this scenario, the overall

BER performance is degraded as compared to other scenarios.However, we observe that even

in this severe environment, wavelet based channel estimation methods outperform the classical

EM-Freq method.

Although we observed that the performance of EM-MAP and EM-Wav methods are close
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Figure 3.18: Mean square error between the true and estimated coe�cientsover the Multi
oor channel.
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Figure 3.19: BER performance of the EM-MAP method over the Multi
oor chan nel.

over non very sparse channels, it is important to notice that the EM-MAP method takes yet

the advantage over the EM-Wav method due to its lower computational complexity. This is

explained in the following.
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Figure 3.20: Reduction of the number of estimated parameters through iterations, Eb=N0 = 8 dB.

3.4.6.3 Average Number of Estimated Parameters

We now present an important result. We compare the above semi-blind algorithms with respect

to the average number of estimated parameters at each iteration of the EM algorithm. This is

shown in Fig. 3.20 for di�erent channel scenarios. First, recall that the EM-Freq and EM-Wav

methods have to continuously estimate 384 and 96 coe�cientsat each iteration, respectively.

As explained in Subsection 3.4.4.3, by discarding the coe�cients that are replaced by zero, the

EM-MAP method tends to reduce signi�cantly the number of est imated parameters, specially

for sparse channels. This can be seen for the sparse channel where the number of estimated

parameters is reduced from 96 down to 20 parameters after thesecond iteration. Furthermore,

for the non-sparse Corridor and CM2 channels, we observe that the EM-MAP method is to

be preferred to the EM-Wav, due to its lower computational load, since it estimates about

40 coe�cients after the second iteration. Although we observed that in this case these two

methods exhibit close performance, the EM-MAP algorithm brings a reduction of about 60%

on the number of estimated parameters when compared to the EM-Wav approach.

3.4.6.4 Convergence of the EM-MAP Algorithm

Finally, we analyze the number of iterations that the EM-MAP algorithm requires for conver-

gence. On Fig. 3.21, the MSE performance of the EM-MAP algorithm is presented as a function
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Figure 3.21: Convergence of the MSE with respect to the number of iterations over the CM2 channel.
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Figure 3.22: Increase of the incomplete-data likelihood with the numberof iterations, CM2 channel.

of the number of iterations. It is obvious from these curves that the MSE performance of the

proposed algorithm converges within 2 to 4 iterations, depending on the average SNR. This

justi�es our choice of 4 iterations in the results presentedabove.
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In order to support the theoretical analysis of Section 3.3.2.2 concerning the monotonicity and

convergence of the EM algorithm, we have shown in Fig. 3.22 the incomplete-data likelihood

as a function of the number of iterations. It is observed that the incomplete-data likelihood

increases through iterations and becomes stable within only 3-4 iterations.

3.5 Conclusion

This chapter was devoted to our proposed channel estimationmethod for MB-OFDM systems.

We started by a review of di�erent channel estimation techniques for OFDM systems. First,

we presented pilot-only based methods. Although simple, weshowed that these techniques

require multiple training symbols to provide a reliable channel estimate which can result in

a signi�cant loss of the spectral e�ciency. Then, we presented di�erent totally-blind channel

estimation techniques that estimate the channel without any need for training sequences. As

discussed, most of totally-blind algorithms are based on the knowledge of data symbol statistics

that must be acquired empirically after receiving a large number of observations. We saw that

blind algorithms can be extended to semi-blind methods in which a few number of pilot symbols

are required for the algorithm initialization. Among the fa mily of semi-blind methods, we were

especially interested by iterative EM based algorithms. Weexplained two approaches for ML-

or MAP-based channel estimation using the EM algorithm.

We presented an EM based semi-blind algorithm, able to integrate the advantages of wavelet

based estimation. By expressing the unknown UWB channel in terms of its discrete wavelet

coe�cients, we choose a prior distribution that captures th e possibly sparsness property of

UWB channels in the wavelet domain. This led to a MAP estimator equivalent to a hard

thresholding procedure at each iteration of the EM algorithm, which we used to reduce the

number of estimated coe�cients at each iteration. For performance evaluation, we considered

di�erent UWB channel environments issued from the IEEE channel models and from realistic

indoor measurements. It was observed that when the channel has a sparse wavelet expansion,

the prior model parameters which are estimated from the observed data, carry this sparsness

information to the EM-MAP algorithm. Moreover, we showed th at in this case, the EM-MAP

method provides a signi�cant reduction in the number of estimated parameters and outperforms

all considered pilot based and semi-blind methods. For non-sparse channels, although both the

EM-MAP and EM-Wav methods perform closely, the EM-MAP takes the advantage over the

EM-Freq and EM-Wav schemes due to its lower computational complexity.

Finally, we note that for MB-OFDM systems working over a wider channel bandwidth

(more than the �rst three subbands), the EM-MAP method will b e even more interesting in

terms of complexity reduction and channel estimation accuracy. This is due to the fact that
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with the increase of bandwidth, the channel tends to have a more sparse wavelet representation,

and consequently, the prior information becomes \more informative".
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Chapter 4

Multiband MIMO-OFDM:

Improved Detection and Achieved

Throughputs Under Channel

Estimation Errors

4.1 Introduction and Motivations

In the previous chapter, we proposed an enhanced receiver for MB-OFDM systems in which

the channel is estimated during the iterative process of data detection by using a semi-blind

algorithm. Our simulation results showed that the performance of the pilot-only based channel

estimation method is far from that provided by our iterative algorithm. However, one must

recognize that due to its simplicity, pilot-only based channel estimation is often preferred to

iterative methods for obtaining channel state information at the receiver (CSIR). Furthermore,

there is a growing demand to increase the data rates of MB-OFDM further beyond 480 Mbps

(initially provided by the scheme proposed in [3]), up to 1 Gbps and even higher. The main

objective of this chapter is to propose a new transceiver structure being able to increase the

data rate and to improve the detection performance of MB-OFDM systems under imperfect

channel estimates obtained by a pilot-only technique.

One way to increase the data rate of the current MB-OFDM system is to use higher order

modulations. To further enhance the data rates and the coverage ranges, the employment of

multiple-input multiple-output (MIMO) scheme to UWB has ga ined interest recently. Both of

these issues are exploited in this chapter. In fact, most UWBsystems operate in rich scattering

indoor environments, which provide an ideal transmission scenario for MIMO implementation.
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In addition, the GHz center frequency of UWB radio relaxes the requirements on the spacing

between antenna array elements. Consequently, the combination of UWB and MIMO technol-

ogy is a good candidate to become a viable and cost-e�cient method for very high data rate

requirement of future short range wireless applications. However, in UWB communications,

the underlying MIMO channel exhibits strong frequency selectivity. By using OFDM and ap-

plying a proper cyclic pre�x (CP), the frequency selective channel is transformed into a set of

frequency-
at subchannels [32]. These considerations motivate the combination of MIMO and

OFDM, referred to as MIMO-OFDM.

To this date, multi-antenna UWB technology has been well documented for the traditional

single band UWB system [137,138]. On the other hand, research about multi-antenna multiband

UWB systems is still largely unexplored. Recently in [139],the authors have proposed the com-

bination of space-time-frequency coding and multiband OFDM and quanti�ed the performance

merit of this scheme by considering perfect channel knowledge at the receiver.

In this chapter, we consider a multi-antenna transceiver for MB-OFDM systems and refer

to it as MB-MIMO-OFDM. Furthermore, we assume that the chann el time-variations are slow

enough so that we can consider a constant channel during the transmission of a frame. To

obtain the CSIR in the above scenario, we transmit a limited number of known training (pilot)

symbols before proceeding to the detection of data symbols.Obviously, due to both the �nite

number of pilot symbols and to noise, the receiver can only obtain an imperfect (and possibly

poor) estimate of the channel. It is important to understand the origin of the performance

degradation that we have observed in Chapter 3 for MB-OFDM iterative detection using a

pilot-only based channel estimation. This can be intuitively explained by the following fact. As

the detector decision formula that we have used intrinsically assumes perfect CSIR, the unknown

channel is replaced by its imperfect estimate in the detection metric. Regarding this scenario,

two important questions will be investigated throughout th is chapter. i ) What type of practical

detector can improve the overall system performance under imperfect CSIR ?, ii ) What are the

maximal achievable information rates of practical detectors and how close do they perform with

respect to the rates provided by the best possible detector in the presence of channel estimation

errors ?

Previous Works: A rich literature exists on the impact of imperfect channel estimation on

the performance of communication systems employing multiple antennas. For a MIMO system

using pilots for channel estimation, Garg et al. showed in [37] that for compensating the

performance degradation due to imperfect channel estimation, the number of receive antennas

should be increased. Obviously, this may not be always possible in practice. In [140], the

authors quanti�ed the performance loss of the V-BLAST scheme [31] due to the presence of
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channel estimation errors and derived a tight error 
oor, whereas in [141] it is shown that

a signi�cant performance gain can be achieved by incorporating the imperfect channel into

the design of space-time codes. Reference [38] investigated the e�ect that imperfect channel

estimation has on space-time decoding and showed that the classical maximum likelihood (ML)

detector, derived for the case of perfect CSIR, becomes largely suboptimal in the presence of

channel estimation errors. A similar investigation was carried out in [142, 143] in the case of

single-antenna multi-carrier systems based on OFDM.

In order to deal with imperfect channel estimation, one suboptimal approach, known as

mismatcheddetection, consists in using the channel estimate for detection, in the same way as if

it was a perfect estimate. It is shown, for instance, in [144]that this scheme greatly degrades the

detection performance in the presence of channel estimation errors. Furthermore, in [145], the

authors showed that under imperfect channel estimation, the rates achieved by the mismatched

detector are signi�cantly lower than the limit of the channe l capacity.

As an alternative to the aforementioned mismatched approach, Tarokh et al. in [144] and

recently Taricco and Biglieri in [38], proposed animproved ML detection metric under imperfect

CSIR and used it with the standard Viterbi algorithm.

Contributions: Recently in [146], we showed that, compared to the mismatched ML metric,

the improved ML metric can increase the achievable outage rates of MIMO-OFDM systems,

especially when few training symbols are devoted for channel estimation. We have reported

similar observations in [147] for the case of single-antenna OFDM systems.

Our aim in this work is to propose an improved iterative detector, that takes into account

the imperfect channel estimation obtained via training sequences. To this end, we propose a

Bayesian framework based on thea posteriori probability density function (pdf) of the perfect

channel, conditioned on its estimate. This general framework enables us to formulate any

detector by considering the average, over the channel uncertainty, of the detector's cost function

that would be applied in the case of perfect channel knowledge. As we shall see, the improved

ML metric of [38] becomes a special case of the general framework considered in this work.

At �rst, we use the improved ML metric for the derivation of an improved turbo-MAP

detector. By modifying properly the soft-values at the output of the MAP detector, we reduce

the impact of channel uncertainty on the SISO decoder performance. In a second step, in order

to answer the question ii ), we compute the achievable rates associated to the improved and

mismatched ML metrics using Gaussian input symbols. This allows us to evaluate the limits of

reliable information rates in terms of outage rates, which is an appropriate performance measure

for the quasi-static channels [148] considered in this work. Actually, most of the research activ-

ity concerning imperfect CSIR is focused on performance evaluation of mismatched detectors
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in terms of bit error rate (BER). Our results may serve to evaluate the trade-o� between the

required quality of service (in terms of BER and achieved throughputs) and the system param-

eters (e.g., training power, transmission power, period oftraining, outage probability, etc.) in

the presence of channel estimation errors.

Organization of the Chapter: Here, we consider iterative (turbo) detection at the receiver

which is an e�cient technique when channel coding is used. This scheme has been employed,

for instance, in [43, 149] for coded MIMO systems. It is essentially composed of a detector

(also called demapper) and of a soft-input soft-output (SISO) channel decoder, exchanging soft

information with each other through several iterations. Furthermore, we consider the simple

spatial multiplexing [150] (also known under the name of theV-BLAST scheme [30]), which

has the potential to drastically increase the capacity of wireless radio links with no additional

power or bandwidth consumption [151]. We will also present some simulation results for the

case of single-antenna MB-OFDM systems.

The rest of this chapter is organized as follows. In Section 4.2, we describe our MB-MIMO-

OFDM channel model and our main assumptions concerning datatransmission and channel

estimation. In Section 4.3, we introduce a general Bayesianframework for improved detection

under imperfect channel estimation and then formulate the improved ML detection metric. In

Section 4.4, we provide the formulation of the MAP detector in the case of imperfect CSIR. In

Section 4.5, we review the mutual information and capacity of OFDM-based spatial multiplexing

systems. Using this and further tools from information theory in Section 4.6, we calculate the

achieved throughputs in the sense of outage rates, associated to a receiver using the improved

and mismatched ML metric. Section 4.7 illustrates via simulations over realistic UWB channels,

the performance of the proposed receiver in terms of BER and achievable outage rates for both

single- and multi-antenna MB-OFDM systems. Finally, Section 4.8 concludes the chapter.

4.2 Transmission Model and Channel Estimation

4.2.1 MB-OFDM-Based Spatial Multiplexing

We consider a single-user peer-to-peer MB-OFDM system withM T transmit and M R receive

antennas (M R � M T ). Figure 4.1 shows the block diagram of the transmitter that employs the

bit interleaved coded modulation (BICM) scheme which is known to be a simple and e�cient

method for exploiting channel time-selectivity [44]. The binary data sequenceb is encoded

by a non-recursive non-systematic convolutional (NRNSC) code before being interleaved by a

quasi-random interleaver. The output bits d are multiplexed to M T sub-streams. Each sub-


































































































































































