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Abstra
t

Wireless 
ommuni
ation systems rely on a multiple-a

ess te
hnique, i.e., a

me
hanism to divide the 
ommon transmission medium among di�erent users.

Code-division multiple-a

ess (CDMA) is a multiple-a

ess te
hnique that has

re
eived 
onsiderable attention in re
ent years. In a CDMA system, ea
h user

spreads his information-bearing signal into a wideband signal, using spe
i�



ode information. All users then transmit their wideband signal within the

same frequen
y and time 
hannel. This thesis deals with the development of

re
eivers for various CDMA systems. Digital signal pro
essing plays a 
entral

role in this development.

In re
ent literature, so-
alled multi-user re
eivers have be
ome very popular.

These re
eivers take into a

ount the full stru
ture of the multi-user interfer-

en
e (MUI), i.e., the interferen
e originating from the other users. However,

they have a rather high 
omputational 
omplexity. In the �rst part of this the-

sis, we therefore design new alternatives to multi-user re
eivers, yielding a lower


omputational 
omplexity and a 
omparable performan
e. These alternatives

are based on the 
on
ept of blo
k spreading and have the remarkable property

to 
ompletely remove the MUI, without using any 
hannel information.

In the se
ond part of this thesis, we will look at CDMA systems with multiple

re
eive antennas (spatial oversampling). A popular re
eiver for su
h a system

�rst applies some kind of spa
e-time pro
essing to transform the re
eived wide-

band signals into an estimate of the wideband signal transmitted by the desired

user and then reverses the spreading operation 
orresponding to this user. This

re
eiver is known as the spa
e-time RAKE re
eiver. We show how the desired

user's 
ode information 
an be used to design spa
e-time RAKE re
eivers in a

blind fashion, i.e., without relying on training sequen
es. Blo
k pro
essing as

well as adaptive pro
essing methods are 
onsidered.
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Korte Inhoud

Draadloze 
ommuni
atiesystemen steunen op een te
hniek ommeervoudige toe-

gang te bieden, d.w.z., een me
hanisme om het gemeens
happelijke transmis-

siemedium te verdelen onder vers
hillende gebruikers. Codegebaseerde meer-

voudige toegang (CDMA of 
ode-division multiple-a

ess) is een te
hniek om

meervoudige toegang te bieden die de re
ente jaren heel wat aanda
ht heeft ge-

kregen. In een CDMA systeem zet iedere gebruiker zijn informatiesignaal om

in een breedbandsignaal, gebruik makende van spe
i�eke 
ode-informatie. Al

de gebruikers sturen dan hun breedbandsignaal door via hetzelfde frequentie-

en tijdskanaal. Deze thesis behandelt de ontwikkeling van ontvangers voor di-

verse CDMA systemen. Digitale signaalverwerking speelt een 
entrale rol in

deze ontwikkeling.

In de re
ente literatuur zijn de zogenaamde meergebruiker-ontvangers heel po-

pulair geworden. Deze ontvangers houden rekening met de volledige stru
tuur

van de meergebruiker-interferentie (MUI of multi-user interferen
e), d.w.z., de

interferentie afkomstig van andere gebruikers. Ze zijn e
hter nogal rekeninten-

sief. Daarom ontwikkelen we in het eerste deel van deze thesis alternatieven

voor meergebruiker-ontvangers, die minder rekenintensief zijn en een vergelijk-

bare performantie hebben. Deze alternatieven zijn gebaseerd op het 
on
ept

van blokspreiding en hebben de opmerkelijke eigens
hap de MUI volledig te

onderdrukken, zonder gebruik te maken van kanaalinformatie.

In het tweede deel van deze thesis kijken we naar CDMA systemen met meer-

dere ontvangstantennes (spatiale overbemonstering). Een populaire ontvanger

voor zo een systeem past eerst een soort van ruimte-tijd verwerking toe om de

ontvangen breedbandsignalen om te zetten in een s
hatting van het breedband-

signaal uitgezonden door de gewenste gebruiker en keert dan de spreidingsope-

ratie uitgevoerd door deze gebruiker om. Deze ontvanger wordt een ruimte-

tijd RAKE-ontvanger genoemd. We tonen aan hoe de 
ode-informatie van

de gewenste gebruiker kan gebruikt worden om ruimte-tijd RAKE-ontvangers

te ontwerpen op een blinde manier, d.w.z., zonder te steunen op trainingsse-

quenties. Zowel blokverwerkingsmethoden als adaptieve verwerkingsmethoden

worden bes
houwd.

v
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Glossary

Mathemati
al Notation

x ve
tor x

X matrix X

X

T

transpose of matrix X

X

H

Hermitian transpose of matrix X

X

�


omplex 
onjugate of matrix X

X

�1

inverse of matrix X

X

y

pseudoinverse of matrix X

trfXg tra
e of matrix X

kXk Frobenius norm of matrix X

f
fXg matrix obtained by 
ipping the 
olumns of matrix X

frfXg matrix obtained by 
ipping the rows of matrix X

diagfxg square diagonal matrix with x as diagonal.

X(k; l) element on the kth row and lth 
olumn of matrix X

X(k : l; :) rows k up to l of matrix X

X(:; k : l) 
olumns k up to l of matrix X

0 zero ve
tor

O zero matrix

1

n

unit ve
tor with a one in the nth entry

I identity matrix

O

n

n� n zero matrix

I

n

n� n identity matrix

J

n

n� n 
y
li
 shift matrix with ones in the �rst subdiagonal

and in the upper right entry

D

n

n� n diagonal matrix with diagonal elements �1;+1;�1;+1; : : :

F

P

P � P DFT matrix

I

P

P � P IDFT matrix

? don't 
are matrix

�

?

a square upper triangular don't 
are matrix

proj

�

fxg mapping of x to the 
losest (in Eu
lidean distan
e) element of �

<fxg real part of x

vii
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=fxg imaginary part of x

x̂ estimate of x

x̂ hard estimate of x

jxj absolute value of x

bx
 largest integer smaller or equal to x 2 IR

dxe smallest integer larger or equal to x 2 IR

Efxg expe
tation of random variable x

x mod y remainder after dividing x 2 IR by y 2 IR

IR the set of real numbers

C the set of 
omplex numbers

A
ronyms and Abbreviations

ACMA Analyti
al Constant Modulus Algorithm

AMOUR A Mutually Orthogonal User
ode Re
eiver

AWGN Additive White Gaussian Noise

BER Bit Error Rate

BM Blo
k Method

BP Blo
k Pro
essing

BPSK Binary Phase Shift Keying

CDMA Code-Division Multiple-A

ess

DF De
ision Feedba
k

DFT Dis
rete Fourier Transformation

DMT Dis
rete Multi-Tone

DMT-CDMA Dis
rete Multi-Tone CDMA

DMT-CDMA-BS Dis
rete Multi-Tone CDMA based on Blo
k Spreading

DMT-DS-CDMA Dis
rete Multi-Tone Dire
t-Sequen
e CDMA

DS-CDMA Dire
t-Sequen
e CDMA

DS-CDMA-BS Dire
t-Sequen
e CDMA based on Blo
k Spreading

EWAM Exponentially Weighted Adaptive Method

FDD Frequen
y-Division Duplexing

FDMA Frequen
y-Division Multiple-A

ess

FEQ Frequen
y domain EQualizer

FFT Fast Fourier Transformation

FIR Finite Impulse Response

GSM Global System for Mobile 
ommuni
ations

ICI Inter-Chip Interferen
e

ICBI Inter-Chip-Blo
k Interferen
e

IDFT Inverse Dis
rete Fourier Transformation

IFFT Inverse Fast Fourier Transformation

ILSP Iterative Least-Squares with Proje
tion

IS-95 Interim Standard 95

ISI Inter-Symbol Interferen
e



ix

ITI Inter-Tone Interferen
e

LS Least Squares

LV-AMOUR Lagrange-Vandermonde AMOUR

LV-CDMA Lagrange-Vandermonde CDMA

MF Mat
hed Filter

MIMO Multi-Input Multi-Output

MMSE Minimum Mean-Square Error

MMSE-DF Minimum Mean-Square Error De
ision Feedba
k

MOE Minimum Output Energy

MRE Mutually Referen
ed Equalizer

MSE Mean Square-Error

MT Multi-Tone

MUI Multi-User Interferen
e

MVDR Minimum Varian
e Distortionless Response

NMSE Normalized Mean Square-Error

OFDM Orthogonal Frequen
y-Division Multiplexing

PSK Phase Shift Keying

QPSK Quadrature Phase Shift Keying

QRD QR De
omposition

RACMA Real Analyti
al Constant Modulus Algorithm

RC Real Constellation

SDMA Spatial-Division Multiple-A

ess

SIMO Single-Input Multi-Output

SINR Signal-to-Interferen
e-plus-Noise Ratio

SNR Signal-to-Noise Ratio

SOS Se
ond-Order Statisti
s

SSI SubSpa
e Interse
tion

s.t. subje
t to

ST Spa
e-Time

ST-RAKE Spa
e-Time RAKE

SVD Singular Value De
omposition

TD Transmit Diversity

TDD Time-Division Duplexing

TDMA Time-Division Multiple-A

ess

TEQ Time domain EQualizer

TLS Total Least Squares

VL-AMOUR Vandermonde-Lagrange AMOUR

VL-CDMA Vandermonde-Lagrange CDMA

WAP Windowed Adaptive Pro
essing

WAM Windowed Adaptive Method

W-CDMA Wideband CDMA

w.l.o.g. without loss of generality

w.r.t. with respe
t to

ZF Zero-For
ing

ZF-DF Zero-For
ing De
ision Feedba
k
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Signaalverwerkingsalgorit-

men voor

CDMA-Gebaseerde

Draadloze Communi
atie

Samenvatting

Hoofdstuk 1. Inleiding

De laatste jaren is de markt voor draadloze 
ommuni
atiesystemen enorm ge-

groeid. De oorzaak hiervan ligt voornamelijk bij de volgende drie aantrekkelijke

kenmerken van draadloze systemen:

� Voor de meeste toepassingen is een draadloos systeem goedkoper dan een

bedraad systeem.

� Draadloze systemen laten 
ommuni
atie toe op plaatsen waar het moeilijk

is om draden te leggen.

� Draadloze systemen laten mobiele gebruikers toe.

Een 
ru
iaal onderdeel van gelijk welk draadloos 
ommuni
atiesysteem is de

te
hniek om meervoudige toegang (multiple a

ess) te bieden, d.w.z., het me-


hanisme om het gemeens
happelijke transmissiemedium te verdelen onder

vers
hillende gebruikers. De basiste
hnieken om meervoudige toegang te bie-

den zijn frequentiegebaseerde meervoudige toegang (FDMA of frequen
y-division

multiple-a

ess), tijdsgebaseerde meervoudige toegang (TDMA of time-division

multiple-a

ess) en 
odegebaseerde meervoudige toegang (CDMA of 
ode divi-

sion multiple-a

ess). Het onderwerp van deze thesis is de ontwikkeling van

xvii
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ontvangers voor diverse CDMA systemen. Digitale signaalverwerking speelt

een 
entrale rol in de ontwikkeling van deze ontvangers.

Draadloze systemen zijn meestal 
ellulair. De operator deelt het grondgebied

op in vers
hillende 
ellen en plaatst een basisstation in het middelpunt van

iedere 
el. Bijgevolg zijn er twee ri
htingen van 
ommuni
atie mogelijk: de


ommuni
atie van het basisstation naar de gebruikers (forward link of downlink)

en de 
ommuni
atie van de gebruikers naar het basisstation (reverse link of

uplink). In deze thesis zullen we enkel aanda
ht besteden aan de 
ommuni
atie

van de gebruikers naar het basisstation.

Aan iedere 
el van een 
ellulair 
ommuni
atiesysteem wordt een zekere frequen-

tieband toegekend, die kan hergebruikt worden in andere 
ellen. De verhouding

van het totaal aantal 
ellen over het aantal 
ellen die dezelfde frequentieband

gebruiken wordt frequentiehergebruikfa
tor genoemd. Merk op dat de band-

breedte die aan een 
el wordt toegewezen gelijk is aan de bandbreedte van

het bes
hikbare frequentiespe
trum gedeeld door de frequentiehergebruikfa
-

tor. Met dit in ons a
hterhoofd bespreken we nu de de drie basiste
hnieken om

meervoudige toegang te bieden (zie �guur 1.1).

In een FDMA of TDMA systeem 
ommuni
eert iedere gebruiker binnen de-

zelfde 
el via een uniek frequentie- of tijdskanaal. Bijgevolg moet er geen re-

kening gehouden worden met intra
el-interferentie. Omdat er meestal gebruik

gemaakt wordt van een frequentiehergebruikfa
tor van zeven, is de afstand

tussen twee 
ellen die dezelfde frequentieband toegewezen krijgen groot (zie

�guur 1.2). De inter
el-interferentie is daarom verwaarloosbaar. Het huidige

GSM systeem is gebaseerd op een 
ombinatie van FDMA en TDMA.

In een CDMA systeem, daarentegen, 
ommuni
eert iedere gebruiker binnen de-

zelfde 
el via eenzelfde frequentie- en tijdskanaal. Bijgevolg moet er rekening

gehouden worden met intra
el-interferentie. Omdat er meestal gebruik gemaakt

wordt van een frequentiehergebruikfa
tor van �e�en (deze eigens
hap wordt de

universele frequentiehergebruikeigens
hap genoemd), is de afstand tussen twee


ellen die dezelfde frequentieband toegewezen krijgen klein (zie �guur 1.2). De

inter
el-interferentie is daarom niet verwaarloosbaar. De vraag is dan hoe de

meergebruiker-interferentie (MUI of multi-user interferen
e), gede�nieerd als

de som van de intra
el- en inter
el-interferentie, kan onderdrukt worden. Het

antwoord op deze vraag volgt uit het feit dat, in een CDMA systeem, iedere

gebruiker zijn informatiesignaal omzet in een breedbandsignaal, gebruik ma-

kende van spe
i�eke 
ode-informatie. De ontvanger kan dan bijvoorbeeld de

spreidingsoperatie uitgevoerd door de gewenste gebruiker omkeren, in de ver-

onderstelling dat de 
ode-informatie van deze gebruiker gekend is. Als al de


ode-informatie willekeurig gekozen is, zal deze operatie het ontvangen breed-

bandsignaal omzetten in een smalbandsignaal (met dezelfde bandbreedte als de

informatiesignalen), dat veel meer vermogen bevat afkomstig van de gewenste

gebruiker dan van de andere gebruikers. Dit laat ons toe om het gewenste
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informatiesignaal te re
onstrueren (zie �guur 1.3). Om de residuele MUI na

deze operatie zo klein mogelijk te houden, moet iedere gebruiker het laagst

mogelijke vermogen uitsturen dat nodig is voor een betrouwbare transmissie.

Dit vereist een strikte vermogens
ontrole. Als we geen strikte vermogens
on-

trole toepassen, zullen gebruikers die zi
h di
ht bij het basisstation bevinden,

en dus ontvangen worden met een hoog vermogen, een nefaste invloed hebben

op de dete
tie van gebruikers die zi
h ver van het basisstation bevinden, en dus

ontvangen worden met een laag vermogen. Dit is het zogenaamde near-far-

probleem. We kunnen e
hter ook meer geavan
eerde ontvangers gebruiken, die

geen strikte vermogens
ontrole vereisen (i.p.v. de ontvanger die simpelweg de

spreidingsoperatie uitgevoerd door de gewenste gebruiker omkeert). Merk op

dat sommige van deze ontvangers gebaseerd zijn op al de 
ode-informatie, en

niet alleen op de 
ode-informatie van de gewenste gebruiker. Welke ontvangst-

te
hniek we ook gebruiken, CDMA heeft een aantal interessante voordelen t.o.v.

FDMA of TDMA:

� In het geval van spraaktransmissie is een gebruiker minder dan de helft

van de tijd a
tief. In een FDMA of TDMA systeem, waar iedere gebruiker

een uniek frequentie- of tijdskanaal toegewezen krijgt, veroorzaakt dit een

groot 
apa
iteitsverlies, dat enkel kan opgelost worden door een andere

gebruiker toegang te verlenen tot het kanaal van de stille gebruiker. Dit

is e
hter enkel mogelijk als de stille periode lang genoeg duurt. In een

CDMA systeem, waar iedere gebruiker hetzelfde frequentie- en tijdskanaal

krijgt toegewezen, komt dit probleem niet voor.

� In een FDMA of TDMA systeem bezetten aangrenzende 
ellen vers
hil-

lende frequentiebanden (frequentiehergebruikfa
tor van zeven). Dus even

nadat een gebruiker de grens tussen twee 
ellen heeft overgestoken, ver-

breekt hij de verbinding met het basisstation van de eerste 
el en begint

hij te 
ommuni
eren met het basisstation van de tweede 
el. Dit wordt

hard hando� genoemd. De universele frequentiehergebruikeigens
hap van

een CDMA systeem, daarentegen, laat het gebruik van soft hando� toe.

Even voordat een gebruiker de grens tussen twee 
ellen zal oversteken,

begint hij te 
ommuni
eren met het basisstation van de tweede 
el, zon-

der de verbinding met het basisstation van de eerste 
el te verbreken. Dit

zorgt voor een soort van ontvangstdiversiteit die kan gebruikt worden om

de performantie van het systeem te verbeteren.

� Ten gevolge van verstrooiing door de omgeving wordt een uitgezonden

signaal ontvangen via vers
hillende paden (zie �guur 1.4). De ontvan-

gen signalen die horen bij de vers
hillende paden zijn allemaal kopies

van hetzelfde uitgezonden signaal met vers
hillende amplituden, fasen en

vertragingen. Vermits in een CDMA systeem iedere gebruiker een gro-

tere bandbreedte toegewezen krijgt dan in een FDMA of TDMA systeem,

worden de paden beter ge

�

�soleerd. Bijgevolg kan in een CDMA systeem
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de meerpad-interferentie (multi-path interferen
e) eÆ
i

�

enter onderdrukt

worden dan in een FDMA of TDMA systeem.

In een CDMA systeem gaat iedere gebruiker zijn datasymboolsequentie met

snelheid 1=T (de datasymboolsnelheid) omzetten in een 
hipsequentie met snel-

heid N=T (de 
hipsnelheid), gebruik makende van spe
i�eke 
ode-informatie.

Merk op dat N � 1 de spreidingsfa
tor wordt genoemd. De manier waarop

deze spreidingsoperatie uitgevoerd wordt hangt af van het soort CDMA. Al

de gebruikers sturen dan hun 
hipsequentie door via hetzelfde frequentie- en

tijdskanaal. Tenslotte probeert de ontvanger de datasymboolsequentie van de

gewenste gebruiker te re
onstrueren, gebaseerd op ofwel de kennis van de 
ode-

informatie van de gewenste gebruiker ofwel de kennis van al de 
ode-informatie.

In dit hoofdstuk worden diverse CDMA systemen ge

�

�ntrodu
eerd. Eerst be-

steden we aanda
ht aan het meest populaire type van CDMA, namelijk dire
t-

sequen
e CDMA (DS-CDMA). DS-CDMA wordt momenteel gebruikt in het

IS-95 systeem [Vit95℄, maar het is ook de te
hniek die in de meeste ontwer-

pen van derdegeneratiesystemen aangewend wordt om meervoudige toegang te

bieden [OP98℄. Dergelijke ontwerpen van derdegeneratiesystemen worden wi-

deband CDMA (W-CDMA) ontwerpen genoemd. In dit hoofdstuk wordt een

uitgebreid overzi
ht gegeven van bestaande ontvangers voor een DS-CDMA

systeem. Eerst bespreken we de RAKE-ontvanger, ontwikkeld voor een enkele

ontvangstantenne. Daarna bestuderen we de ruimte-tijd RAKE-ontvanger, een

uitbreiding van de RAKE-ontvanger voor meerdere ontvangstantennes. Ten-

slotte besteden we aanda
ht aan zogenaamde meergebruiker-ontvangers. Er

wordt in dit hoofdstuk ook een se
tie gewijd aan zogenaamde blinde ontvan-

gers, die geen trainingssequenties nodig hebben om een gebruiker te dete
teren.

Na de bespreking van het populaire DS-CDMA systeem, besteden we aanda
ht

aan het DS-CDMA systeem gebaseerd op blokspreiding (DS-CDMA-BS sys-

teem), ge

�

�ntrodu
eerd door Cirpan en Tsatsanis [CT97℄. De spreidingsoperatie

die in een DS-CDMA-BS systeem gebruikt wordt kan ge

�

�nterpreteerd worden

als de spreidingsoperatie die in een DS-CDMA systeem gebruikt wordt, ge-

volgd door 
hipinterleaving [CT97℄. Merk op dat de auteurs van [CT97℄ het

DS-CDMA-BS systeem enkel hebben ge

�

�ntrodu
eerd om blinde meergebruiker-

kanaals
hatting te vergemakkelijken. Zij hebben geen spe
iale ontvangerstru
-

turen voorgesteld voor zo een systeem. In dit hoofdstuk tonen wij aan dat

een DS-CDMA-BS systeem een opmerkelijke eigens
hap bezit die aanleiding

zal geven tot de ontwikkeling van nieuwe ontvangers voor een DS-CDMA-BS

systeem. Deze eigens
hap is voor zover wij weten nog nooit eerder opgemerkt.

Vervolgens bespreken we in dit hoofdstuk een aantal CDMA systemen geba-

seerd op DMT-modulatie (DMT: dis
rete multi-tone). MT-modulatie (MT:

multi-tone) is een aantrekkelijke modulatiete
hniek die momenteel heel wat

aanda
ht krijgt [Bin90℄. Hoewel men zou verwa
hten dat zo een te
hniek het be-

s
hikbare frequentiespe
trum zou opdelen in vers
hillende frequentiebanden die
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mekaar niet overlappen, deelt MT-modulatie dit spe
trum op in overlappende

frequentiebanden met bepaalde orthogonaliteitseigens
happen. De middelpun-

ten van deze banden noemen we de tonen. DMT-modulatie is de dis
rete im-

plementatie van MT-modulatie en maakt meestal gebruik van een zogenaamde


y
lis
he pre�x (
y
li
 pre�x). DMT-modulatie heeft twee interessante eigen-

s
happen. Eerst en vooral kan iedere toon optimaal (wat betreft performantie

of 
apa
iteit) gemoduleerd worden, als we de signaalruisverhouding (SNR) op

die toon kennen. Ten tweede laat DMT-modulatie een eenvoudige kanaalega-

lisatie toe.

DMT-gebaseerde CDMA systemen 
ombineren de voordelen van DMT-modula-

tie met CDMA. Er zijn e
hter vers
hillende mogelijkheden om DMT-modulatie

met CDMA te 
ombineren. Een eerste mogelijkheid bestaat erin om op de

DMT-gemoduleerde datasymboolsequentie dezelfde spreidingsoperatie uit te

voeren als in een DS-CDMA systeem. We bekomen dan het DMT-CDMA sys-

teem, ge

�

�ntrodu
eerd door Vandendorpe [Van95℄. Een tweede mogelijkheid be-

staat erin om op de DMT-gemoduleerde datasymboolsequentie dezelfde sprei-

dingsoperatie uit te voeren als in een DS-CDMA-BS systeem. We bekomen

dan het nieuwe DMT-CDMA-BS systeem. Merk op dat we meestal geen ge-

bruik maken van een 
y
lis
he pre�x in een DMT-CDMA of DMT-CDMA-BS

systeem. Een eenvoudige manier om een ontvanger voor een DMT-CDMA of

DMT-CDMA-BS systeem te ontwerpen is een ontvanger voor een DS-CDMA

of DS-CDMA-BS systeem te nemen en daara
hter een DMT-demodulator te

plaatsen. We geven zo een ontvanger in deze thesis dezelfde naam als de over-

eenkomstige ontvanger voor een DS-CDMA of DS-CDMA-BS systeem.

Een laatste mogelijkheid, die we in dit proefs
hrift zullen bes
houwen, be-

staat erin op de vers
hillende tonen van een DMT-systeem dezelfde sprei-

dingsoperatie uit te voeren als in een DS-CDMA systeem. We bekomen dan

het zogenaamde DMT-DS-CDMA systeem, ge

�

�ntrodu
eerd door DaSilva en

Sousa [DS94℄. Merk op dat we in een DMT-DS-CDMA systeem meestal wel

gebruik maken van een 
yl
is
he pre�x.

Tenslotte wordt in dit hoofdstuk een algemeen overzi
ht gegeven van deze the-

sis. De stru
tuur van de thesis is weergegeven in �guur 1.15. De thesis bestaat

uit twee delen. In deel I ontwikkelen we alternatieven voor meergebruiker-

ontvangers, die minder rekenintensief zijn en een vergelijkbare performantie

hebben. Deze alternatieven, die gebaseerd zijn op het 
on
ept van bloksprei-

ding, worden ontworpen voor een enkele ontvangstantenne en een ICI-beperkt

quasi-syn
hroon propagatiemodel. In deel II bestuderen we deterministis
he

blinde ruimte-tijd RAKE-ontvangers voor een DS-CDMA systeem met meer-

dere ontvangstantennes. We besteden daarbij eerst aanda
ht aan blokverwer-

king en daarna aan adaptieve verwerking. Tenslotte tonen we aan hoe de

ontwikkelde deterministis
he blinde ruimte-tijd RAKE-ontvangers ook kunnen

toegepast worden voor een DMT-DS-CDMA systeem.
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Hoofdstuk 2. Basis
on
epten

Dit hoofdstuk introdu
eert een aantal basis
on
epten die in deze thesis zullen

gebruikt worden. We beginnen dit hoofdstuk met een wiskundige bes
hrijving

van de spreidingsoperatie voor de vers
hillende CDMA systemen die besproken

werden in het vorige hoofdstuk. Eerst 
on
entreren we ons op het DS-CDMA

systeem en het DS-CDMA-BS systeem. Daarna bes
houwen we een aantal ge-

relateerde DMT-gebaseerde CDMA systemen, zoals het DMT-CDMA systeem,

het DMT-CDMA-BS systeem en het DMT-DS-CDMA systeem.

Vervolgens bespreken we een aantal datamodellen die de ontvangen informatie

bes
hrijven. Voor de eenvoud veronderstellen we hierbij dat er aan de ont-

vangstzijde bemonsterd wordt aan de 
hipsnelheid. De modellen die men zo

bekomt kunnen eenvoudig uitgebreid worden naar datamodellen voor een be-

monstering aan een veelvoud van de 
hipsnelheid. Eerst worden een aantal

datamodellen voorgesteld gebaseerd op een enkele ontvangstantenne. Hier-

bij wordt spe
iale aanda
ht besteed aan datamodellen voor een ICI-beperkt

quasi-syn
hroon propagatiemodel. Daarna worden datamodellen voorgesteld

gebaseerd op meerdere ontvangstantennes.

Deel I. Ontvangers voor Blokspreidingssystemen:

Alternatieven voor Meergebruiker-Ontvangers

In een DS-CDMA en DMT-CDMA systeem worden hoge performanties be-

reikt met zogenaamde meergebruiker-ontvangers. Deze ontvangers zijn e
h-

ter nogal rekenintensief. Daarom zoeken we in deel I naar alternatieven voor

meergebruiker-ontvangers, waarbij we mikken op een lagere 
omplexiteit en

een vergelijkbare performantie. Voor een enkele ontvangstantenne en een ICI-

beperkt quasi-syn
hroon propagatiemodel vormen nieuwe ontvangers die we

ontwikkelen voor een DS-CDMA-BS en DMT-CDMA-BS systeem zulke alter-

natieven.

Hoofdstuk 3. Ontvangers voor een DS-CDMA

Systeem

In dit hoofdstuk geven we een overzi
ht van een aantal bestaande ontvangers

voor een DS-CDMA systeem. Alhoewel deze ontvangers kunnen ontwikkeld

worden voor meer algemene s
enario's, veronderstellen we hier een enkele ont-

vangstantenne en een ICI-beperkt quasi-syn
hroon propagatiemodel. Verder

maken we gebruik van korte 
odesequenties.
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Eerst wordt de RAKE-ontvanger bes
hreven. Deze bestaat uit een bank van


orrelators, gevolgd door een lineaire 
ombinator, die de uitgangen van de 
or-

relators lineair 
ombineert. Daarna bes
hrijven we de lineaire meergebruiker-

egalisator. In de 
ontext van de lineaire meergebruiker-egalisator stellen we

tenslotte een blind meergebruiker-kanaals
hattingsalgoritme voor.

Hoofdstuk 4. Ontvangers voor een DS-CDMA-

BS Systeem

In dit hoofdstuk ontwikkelen we een aantal nieuwe ontvangers voor een DS-

CDMA-BS systeem. We veronderstellen weer een enkele ontvangstantenne en

een ICI-beperkt quasi-syn
hroon propagatiemodel, en maken gebruik van korte


odesequenties.

Eerst wordt de blok-RAKE-ontvanger ge

�

�ntrodu
eerd. Deze bestaat uit een

bank van blok
orrelators, gevolgd door een lineaire blok
ombinator, die de uit-

gangen van de blok
orrelators lineair 
ombineert. Daarna introdu
eren we de

MUI-vrije ontvanger, die de MUI volledig onderdrukt, zonder gebruik te ma-

ken van kanaalinformatie. De MUI-vrije ontvanger is eigenlijk een aangepaste

blok-RAKE-ontvanger, die bestaat uit een bank van aangepaste blok
orrela-

tors, gevolgd door een lineaire blok
ombinator, die de uitgangen van de aange-

paste blok
orrelators lineair 
ombineert. De MUI-vrije werking wordt bekomen

door gebruik te maken van een zogenaamde shift-orthogonale set van 
odese-

quenties, waarop deze ontvanger is gebaseerd. Om de MUI-vrije ontvanger

bruikbaar te maken in de praktijk, ontwikkelen we een ontwerpstrategie voor

een shift-orthogonale set van 
odesequenties. Deze ontwerpstrategie kan be-

s
houwd worden als �e�en van de belangrijkste bijdragen van dit hoofdstuk. In de


ontext van de MUI-vrije ontvanger stellen we tenslotte een blind �e�engebruiker-

kanaals
hattingsalgoritme voor.

Hoofdstuk 5. Complexiteit en Simulatieresulta-

ten

Dit hoofdstuk vergelijkt de nieuwe MUI-vrije ontvanger, ontwikkeld voor een

DS-CDMA-BS systeem, met de bestaande lineaire meergebruiker-egalisator,

ontwikkeld voor een DS-CDMA systeem. Eerst vergelijken we de 
omplexiteit

van de MUI-vrije ontvanger met de 
omplexiteit van de lineaire meergebruiker-

egalisator. We veronderstellen daarbij dat het ontwerp van de ontvanger ge-

baseerd is op het overeenkomstig blind kanaals
hattingsalgoritme, niettegen-

staande dezelfde 
on
lusies kunnen getrokken worden uit andere ontwerpte
h-
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nieken, zoals bijvoorbeeld trainingsgebaseerde ontwerpte
hnieken. We tonen

aan dat de 
omplexiteit van de MUI-vrije ontvanger veel kleiner is dan de


omplexiteit van de lineaire meergebruiker-egalisator. Bovendien is ook de


omplexiteit van een volledige bank van MUI-vrije ontvangers (�e�en voor elke

gebruiker) veel kleiner dan de 
omplexiteit van een volledige bank van line-

aire meergebruiker-egalisatoren (�e�en voor elke gebruiker), hoewel deze laatste


omplexiteit van dezelfde grootte orde is als de 
omplexiteit van �e�en enkele li-

neaire meergebruiker-egalisator. Verder illustreren we dat de performantie van

de MUI-vrije ontvanger vergelijkbaar is met die van de lineaire meergebruiker-

egalisator. Dit zowel voor het geval de kanalen gekend zijn als voor het geval ze

ges
hat worden met behulp van het overeenkomstig blind kanaals
hattingsal-

goritme.

Vervolgens vergelijken we in dit hoofdstuk de MUI-vrije ontvanger met de over-

eenkomstige FFT-gebaseerde VL-AMOUR zender-ontvanger [WSGB99℄. We

tonen aan dat de laatste een duurdere zenderstru
tuur heeft dan de spreidings-

operatie die in een DS-CDMA-BS systeem gebruikt wordt en een duurdere

ontvangerstru
tuur heeft dan de MUI-vrije ontvanger. Voor het geval de ka-

nalen gekend zijn tonen simulatieresultaten aan dat de performantie van de

MUI-vrije ontvanger vergelijkbaar is met de performantie van de overeenkom-

stige FFT-gebaseerde VL-AMOUR zender-ontvanger.

Hoofdstuk 6. Ontvangers voor een DMT-CDMA

en DMT-CDMA-BS Systeem

We vestigen nu onze aanda
ht op DMT-gebaseerde CDMA systemen. In over-

eenstemming met hoofdstuk 3 geven we eerst een overzi
ht van een aantal be-

staande ontvangers voor een DMT-CDMA systeem, zoals de RAKE-ontvanger

en de lineaire meergebruiker-egalisator. Elk van deze ontvangers bestaat sim-

pelweg uit de overeenkomstige ontvanger voor een DS-CDMA systeem gevolgd

door een DMT-demodulator. In overeenstemming met hoofdstuk 4 ontwikkelen

we daarna een aantal nieuwe ontvangers voor een DMT-CDMA-BS systeem,

zoals de blok-RAKE-ontvanger en de MUI-vrije ontvanger, die de MUI volledig

onderdrukt, zonder gebruik te maken van kanaalinformatie. Elk van deze ont-

vangers bestaat opnieuw simpelweg uit de overeenkomstige ontvanger voor een

DS-CDMA-BS systeem gevolgd door een DMT-demodulator. De belangrijk-

ste bijdrage van dit hoofdstuk is e
hter de ontwikkeling van de MUI/ITI-vrije

ontvanger, die naast de MUI ook de intertoon-interferentie (ITI of inter-tone

interferen
e) volledig onderdrukt, zonder gebruik te maken van kanaalinforma-

tie. Deze ontvanger wordt bekomen door de lineaire blok
ombinator van de

MUI-vrije ontvanger te vervangen door een eenvoudigere operatie die niet ge-

baseerd is op kanaalinformatie en er voor zorgt dat de ITI volledig onderdrukt

wordt. Aan de uitgang van de DMT-demodulator moet iedere toon dan wel
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nog aangepast worden met behulp van een frequentiedomeinegalisator (FEQ of

frequen
y domain equalizer) bestaande uit �e�en 
o

�

eÆ
i

�

ent.

Dan vergelijken we de 
omplexiteit van de MUI-vrije ontvanger met de 
om-

plexiteit van de lineaire meergebruiker-egalisator. Zoals in hoofdstuk 5, maken

we hierbij de veronderstelling dat het ontwerp van de ontvanger gebaseerd is

op het overeenkomstig blind kanaals
hattingsalgoritme. Als we dezelfde re-

denering volgen als in hoofdstuk 5 is het eenvoudig om aan te tonen dat de


omplexiteit van de MUI-vrije ontvanger veel kleiner is dan de 
omplexiteit

van de lineaire meergebruiker-egalisator. Merk verder op dat de MUI/ITI-vrije

ontvanger goedkoper is dan de MUI-vrije ontvanger, omdat het gebruik van de

lineaire blok
ombinator vermeden wordt.

Uit de simulatieresultaten kunnen we de volgende 
on
lusies trekken:

� Als we overgaan van een s
enario waarbij het uitgestuurde vermogen voor

elke toon hetzelfde is, naar een s
enario waarbij het uitgestuurde vermo-

gen voor elke toon wordt aangepast aan het vermogen van het kanaal op

de overeenkomstige frequentie, dan neemt de performantie van de MUI-

vrije ontvanger en de MUI/ITI-vrije ontvanger toe, terwijl de performan-

tie van de lineaire meergebruiker-egalisator afneemt.

� De MUI-vrije ontvanger en de MUI/ITI-vrije ontvanger, gebaseerd op

een s
enario waarbij het uitgestuurde vermogen voor elke toon wordt

aangepast aan het vermogen van het kanaal op de overeenkomstige fre-

quentie (beste s
enario voor deze ontvangers), hebben een performantie

die respe
tievelijk beter is dan en vergelijkbaar is met die van de lineaire

meergebruiker-egalisator, gebaseerd op een s
enario waarbij het uitge-

stuurde vermogen voor elke toon hetzelfde is (beste s
enario voor deze

ontvanger).

Deel II. Deterministis
he Blinde Ruimte-Tijd

RAKE-Ontvangers

In deel II bestuderen we deterministis
he blinde ruimte-tijd RAKE-ontvangers

voor een DS-CDMA systeem met meerdere ontvangstantennes. In een blokver-

werkings
ontext vergen deze ontvangers een veel kleinere hoeveelheid ontvan-

gen samples dan sto
hastis
he blinde ruimte-tijd RAKE-ontvangers. Adaptieve

implementaties van deterministis
he blinde ruimte-tijd RAKE-ontvangers zijn

dus ges
hikt om te gebruiken in een sterk tijdsvari

�

erende omgeving.
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Hoofdstuk 7. Deterministis
he Blinde Blokver-

werking

In dit hoofdstuk ontwikkelen we deterministis
he blinde ruimte-tijd RAKE-

ontvangers gebaseerd op blokverwerking. We bes
houwen hiervoor zowel een

deelruimteaanpak als een niet-deelruimteaanpak. Het vers
hil tussen deze twee

aanpakken is dat de deelruimteaanpak gebaseerd is op een deelruimteontbin-

ding, terwijl de niet-deelruimteaanpak dit niet is. We ontwikkelen blokverwer-

kingsmethoden voor zowel dire
te blinde symbools
hatting als dire
te blinde

egalisators
hatting, met oog voor rekenintensiviteit. De voorgestelde blokver-

werkingsmethoden voor dire
te blinde symbools
hatting zijn voor zover wij

weten nog nooit eerder bestudeerd geweest in de literatuur. Sommige van

de voorgestelde blokverwerkingsmethoden voor dire
te blinde egalisators
hat-

ting zijn daarentegen wel al bestudeerd geweest in de literatuur, maar enkel

in hun eenvoudigste vorm. Er bestaan ook interessante verbanden tussen de

voorgestelde methoden, aan de ene kant, en de SSI-methoden (SSI: subspa
e

interse
tion) van [LX97, vdVTP97℄ en de MRE-methode (MRE: mutually re-

feren
ed equalizer) van [GDM97℄, die allen ontwikkeld werden voor een TDMA

systeem (geen 
odering), aan de andere kant.

De voorgestelde blokverwerkingsmethoden zijn toepasbaar voor gelijk welk mo-

dulatieformaat van de datasymbolen. Indien de datasymbolen tot een re

�

eel


onstellatiediagramma behoren, kunnen we deze methoden aanpassen om het

re

�

ele karakter van de datasymbolen uit te buiten. De methoden die zo ontstaan

noemen we RC-methoden (RC: real 
onstellation).

In dit hoofdstuk wordt ook bes
hreven hoe de voorgestelde blokverwerkings-

methoden kunnen aangepast worden, indien zenddiversiteit gebruikt wordt

(meerdere zendantennes per gebruiker). We spreiden dan dezelfde datasym-

boolsequentie met vers
hillende 
odesequenties en versturen de resulterende


hipsequenties via vers
hillende zendantennes. De methoden die zo ontstaan

noemen we TD-methoden (TD: transmit diversity).

Hoe kleiner de spreidingsfa
tor N , hoe groter de informatiesnelheid voor een-

zelfde bandbreedte of hoe kleiner de bandbreedte voor eenzelfde informatie-

snelheid. Daarom bestuderen we in dit hoofdstuk het geval N = 1. Dit geval

noemt men 
odemodulatie, omdat een datasymboolsequentie dan gemoduleerd

(en niet gespreid) wordt met een 
odesequentie. We tonen aan dat de me-

thoden met een polynomiale beperking niet toepasbaar zijn voor N = 1. De

RC-methoden met een polynomiale beperking zijn daarentegen ook niet toe-

pasbaar voor N = 1, als de 
odesequenties re

�

eel zijn, maar zijn wel toepasbaar

voor N = 1, als de 
odesequenties 
omplex zijn. De TD-methoden met een

polynomiale beperking zijn tenslotte altijd toepasbaar voor N = 1.

Simulatieresultaten tonen aan dat de voorgestelde methoden robuust zijn tegen
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een overs
hatting van de systeemorde. Bovendien zien we dat een beperkte ken-

nis van de kanaalorde kan leiden tot een betere performantie, niettegenstaande

we theoretis
h gezien geen informatie over de kanaalorde nodig hebben. Ten-

slotte hebben we ge

�

�llustreerd dat, wanneer er geen ICI aanwezig is, de RC- en

TD-methoden gebaseerd op 
odemodulatie goedkope en relatief performante

alternatieven vormen voor bestaande signaals
heidingsalgoritmen die niet ge-

baseerd zijn op 
odering, zoals ILSP (iterative least squares with proje
tion) en

RACMA (real analyti
al 
onstant modulus algorithm).

Hoofdstuk 8. Deterministis
he Blinde Adaptieve

Verwerking

In dit hoofdstuk ontwikkelen we deterministis
he blinde ruimte-tijd RAKE-

ontvangers gebaseerd op adaptieve verwerking. Eerst wordt een gevensterde

adaptieve verwerking besproken. We bes
houwen hiervoor weer zowel een deel-

ruimteaanpak als een niet-deelruimteaanpak. Bij de ontwikkeling van de geven-

sterde adaptieve verwerkingsmethoden wordt enkel aanda
ht besteed aan di-

re
te blinde symbools
hatting. Dan wordt een exponentieel gewogen adaptieve

verwerking besproken. We bes
houwen hiervoor enkel een niet-deelruimteaan-

pak omdat dit de enige zinvolle aanpak is. Bij de ontwikkeling van de expo-

nentieel gewogen adaptieve verwerkingsmethoden wordt weer enkel aanda
ht

besteed aan dire
te blinde symbools
hatting.

We hebben aangetoond dat adaptieve verwerking in sommige gevallen min-

der 
omplex is dan blokverwerking. Simulaties illustreren dat de voorgestelde

adaptieve methoden goede resultaten halen voor zowel een tijdsinvariante als

een tijdsvari

�

erende omgeving. Merk op dat in zo een tijdsvari

�

erende omgeving

de performantie van een blokverwerkingsalgoritme uitgevoerd op een grote hoe-

veelheid ontvangen samples niet meer aanvaardbaar is.

Hoofdstuk 9. Uitbreidingen voor een DMT-DS-

CDMA Systeem

De deterministis
he blinde ruimte-tijd RAKE-ontvangers gebaseerd op blokver-

werking, voorgesteld in hoofdstuk 7, zijn ook toepasbaar voor een DMT-DS-

CDMA systeem (hetzelfde kan gezegd worden voor de deterministis
he blinde

ruimte-tijd RAKE-ontvangers gebaseerd op adaptieve verwerking, voorgesteld

in hoofdstuk 8). Deze uitbreiding wordt uitgelegd in dit hoofdstuk.

We tonen aan dat het gebruik van een 
y
lis
he pre�x de ICI in een DMT-
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DS-CDMA systeem redu
eert. Als het systeem bijvoorbeeld syn
hroon is, dan

is het mogelijk om dit systeem op een zodanige manier te bekijken dat het

lijkt alsof iedere kanaalorde geredu
eerd wordt met de lengte van de 
y
lis
he

pre�x (als de kanaalorde groter is dan de lengte van de 
y
lis
he pre�x) of

geredu
eerd wordt tot nul (als de kanaalorde kleiner is dan of gelijk is aan de

lengte van de 
y
lis
he pre�x). De geobserveerde ICI-redu
tie zorgt ervoor dat

de 
omplexiteit van de blokverwerkingsalgoritmen, voorgesteld in hoofdstuk 7,

kan geredu
eerd worden wanneer ze toegepast worden voor een bepaalde toon

van een DMT-DS-CDMA systeem t.o.v. het geval ze toegepast worden voor het

gerelateerde DS-CDMA systeem. Bovendien tonen simulatieresultaten aan dat

deze 
omplexiteitsredu
tie zelfs samengaat met een verbeterde performantie.

Hoofdstuk 10. Con
lusies en Verder Onderzoek

In deel I hebben we alternatieven voor meergebruiker-ontvangers ontwikkeld,

die minder rekenintensief zijn en een vergelijkbare performantie hebben. Deze

alternatieven, die gebaseerd zijn op het 
on
ept van blokspreiding, werden ont-

worpen voor een enkele ontvangstantenne en een ICI-beperkt quasi-syn
hroon

propagatiemodel.

In deel II hebben we deterministis
he blinde ruimte-tijd RAKE-ontvangers be-

studeerd voor een DS-CDMA systeem met meerdere ontvangstantennes. We

hebben daarbij eerst aanda
ht besteed aan blokverwerking en daarna aan adap-

tieve verwerking. Tenslotte hebben we aangetoond hoe de ontwikkelde deter-

ministis
he blinde ruimte-tijd RAKE-ontvangers ook kunnen toegepast worden

voor een DMT-DS-CDMA systeem.

De nieuwe ontvangers voor blokspreidingssystemen, ontwikkeld in deel I, steu-

nen op het gebruik van een enkele ontvangstantenne. Het zou interessant zijn

om te onderzoeken hoe deze ontvangers kunnen uitgebreid worden naar metho-

den gebaseerd op meerdere ontvangstantennes, met als doel het aantal gebrui-

kers dat het systeem kan onderhouden te verhogen.

In deel I hebben we gezien dat de MUI-vrije werking van de MUI-vrije ontvan-

ger wordt bekomen door gebruik te maken van een shift-orthogonale set van


odesequenties. Op basis van zo een shift-orthogonale set van 
odesequenties

kunnen we gemakkelijk een orthogonale set van 
odesequenties 
onstrueren.

Op het eerste gezi
ht laten de 
odesequenties die tot zo een set behoren een

meer uniforme spreiding toe dan bijvoorbeeld Walsh-Hadamard 
odesequen-

ties, die ook orthogonaal zijn. Vandaar dat men mag verwa
hten dat ze goede

kandidaten zijn voor asyn
hrone DS-CDMA 
ommuni
atie. De vraag is nu of

ze betere kandidaten zijn dan bijvoorbeeld Gold 
odesequenties.

W-CDMA ontwerpen [OP98℄ voorzien het gebruik van trainingssequenties om
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de gebruikers te dete
teren. In die 
ontext zou het nuttig zijn om na te gaan

hoe de blinde ruimte-tijd RAKE-ontvangers, die bestudeerd werden in deel II,

kunnen ge
ombineerd worden met trainingsgebaseerde te
hnieken.

Een ander aantrekkelijk onderzoeksonderwerp is de uitbreiding van de blinde

ruimte-tijd RAKE-ontvangers gebaseerd op zenddiversiteit, die ge

�

�ntrodu
eerd

werden in deel II, naar blinde ontvangers voor systemen gebaseerd op andere

(meer optimale) ruimte-tijd 
oderingste
hnieken.



Chapter 1

Introdu
tion

The last few years, there has been a rapidly growing interest in wireless 
om-

muni
ation systems. This is mainly 
aused by the following three attra
tive

features of wireless systems:

� For most appli
ations, a wireless system is 
heaper than a wired system.

� Wireless systems allow 
ommuni
ation in pla
es where it is diÆ
ult to

make wired 
onne
tions.

� Wireless systems allow mobile users.

The 
ru
ial part of any wireless 
ommuni
ation system is the multiple-a

ess

te
hnique, i.e., the me
hanism to share the 
ommon transmission medium

between several users. The basi
 multiple-a

ess te
hniques are frequen
y-

division multiple-a

ess (FDMA), time-division multiple-a

ess (TDMA) and


ode-division multiple-a

ess (CDMA). This thesis deals with the development

of re
eivers for various CDMA systems. Digital signal pro
essing plays a 
entral

role in the design of these re
eivers.

1.1 Multiple-A

ess Prin
iples

Wireless 
ommuni
ation systems are usually organized in a 
ellular fashion.

The wireless operator divides the 
overed area into di�erent 
ells and pla
es a

base station in the 
enter of ea
h 
ell. As a result, two dire
tions of 
ommu-

ni
ation are possible: the 
ommuni
ation from the base station to the users,


alled the forward link or downlink, and the 
ommuni
ation from the users

1
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PSfrag repla
ements


ode


ode
ode

time

timetime

freq.

freq.

freq.

FDMA
TDMA

CDMA

Figure 1.1: Basi
 multiple-a

ess te
hniques.

to the base station, 
alled the reverse link or uplink. These two dire
tions

of 
ommuni
ation are usually separated in frequen
y, whi
h is referred to as

frequen
y division duplexing (FDD), or in time, whi
h is referred to as time

division duplexing (TDD). Most se
ond generation systems, su
h as the GSM

system [MP92℄ and the IS-95 system [Vit95℄, as well as most third generation

system proposals [OP98℄ are based on FDD. From now on, we will only fo
us

on uplink 
ommuni
ation.

Ea
h 
ell of a 
ellular system is assigned a 
ertain frequen
y band, whi
h 
an be

reused by other 
ells. The ratio of the total number of 
ells over the number of


ells using the same frequen
y band is 
alled the frequen
y reuse fa
tor. Note

that the width of the frequen
y band used by a 
ell is equal to the width of the

available frequen
y spe
trum divided by the frequen
y reuse fa
tor. Keeping

this in mind, we now dis
uss the three basi
 multiple-a

ess te
hniques (see

�gure 1.1).

In a frequen
y-division multiple-a

ess (FDMA) or time-division multiple-a

ess

(TDMA) system, ea
h user within the same 
ell operates in a unique frequen
y

or time 
hannel. As a result, there is no intra-
ell interferen
e. The frequen
y
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Figure 1.2: Cellular wireless 
ommuni
ation system with a frequen
y reuse

fa
tor of seven, in the left �gure, and one, in the right �gure. All the 
ells that

are hat
hed in a similar fashion use the same frequen
y band.

reuse fa
tor that is typi
ally used is seven, whi
h means that the distan
e

between two 
ells using the same frequen
y band is large (see �gure 1.2).

Hen
e, the inter-
ell interferen
e is negligible. The 
urrent GSM system [MP92℄

is based on a 
ombination of FDMA and TDMA. Ea
h frequen
y 
hannel in

a GSM system has a bandwidth of 200 kHz and is divided into eight time


hannels.

In a 
ode-division multiple-a

ess CDMA system, on the other hand, ea
h user

within the same 
ell operates in the same frequen
y and time 
hannel. As a

result, there is intra-
ell interferen
e. The frequen
y reuse fa
tor that is typi-


ally used is one (this feature is 
alled universal frequen
y reuse), whi
h means

that the distan
e between two 
ells using the same frequen
y band is small (see

�gure 1.2). Hen
e, the inter-
ell interferen
e is not negligible. The question

then is how the multi-user interferen
e (MUI), de�ned as the sum of the intra-


ell and inter-
ell interferen
e, 
an be suppressed. The answer originates from

the fa
t that, in a CDMA system, ea
h user spreads his information-bearing

signal into a wideband signal, using spe
i�
 
ode information. The re
eiver


an then for instan
e reverse the spreading operation 
orresponding to the de-

sired user, under the assumption that this user's 
ode information is known. If

all the 
ode information is randomly 
hosen, this operation will despread the

re
eived wideband signal into a smallband signal (with the same bandwidth

as information-bearing signals), that 
ontains mu
h more power from the de-

sired user than from the other users. This allows us to re
onstru
t the desired

user's information-bearing signal. This multiple-a

ess prin
iple of CDMA is

illustrated in �gure 1.3. To keep the residual MUI after despreading as low

as possible, ea
h user has to emit the least amount of power that is needed for

reliable transmission. This requires stri
t power 
ontrol. If we do not employ
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Figure 1.3: Multiple-a

ess prin
iple of CDMA. In the top �gure, two users

spread their information-bearing signal into a wideband signal before transmit-

ting it. In the bottom �gure, the re
eiver then reverses the spreading operation


orresponding to user 1.

stri
t power 
ontrol, users near the base station, whi
h are re
eived with high

power, will have a signi�
ant impa
t on the dete
tion of users far from the

base station, whi
h are re
eived with low power. This problem is known as the

near-far problem. However, we 
an also use more advan
ed re
eivers, that do

not require stri
t power 
ontrol (instead of the re
eiver that simply reverses

the spreading operation 
orresponding to the desired user). Note that some

of these re
eivers are based on all the 
ode information, and not only on the

desired user's 
ode information. Whatever the re
eiver we use, CDMA has a

number of interesting advantages over FDMA or TDMA:

� For voi
e transmission, a user is a
tive less than half the time. In an

FDMA or TDMA system, where ea
h user is assigned a unique frequen
y

or time 
hannel, this 
auses a great loss of 
apa
ity, whi
h 
an only be

resolved by giving another user a

ess to the 
hannel of the silent user.

However, this is only possible when the silent period is long enough. In a

CDMA system, where ea
h user is assigned the same frequen
y and time


hannel, this problem does not o

ur.

� In an FDMA or TDMA system, 
ontiguous 
ells are assigned di�erent

frequen
y bands (frequen
y reuse fa
tor of 7). Hen
e, somewhat after

a user has 
rossed the border between two 
ells, he drops the link with

the �rst 
ell's base station and starts 
ommuni
ating with the se
ond
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Figure 1.4: Multi-path propagation environment.


ell's base station. This is 
alled hard hando�. The universal frequen
y

reuse feature of CDMA, on the other hand, allows the use of soft hando�.

Somewhat before a user will 
ross the border between two 
ells, he starts


ommuni
ating with the se
ond 
ell's base station, without dropping the

link with the �rst 
ell's base station. This 
reates a kind of re
eiver

diversity that 
an be exploited to improve the performan
e.

� Due to s
attering, a transmitted signal will be re
eived from a number of

di�erent paths (see �gure 1.4). The re
eived signals 
orresponding to

di�erent paths are all 
opies of the same transmitted signal with di�erent

gains, phases and delays. Sin
e in a CDMA system ea
h user is usually

assigned a larger bandwidth than in an FDMA or TDMA system, the

di�erent paths are better isolated. Hen
e, in a CDMA system the multi-

path interferen
e 
an be suppressed more eÆ
iently than in an FDMA or

TDMA system.

1.2 More Details on CDMA

In a digital 
ommuni
ation system, a bit stream is usually mapped onto a

so-
alled data symbol sequen
e, with data symbols belonging to some �nite al-

phabet (ea
h data symbol represents a �xed number of bits). In a CDMA
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Figure 1.5: Spreading operation used in a CDMA system.

system, ea
h user spreads his data symbol sequen
e with rate 1=T (the data

symbol rate) into a so-
alled 
hip sequen
e with rate N=T (the 
hip rate), us-

ing spe
i�
 
ode information (see �gure 1.5). Note that N � 1 is 
alled the

spreading fa
tor. The way in whi
h this spreading operation is 
arried out de-

pends on the type of CDMA. All users then transmit their 
hip sequen
e within

the same frequen
y and time 
hannel. The re
eiver �nally tries to re
over the

desired user's data symbol sequen
e, based on either the knowledge of the de-

sired user's 
ode information or the knowledge of all the 
ode information. For

simpli
ity, we will always 
onsider 
hip rate sampling at the re
eiver side (see

se
tion 2.2.3).

Before des
ribing other types of CDMA, whi
h we will 
onsider in this the-

sis, we start with a dis
ussion of the most popular type of CDMA, namely

dire
t-sequen
e CDMA (DS-CDMA). DS-CDMA is 
urrently used in the IS-95

system [Vit95℄, but it is also the multiple-a

ess te
hnique that is employed in

most third generation system proposals [OP98℄. Su
h third generation system

proposals are referred to as wideband CDMA (W-CDMA) proposals. The IS-

95 system has a bandwidth of 1.25 MHz, while the W-CDMA proposals aim

at bandwidths of 5 MHz or more.

1.3 DS-CDMA System

In a DS-CDMA system, ea
h user spreads his data symbol sequen
e into a 
hip

sequen
e by taking the following steps (see �gure 1.6):

1. Spread the data symbol sequen
e by a fa
tor N using a spe
i�
 
ode

sequen
e (spreader):

a. Repeat ea
h data symbol N times.

b. Multiply the resulting symbol sequen
e with the 
ode sequen
e.
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Remark 1.3.1 If the 
ode sequen
es spread su

essive data symbols in the

same way (the spreading operation is periodi
 from data symbol to data sym-

bol) they are 
alled short or periodi
. If the 
ode sequen
es spread su

essive

data symbols in a di�erent way (the spreading operation is aperiodi
 from data

symbol to data symbol) they are 
alled long or aperiodi
. 2

At the re
eiver side we 
an then reverse the spreading operation 
orresponding

to the desired user. For short as well as long 
ode sequen
es this is done as

follows:

1. Sample the re
eived signal at 
hip rate.

2. Despread the resulting re
eived sequen
e by a fa
tor N using the desired

user's 
ode sequen
e (
orrelator; see �gure 1.7):

a. Multiply the re
eived sequen
e with the 
omplex 
onjugate 
ode

sequen
e.

b. Sum N su

essive symbols.


. Downsample by a fa
tor N .

3. S
ale the resulting symbol sequen
e in the appropriate way.

In the following example we demonstrate how the 
orrelator of step 2 depi
ted

in �gure 1.7 
an suppress the multi-user interferen
e (MUI), i.e., the interfer-

en
e from other users, and the inter-
hip interferen
e (ICI), i.e., the interferen
e

from neighboring 
hips due to the multi-path propagation environment (see �g-

ure 1.4):

Example 1.3.2 We assume that all the users are syn
hronous and have a

dis
rete-time 
hannel of order L� 1 (1 < L� N). For this 
ase, the re
eived

sequen
e 
onsists of the superposition of 1 s
aled version and L� 1 s
aled and
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Figure 1.7: Correlator.

delayed versions of the desired user's 
hip sequen
e, plus for every interfering

user the superposition of 1 s
aled version and L�1 s
aled and delayed versions

of this interfering user's 
hip sequen
e (see �gure 1.8). If the 
ross
orrelation

fun
tion between the desired user's 
ode sequen
e and any interfering user's


ode sequen
e is small at delays 0 to L� 1, the 
orrelator will only put a small

part of the interfering user's re
eived power in the resulting symbol sequen
e (of


ourse, the higher the interfering user's re
eived power, the more interferen
e

we obtain from this user; this 
auses the earlier des
ribed near-far problem) and

hen
e the 
orrelator will suppress the MUI. Note that only when L = 1 (no ICI)

and all the 
ode sequen
es are orthogonal, the 
orrelator will 
ompletely remove

all the interfering users' re
eived power (no near-far problem). However, as

indi
ated above, we 
onsider 1 < L� N in this example. If the auto
orrelation

fun
tion of the desired user's 
ode sequen
e at delays 1 to L � 1 is small, the


orrelator will only put a small part of the power of the L�1 s
aled and delayed

versions of the desired user's 
hip sequen
e in the resulting symbol sequen
e

and hen
e the 
orrelator will suppress the ICI. 2

Next to the very simple re
eiver we have dis
ussed above, many other re
eivers

for a DS-CDMA system have been developed in the literature. In the following

two se
tions, we will give an overview of these re
eivers.

1.4 Re
eivers for a DS-CDMA System

In this se
tion, we review a number of existing re
eivers for a DS-CDMA sys-

tem. The most popular re
eiver is the 
onventional re
eiver or so-
alled RAKE

re
eiver (Pri
e and Green [PG58℄)

1

.

1

The 
onventional re
eiver is also 
alled RAKE re
eiver, be
ause it has the stru
ture of a

rake.



1.4. Re
eivers for a DS-CDMA System 9

PSfrag repla
ements

s
aled version of 
hip sequen
e

L� 1

s
aled and delayed

versions

N � L+ 1

N

1

�

re
eived sequen
e

Figure 1.8: Stru
ture of the re
eived sequen
e.

PSfrag repla
ements

linear


ombiner


orrelator


orrelator

z

z

Figure 1.9: RAKE re
eiver.

1.4.1 RAKE Re
eiver

The RAKE re
eiver is based on the use of a single re
eive antenna. It 
onsists of

a bank of 
orrelators for the desired user, where ea
h 
orrelator (see �gure 1.7)

despreads the re
eived sequen
e mat
hed to a di�erent 
hannel tap, using the

desired user's 
ode sequen
e, followed by a linear 
ombiner, whi
h linearly


ombines the di�erent 
orrelator outputs in order to generate an estimate of the

desired user's data symbol sequen
e (see �gure 1.9). Note that the stru
ture

of the RAKE re
eiver only requires the knowledge of the desired user's 
ode

sequen
e. RAKE re
eivers 
an be developed for short as well as long 
ode

sequen
es.

Very popular is the mat
hed �lter linear 
ombiner, resulting in the so-
alled


oherent RAKE re
eiver [Vit95℄. The 
oherent RAKE re
eiver maximizes the

signal-to-noise ratio (SNR), but it su�ers from the near-far problem. Therefore,
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resear
h has been fo
using on the development of re
eivers that are robust to

this near-far problem. This has lead to the design of spa
e-time RAKE (ST-

RAKE) re
eivers and multi-user re
eivers. For the latter we make a distin
tion

between multi-user RAKE re
eivers and multi-user equalizers.

1.4.2 ST-RAKE Re
eiver

The ST-RAKE re
eiver is an extension of the RAKE re
eiver for multiple

re
eive antennas. It 
onsists of a set of banks of 
orrelators for the desired

user (one bank at ea
h re
eive antenna), followed by a linear ST 
ombiner,

whi
h linearly 
ombines the di�erent 
orrelator outputs in order to generate an

estimate of the desired user's data symbol sequen
e (see �gure 1.10). Note

that the stru
ture of the ST-RAKE re
eiver only requires the knowledge of the

desired user's 
ode sequen
e. ST-RAKE re
eivers 
an be developed for short

as well as long 
ode sequen
es.

A well-known way to look at this ST-RAKE re
eiver is as a linear ST 
hip

equalizer, whi
h operates on the di�erent re
eived sequen
es in order to gen-

erate an estimate of the desired user's 
hip sequen
e, followed by a 
orrelator,

whi
h despreads the linear ST 
hip equalizer output. Many di�erent linear

ST 
hip equalizers 
an be applied. The most popular one is the mat
hed

�lter linear ST 
hip equalizer, resulting in the so-
alled 
oherent ST-RAKE

re
eiver [SNXP93, NPK94℄. Compared to the 
oherent RAKE re
eiver, the


oherent ST-RAKE re
eiver also maximizes the signal-to-noise ratio (SNR),

but it is less sensitive to the near-far problem. However, instead of apply-

ing a mat
hed �lter linear ST 
hip equalizer, we 
an more e�e
tively exploit

the spatial diversity provided by the di�erent re
eive antennas, suppressing

the ICI (if present) and MUI to a greater extent. This 
an for instan
e be

done using the maximal signal-to-interferen
e-plus-noise ratio (SINR) linear
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ST 
hip equalizer [RZ97, CZ98℄, whi
h maximizes the SINR. Spe
ial 
ases of

this equalizer are the minimum mean-square error (MMSE) linear ST 
hip

equalizer [LZ97, WLLZ98℄ and the minimum varian
e distortionless response

(MVDR) linear ST 
hip equalizer [WLLZ98℄.

1.4.3 Multi-User RAKE Re
eiver

The multi-user RAKE re
eiver is based on the use of a single re
eive antenna.

It is assumed that the number of users is smaller than or equal to the spreading

fa
tor. The multi-user RAKE re
eiver 
onsists of a set of banks of 
orrelators

(one bank for ea
h user), followed by a multi-user dete
tor, whi
h operates on

the di�erent 
orrelator outputs in order to generate an estimate of the desired

user's data symbol sequen
e (see �gure 1.11). Note that the stru
ture of the

multi-user RAKE re
eiver requires the knowledge of all the 
ode sequen
es. In

prin
iple, short as well as long 
ode sequen
es 
an be used. However, for long


ode sequen
es the multi-user dete
tor would have to 
hange from data symbol

to data symbol. Hen
e, multi-user RAKE re
eivers are usually based on the

use of short 
ode sequen
es.

Optimal Multi-User Dete
tor

The �rst multi-user dete
tor developed was the optimal (maximum likelihood)

multi-user dete
tor, presented by Verdu in [Ver86℄ (multi-user extension of the

approa
h proposed by Forney, Jr. [For92℄).



12 Chapter 1. Introdu
tion

Suboptimal Multi-User Dete
tor

Sin
e the optimal multi-user dete
tor has a 
omplexity that is exponential in

the number of users, several less 
omplex suboptimal multi-user dete
tors have

been developed, among them the linear and non-linear multi-user dete
tors.

� Linear Multi-User Dete
tor:

The most popular linear multi-user dete
tors are the zero-for
ing (ZF)

linear multi-user dete
tor (also known as the de
orrelating linear multi-

user dete
tor) [LV89, LV90, XSR90, ZB96, ZB95, KM95℄ and the MMSE

linear multi-user dete
tor [XSR90℄. Note that for asyn
hronous 
ommu-

ni
ation and/or in the presen
e of ICI, there exists no �nite-length ZF

linear multi-user dete
tor.

Remark 1.4.1 In 
ase multiple re
eive antennas are present, we 
an use

a bank of linear multi-user dete
tors (one linear multi-user dete
tor at

ea
h re
eive antenna), followed by a linear 
ombiner, whi
h linearly 
om-

bines the di�erent linear multi-user dete
tor outputs in order to generate

an estimate of the desired user's data symbol sequen
e [Zvo96℄. 2

� Non-Linear Multi-User Dete
tor:

One type of non-linear multi-user dete
tors 
onsists of de
ision feedba
k

(DF) implementations of linear multi-user dete
tors. ZF-DF and MMSE-

DF multi-user dete
tors 
an be found in [DH95, XSR90℄.

Next to the DF multi-user dete
tors, there also exists subtra
tive inter-

feren
e multi-user dete
tors, su
h as the su

essive interferen
e 
an
ella-

tion multi-user dete
tor [PH94℄ and the parallel interferen
e 
an
ellation

multi-user dete
tor [VA90℄. Su

essive interferen
e 
an
ellation works

well in a bad power-
ontrolled situation, while parallel interferen
e 
an-


ellation works well in a good power-
ontrolled situation.

1.4.4 Multi-User Equalizer

A multi-user equalizer is based on the use of a single re
eive antenna or mul-

tiple re
eive antennas. It is assumed that the number of users is smaller than

the spreading fa
tor or the produ
t of the spreading fa
tor with the number of

re
eive antennas. A multi-user equalizer dire
tly operates on the re
eived se-

quen
e or the di�erent re
eived sequen
es in order to generate an estimate of the

desired user's data symbol sequen
e, without imposing any spe
i�
 stru
ture.

Hen
e, the stru
ture of the multi-user equalizer does not imply the knowledge

of any 
ode sequen
es. In prin
iple, short as well as long 
ode sequen
es 
an

be used. However, like before, for long 
ode sequen
es the multi-user equalizer
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would have to 
hange from data symbol to data symbol. Hen
e, multi-user

equalizers are usually based on the use of short 
ode sequen
es. Mostly subop-

timal multi-user equalizers are dis
ussed in literature.

Suboptimal Multi-User Equalizer

Like the suboptimal multi-user dete
tors, the suboptimal multi-user equalizers


an be divided into two 
lasses, namely the linear and non-linear multi-user

equalizers.

� Linear Multi-User Equalizer:

The ZF linear multi-user equalizer is presented in [TG96, TG97, WP98,

KB93, KKKB96℄. The MMSE linear multi-user equalizer is presented

in [MH94, Mil95, KKKB96, SD99, GSP98℄. Finally, the MVDR linear

multi-user equalizer is presented in [WP98, XT98℄. Note that under 
er-

tain identi�ability 
onditions (Tsatsanis and Giannakis [TG96℄), there

always exists a �nite-length ZF linear multi-user equalizer.

For a single-re
eive antenna, �nite-length linear multi-user equalizers have

a better performan
e than the 
orresponding �nite-length linear multi-

user dete
tors. This is be
ause a multi-user equalizer does not impose a

spe
i�
 re
eiver stru
ture, while a multi-user RAKE re
eiver does.

� Non-Linear Multi-User Equalizer:

Most non-linear multi-user equalizers dis
ussed in literature are DF im-

plementations of linear multi-user equalizers. ZF-DF and MMSE-DF

multi-user equalizers are presented by Klein et al [KKKB96℄.

1.5 Blind Re
eivers for a DS-CDMA System

For DS-CDMA systems, re
ent resear
h aims at the development of blind re-


eivers. These re
eivers do not require any training sequen
es to dete
t a

user. Note that training sequen
es usually 
onsume a 
onsiderable part of the

transmission time. Moreover, if a training sequen
e is present, blind re
eivers


an generally be adapted to in
orporate the knowledge of this sequen
e, re-

sulting into so-
alled semi-blind re
eivers, whi
h generally perform better than

their training-based 
ounterparts. For a DS-CDMA system, mainly blind ST-

RAKE re
eivers and blind multi-user equalizers have been investigated. For

both re
eiver stru
tures the underlying data model is multi-input multi-output

(MIMO).
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� For the ST-RAKE re
eiver, the number of inputs is equal to the number

of users and the number of outputs is equal to the number of re
eive

antennas.

� For the multi-user equalizer, the number of inputs is also equal to the

number of users and the number of outputs is equal to the spreading

fa
tor or the produ
t of the spreading fa
tor with the number of re
eive

antennas. In this 
ontext, note that when the 
hannels are time invariant,

the MIMO data model underlying the multi-user equalizer will also be

time invariant, if the 
ode sequen
es are short, while it will 
hange from

data symbol to data symbol, if the 
ode sequen
es are long.

We 
an make a distin
tion between deterministi
 and sto
hasti
 blind re
eivers.

Deterministi
 blind re
eivers exploit deterministi
 properties of the data model.

They 
an usually be divided into two 
lasses: the subspa
e deterministi
 blind

re
eivers (they are based on a subspa
e de
omposition) and the non-subspa
e

deterministi
 blind re
eivers (they are not based on a subspa
e de
omposition).

Sto
hasti
 blind re
eivers, on the other hand, exploit statisti
al properties of

the data model. Sin
e the work of Tong et al [TXK94℄, it has be
ome 
lear that

for single-input multi-output (SIMO) systems blind dete
tion based on se
ond

order statisti
s (SOS) is feasible. For MIMO systems, on the other hand, blind

dete
tion based on SOS is only feasible, if we 
an exploit some additional

information. In a DS-CDMA system this additional information 
an be the


ode information and therefore most of the re
ently developed sto
hasti
 blind

ST-RAKE re
eivers and sto
hasti
 blind multi-user equalizers are based on

SOS.

1.5.1 Blind ST-RAKE Re
eivers

We 
an make a distin
tion between blind ST-RAKE re
eivers based on blind


hannel estimation and those based on dire
t blind equalizer estimation.

Blind Channel Estimation

Within the framework of the ST-RAKE re
eiver, SOS blind multi-user 
han-

nel estimation algorithms are dis
ussed in [SNXP93, LZ97, WLLZ98℄. These

algorithms estimate the 
hannel as the prin
ipal eigenve
tor of a di�eren
e

between two auto
orrelation matri
es: a pre-
orrelation auto
orrelation ma-

trix (
al
ulated before 
orrelation with the desired user's 
ode sequen
e) and

a post-
orrelation auto
orrelation matrix (
al
ulated after 
orrelation with the

desired user's 
ode sequen
e).

Estimating the desired user's 
hannel with one of the above methods only
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requires the desired user's 
ode sequen
e, namely through the fa
t that these

algorithms make use of the data at the output of the set of banks of 
orrelators

(one bank at ea
h re
eive antenna). Based on the knowledge of the desired

user's 
hannel we 
an then easily design the desired user's mat
hed �lter linear

ST 
hip equalizer and based on the knowledge of all the 
hannels, we 
an then

easily design the MMSE or MVDR linear ST 
hip equalizer.

Remark 1.5.1 Note that it is also possible to 
ompute the desired user's

MMSE or MVDR linear ST 
hip equalizer based only on the knowledge of the

desired user's 
hannel [LZ97, WLLZ98℄. 2

Dire
t Blind Equalizer Estimation

Non-subspa
e deterministi
 blind linear ST 
hip equalizer estimation algo-

rithms are presented in [LX96a, LZ97℄.

SOS blind maximal SINR linear ST 
hip equalizer estimation algorithms are

presented in [RZ97, CZ98℄. These algorithms are related to the SOS blind

ST-RAKE 
hannel estimation algorithms, dis
ussed above.

All the above linear ST 
hip equalizer estimation algorithms only require the

knowledge of the desired user's 
ode sequen
e.

1.5.2 Blind Multi-User Equalizers

As already mentioned, when the 
hannels are time invariant, the MIMO data

model underlying the multi-user equalizer will also be time invariant, if the 
ode

sequen
es are short, while it will 
hange from data symbol to data symbol, if the


ode sequen
es are long. That is why most blind multi-user equalizers are based

on the use of short 
ode sequen
es. In this se
tion, we give an overview of these

blind multi-user equalizers. Like before, we 
an make a distin
tion between

blind multi-user equalizers based on blind 
hannel estimation and those based

on dire
t blind equalizer estimation.

Blind Channel Estimation

Within the framework of the linear multi-user equalizer, subspa
e determin-

isti
 blind multi-user 
hannel estimation algorithms are presented in [BA96,

LX96b, TX97, TG97, WP98℄ (although these algorithms are usually intro-

du
ed using SOS, they are basi
ally deterministi
 algorithms). These algo-

rithms are strongly related to the work that has been 
arried out for SIMO

systems [MDCM95, AMCG

+

97, HAMW97℄.
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Within the framework of the linear multi-user equalizer, SOS blind multi-user


hannel estimation algorithms are presented in [SD99, XT99℄. In [SD99℄, a

linear predi
tion approa
h is used. Related linear predi
tion approa
hes for

SIMO systems are dis
ussed in [Din97, AMML97, GD97℄. Correlation mat
hing

is dis
ussed in [XT99℄. Related 
orrelation mat
hing approa
hes for SIMO

systems are dis
ussed in [GH97, ZT97a, ZT97b℄. Note that the SOS blind multi-

user 
hannel estimation algorithms dis
ussed above have milder identi�ability


onditions than the subspa
e deterministi
 blind multi-user 
hannel estimation

algorithms.

Estimating the desired user's 
hannel with one of the above methods only

requires the desired user's 
ode sequen
e. Based on the knowledge of all the


hannels and 
ode sequen
es, we 
an then easily design the desired user's ZF,

MMSE or MVDR linear multi-user equalizer.

Remark 1.5.2 Note that it is also possible to 
ompute the desired user's ZF,

MMSE or MVDR linear multi-user equalizer based only on the knowledge of

the desired user's 
hannel and 
ode sequen
e [WP98, SD99℄. 2

Dire
t Blind Equalizer Estimation

SOS 
onstrained minimum output energy (MOE) linear multi-user equalizer

estimation algorithms are dis
ussed in [Tsa97, TX98℄. In [TX98℄, Capon beam-

forming ideas are used to 
al
ulate the optimal 
onstraint. In this 
ase, the


onstrained MOE linear multi-user equalizer approa
hes the maximal SINR

linear multi-user equalizer, for de
reasing noise. For SIMO systems, a similar

algorithm is presented in [XT98℄. An SOS MMSE linear multi-user equalizer

estimation algorithm is developed by Gesbert et al [GSP98℄. A part of this

algorithm is related with the subspa
e deterministi
 blind multi-user 
hannel

estimation algorithms.

All the above linear multi-user equalizer estimation algorithms only require the

knowledge of the desired user's 
ode sequen
e.

1.6 DS-CDMA-BS System

After this dis
ussion of the well-known DS-CDMA system, we now fo
us on

the DS-CDMA system based on blo
k spreading (DS-CDMA-BS system), in-

trodu
ed by Cirpan and Tsatsanis [CT97℄. The spreading operation used in a

DS-CDMA-BS system 
an be interpreted as the spreading operation used in a

DS-CDMA system followed by 
hip interleaving [CT97℄. Note that the authors

of [CT97℄ have only introdu
ed the DS-CDMA-BS system to fa
ilitate blind
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Figure 1.12: Spreading operation used in a DS-CDMA-BS system.

multi-user 
hannel estimation. They did not propose spe
ial re
eiver stru
tures

for su
h a system.

In a DS-CDMA-BS system, ea
h user spreads his data symbol sequen
e into a


hip sequen
e by taking the following steps (see �gure 1.12):

1. Blo
k the data symbol sequen
e (blo
k size B).

2. Spread the resulting data symbol blo
k sequen
e by a fa
tor N using a

spe
i�
 
ode sequen
e (blo
k spreader):

a. Repeat ea
h data symbol blo
k N times.

b. Multiply the resulting blo
k sequen
e with the 
ode sequen
e.

3. Deblo
k the resulting 
hip blo
k sequen
e (blo
k size B).

Note that remark 1.3.1 still holds (repla
e data symbol by data symbol blo
k).

At the re
eiver side we 
an then reverse the spreading operation 
orresponding

to the desired user. For short as well as long 
ode sequen
es this is done as

follows:

1. Sample the re
eived signal at 
hip rate.

2. Blo
k the resulting re
eived sequen
e (blo
k size B).

3. Despread the resulting re
eived blo
k sequen
e by a fa
tor N with the

desired user's 
ode sequen
e (blo
k 
orrelator; see �gure 1.13):

a. Multiply the re
eived blo
k sequen
e with the 
omplex 
onjugate


ode sequen
e.

b. Sum N su

essive blo
ks.


. Downsample by a fa
tor N .
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4. Transform the resulting blo
k sequen
e in the appropriate way.

5. Deblo
k the resulting blo
k sequen
e (blo
k size B).

In the following example we demonstrate how the blo
k 
orrelator of step 3

depi
ted in �gure 1.13 
an suppress the multi-user interferen
e (MUI), i.e., the

interferen
e from other users, and the inter-
hip-blo
k interferen
e (ICBI), i.e.,

the interferen
e from neighboring 
hip blo
ks due to the multi-path propagation

environment (see �gure 1.4):

Example 1.6.1 We assume that all the users are syn
hronous and have a

dis
rete-time 
hannel of order L� 1 (1 < L� N). For this 
ase, the re
eived

blo
k sequen
e 
onsists of the sum of 1 transformed version and d(L � 1)=Be

transformed and delayed versions of the desired user's 
hip blo
k sequen
e, plus

for every interfering user the sum of 1 transformed version and d(L � 1)=Be

transformed and delayed versions of this interfering user's 
hip blo
k sequen
e

(see �gure 1.14). If the 
ross
orrelation fun
tion between the desired user's


ode sequen
e and any interfering user's 
ode sequen
e is small at delays 0 to

d(L� 1)=Be, the blo
k 
orrelator will only put a small part of the interfering

user's re
eived power in the resulting blo
k sequen
e (of 
ourse, the higher the

interfering user's re
eived power, the more interferen
e; this 
auses the earlier

des
ribed near-far problem) and hen
e the blo
k 
orrelator will suppress the

MUI. Note that only when L = 1 (no ICBI) and all the 
ode sequen
es are

orthogonal, the blo
k 
orrelator will 
ompletely remove all the interfering users'

re
eived power (no near-far problem). However, as indi
ated above, we 
onsider

1 < L � N in this example. If the auto
orrelation fun
tion of the desired

user's 
ode sequen
e at delays 1 to d(L � 1)=Be is small, the blo
k 
orrelator

will only put a small part of the power of the d(L � 1)=Be transformed and

delayed versions of the desired user's 
hip blo
k sequen
e in the resulting blo
k

sequen
e and hen
e the blo
k 
orrelator will suppress the ICBI. 2
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Comparing examples 1.6.1 and 1.3.2 (see �gures 1.14 and 1.8), we noti
e that

for the DS-CDMA-BS system there exist N � d(L � 1)=Be re
eived sample

blo
ks that are only a�e
ted by one data symbol blo
k per user, while for the

DS-CDMA system there exist N�L+1 re
eived samples that are only a�e
ted

by one data symbol per user (remember we 
onsidered syn
hronous users in

examples 1.6.1 and 1.3.2). For the DS-CDMA-BS system, this means that if we

would modify the blo
k 
orrelator in su
h a way that only thoseN�d(L�1)=Be

re
eived sample blo
ks are taken into a

ount, it is possible to design a spe
ial

set of 
ode sequen
es su
h that the blo
k 
orrelator 
ompletely removes the

MUI and ICBI. Similarly, for the DS-CDMA system, this means that if we

would modify the 
orrelator in su
h a way that only those N � L+ 1 re
eived

samples are taken into a

ount, it is possible to design a spe
ial set of 
ode

sequen
es su
h that the 
orrelator 
ompletely removes the MUI and ICI. For

the DS-CDMA-BS system, this would require that all the (N�d(L�1)=Be)�1

subve
tors of the J (J is the number of users) 
ode ve
tors of size N �1 should

be orthogonal. Sin
e there are J(d(L� 1)=Be+1) su
h subve
tors, this would

limit J to (N � d(L� 1)=Be)=(d(L� 1)=Be+1). Similarly, for the DS-CDMA

system, this would require that all the (N � L + 1) � 1 subve
tors of the J

(J is the number of users) 
ode ve
tors of size N � 1 should be orthogonal.

Sin
e there are JL su
h subve
tors, this would limit J to (N � L + 1)=L. As

a result, for the DS-CDMA-BS system this limitation on the number of users

would be a

eptable for any L if we take B � L� 1, while for the DS-CDMA

system this limitation on the number of users would only be a

eptable for
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L = 2 (remember we 
onsidered 1 < L � N in examples 1.6.1 and 1.3.2).

This remarkable feature of a DS-CDMA-BS system, whi
h has to the best of

our knowledge not been re
ognized so far, will be the key to the development of

new re
eivers for a DS-CDMA-BS system.

1.7 DMT-Based CDMA Systems

Multi-tone (MT) modulation, also known as multi-
arrier (MC) modulation

or orthogonal frequen
y-division multiplexing (OFDM), is an attra
tive mod-

ulation te
hnique that has be
ome very popular lately [Bin90℄. Although one

would expe
t that su
h a te
hnique divides the available frequen
y band into

di�erent non-overlapping frequen
y 
hannels, MT modulation divides this band

into di�erent overlapping frequen
y 
hannels with spe
i�
 orthogonality prop-

erties. The 
enters of these bands are 
alled the tones. Dis
rete multi-tone

(DMT) modulation is the dis
rete implementation of MT modulation. It trans-

forms the data symbol sequen
e into a so-
alled DMT-modulated data symbol

sequen
e by taking the following steps:

1. Blo
k the data symbol sequen
e (blo
k size P ).

2. Transform the resulting DMT symbol sequen
e (DMT symbol size P ) by

the inverse dis
rete Fourier transformation (IDFT). Hen
e, the P DMT

subsymbol sequen
es, whi
h are 
ontained in the DMT symbol sequen
e,

will modulate P di�erent tones.

3. Add a 
y
li
 pre�x of length � (�� P ).

4. Deblo
k the resulting blo
k sequen
e (blo
k size P + �).

DMT modulation has two interesting properties. First of all, ea
h tone 
an be

optimally (in the sense of performan
e or 
apa
ity) modulated, if we know the

signal-to-noise ratio (SNR) on this tone. Se
ond, DMT modulation allows a

simple 
hannel equalization. For instan
e, if the 
hannel order is shorter than

or equal to the 
y
li
 pre�x, the inter-symbol interferen
e (ISI) w.r.t. the DMT

symbol sequen
e, i.e., the interferen
e from neighboring DMT symbols, and the

inter-tone interferen
e (ITI), i.e., the interferen
e from other DMT subsymbols

in the same DMT symbol, 
an be 
ompletely removed by a DMT demodulator,

whi
h removes the 
y
li
 pre�x and performs a dis
rete Fourier transformation

(DFT). However, in some appli
ations, su
h as digital subs
riber line (DSL)

modems (wired), the 
hannel order is usually mu
h longer than the 
y
li
 pre�x.

An existing approa
h to solve this problem is to shorten the 
hannel using a lin-

ear time domain equalizer (TEQ) [ADC96, LCC95, MYR96, VBM95, VKS96℄.

A general disadvantage of this approa
h is that the TEQ equalizes all the
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tones in a 
ombined fashion and as a result limits the performan
e of the

system. Therefore, we have re
ently proposed a new approa
h to solve this

problem [VALM

+

99℄. The main idea of this approa
h is to equalize ea
h tone

separately, using a linear frequen
y domain equalizer (FEQ) per tone. We have

shown in [VALM

+

99℄, that for the same operation window the optimal FEQ

approa
h always results in a higher 
apa
ity than the optimal TEQ approa
h,

while their 
omplexities in transmission mode are 
omparable. Note hereby

that the optimal TEQ approa
h is almost never used, sin
e the related 
rite-

rion is highly 
omplex. Therefore this 
riterion is usually simpli�ed to an MSE


riterion, whi
h results in a suboptimal TEQ approa
h. The 
riterion related

to the optimal FEQ approa
h, on the other hand, does not have to be simpli�ed

sin
e it already 
orresponds to an MSE 
riterion. For a further dis
ussion on

this FEQ approa
h, see [VALM

+

00, VALMP00, VALMP99, VAPLM99℄.

We will now present some DMT-based CDMA systems that 
ombine the ad-

vantages of DMT modulation with CDMA.

One possibility is to perform the spreading operation used in a DS-CDMA

system on the DMT-modulated data symbol sequen
e. We then obtain the

DMT-CDMA system, introdu
ed by Vandendorpe [Van95℄. Another possibil-

ity is to perform the spreading operation used in a DS-CDMA-BS system on the

DMT-modulated data symbol sequen
e. We then obtain the new DMT-CDMA

system based on blo
k spreading (DMT-CDMA-BS system). Note that we usu-

ally do not add a 
y
li
 pre�x in a DMT-CDMA or DMT-CDMA-BS system.

For both possibilities, the spa
ing between the di�erent tones is 1=(PT ). A

simple way to design a re
eiver for a DMT-CDMA or DMT-CDMA-BS system

is to take a re
eiver for a DS-CDMA or DS-CDMA-BS system and to put a

DMT demodulator behind it. In this thesis, we will give su
h a re
eiver the

same name as the 
orresponding re
eiver for a DS-CDMA or DS-CDMA-BS

system.

A last possibility, we will 
onsider in this work, is to perform the spread-

ing operation used in a DS-CDMA system on the di�erent DMT subsym-

bol sequen
es. We then obtain the DMT-DS-CDMA system, introdu
ed by

DaSilva and Sousa [DS94℄. In 
ontrast with the previously des
ribed DMT-

based CDMA systems, we do 
onsider a 
y
li
 pre�x in a DMT-DS-CDMA

system. The a
tual spreading fa
tor therefore is N(P + �)=P . However, sin
e

the length of the 
y
li
 pre�x � is generally mu
h smaller than the DMT sym-

bol size P , this a
tual spreading fa
tor 
an be very well approximated by N .

The spa
ing between the di�erent tones now is N=(PT ).

Remark 1.7.1 Note that there also exists a CDMA system that spreads ea
h

data symbol over the di�erent tones. This system is usually referred to as the

MC-CDMA system, introdu
ed in 1993 [YLF93, FP93℄. However, we will not


onsider this system in this work. 2
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1.8 Thesis Survey and Contributions

In this se
tion, we give a general overview of the thesis. The stru
ture of the

thesis is depi
ted in �gure 1.15.

In 
hapter 2, we will give a mathemati
al des
ription of the spreading operation

for the di�erent CDMA systems dis
ussed in this 
hapter. We also present some

interesting data models des
ribing the re
eived information.

For a DS-CDMA and DMT-CDMA system, multi-user re
eivers a
hieve high

performan
es. However, they are rather 
omplex. In part I, we will therefore

look for alternatives to multi-user re
eivers, aiming at a lower 
omplexity and a


omparable performan
e. For a single re
eive antenna and an ICI-limited quasi-

syn
hronous propagation model, new re
eivers we develop for a DS-CDMA-BS

and DMT-CDMA-BS system 
onstitute su
h alternatives. In order to make

a fair 
omparison, existing re
eivers for a DS-CDMA and DMT-CDMA sys-

tem are also introdu
ed for a single re
eive antenna and an ICI-limited quasi-

syn
hronous propagation model.

In 
hapter 3, we will review some existing re
eivers for a DS-CDMA system,

su
h as the RAKE re
eiver and the linear multi-user equalizer. Note that these

re
eivers are well-known in the wireless 
ommuni
ation 
ommunity.

In 
hapter 4, we will develop new re
eivers for a DS-CDMA-BS system, su
h as

the blo
k RAKE re
eiver and the MUI-free re
eiver, whi
h 
ompletely removes

the MUI, without using any 
hannel information. Note that these re
eivers are

own 
ontributions.

The 
omplexity and performan
e of the MUI-free re
eiver and the linear multi-

user equalizer will then be 
ompared in 
hapter 5. In the same 
hapter, we

will also 
ompare the MUI-free re
eiver with the 
orresponding FFT-based

Vandermonde-Lagrange AMOUR (VL-AMOUR) trans
eiver [WSGB99℄.

In 
hapter 6, we will present di�erent re
eivers for a DMT-CDMA and DMT-

CDMA-BS system. For a DMT-CDMA system, we will review some existing

re
eivers, su
h as the RAKE re
eiver and the linear multi-user equalizer. Ea
h

of these re
eivers basi
ally is a 
as
ade of the 
orresponding re
eiver for a DS-

CDMA system and a DMT demodulator. For a DMT-CDMA-BS system, we

will develop new re
eivers, su
h as the blo
k RAKE re
eiver and the MUI-free

re
eiver, whi
h 
ompletely removes the MUI, without using any 
hannel infor-

mation. Again, ea
h of these re
eivers basi
ally is a 
as
ade of the 
orrespond-

ing re
eiver for a DS-CDMA-BS system and a DMT demodulator. However,

the main 
ontribution of this 
hapter is the development of the MUI/ITI-free

re
eiver, whi
h 
ompletely removes the MUI and ITI, without using any 
han-

nel information. To 
on
lude, we will 
ompare the 
omplexity and performan
e

of the MUI-free re
eiver and the MUI/ITI-free re
eiver with the 
omplexity and
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performan
e of the linear multi-user equalizer.

The publi
ations related to part I are

� G. Leus and M. Moonen, MUI-Free Re
eiver for a Syn
hronous DS-

CDMA System Based on Blo
k Spreading in the Presen
e of Frequen
y-

Sele
tive Fading, IEEE Transa
tions on Signal Pro
essing, a

epted for

publi
ation.

� G. Leus and M. Moonen, MUI-Free Re
eiver for a Shift-Orthogonal

Quasi-Syn
hronous DS-CDMA System Based on Blo
k Spreading in Fre-

quen
y-Sele
tive Fading, in Pro
. of the International Conferen
e on

A
ousti
s, Spee
h and Signal Pro
essing (ICASSP), Istanbul, Turkey,

June 2000, a

epted for publi
ation.

� G. Leus and M. Moonen, Blo
k Spreading for Dis
rete Multi-Tone CDMA

Systems in the Presen
e of Frequen
y-Sele
tive Fading, in Pro
. of the

Asilomar Conferen
e on Signals, Systems and Computers, Pa
i�
 Grove,

California, O
tober 1999.

� G. Leus and M. Moonen, Fully De
orrelating Blind Equalization for Syn-


hronous DS-CDMA Systems, in Pro
. of the IEEE Digital Signal Pro-


essing Workshop, Bry
e Canyon, Utah, August 1998.

In part II, deterministi
 blind spa
e-time RAKE (ST-RAKE) re
eivers for a

DS-CDMA system with multiple re
eive antennas are developed. In a blo
k

pro
essing 
ontext, these require mu
h smaller blo
ks of re
eived samples than

sto
hasti
 blind ST-RAKE re
eivers. As a result, adaptive implementations


an be used in a highly time-varying environment.

In 
hapter 7, we dis
uss deterministi
 blind ST-RAKE re
eivers based on blo
k

pro
essing. Dire
t blind symbol estimation as well as dire
t blind equalizer

estimation will be fo
used on. The proposed blo
k pro
essing methods based

on dire
t blind symbol estimation have to the best of our knowledge not yet

been studied in the literature. Some of the proposed blo
k pro
essing methods

based on dire
t blind equalizer estimation, on the other hand, have already

been studied in the literature, but only in their most simplest form.

In 
hapter 8, we then present some deterministi
 blind ST-RAKE re
eivers

based on adaptive pro
essing. We make a distin
tion between windowed and

exponentially-weighted adaptive pro
essing. Fo
us here will only be on dire
t

blind symbol estimation. The proposed adaptive algorithms are all new 
on-

tributions.

Note that in both 
hapters, we present subspa
e methods as well as non-subspa
e

methods. Interesting 
omplexity and performan
e 
omparisons of the proposed

methods are given.
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Finally, in 
hapter 9, we show how the deterministi
 blind ST-RAKE re
eivers

based on blo
k pro
essing, presented in 
hapter 7, 
an also be applied on a

DMT-DS-CDMA system (similar reasonings are possible for the deterministi


blind ST-RAKE re
eivers based on adaptive pro
essing, presented in 
hap-

ter 8). We examine how the 
omplexity and performan
e of the blo
k pro
ess-

ing methods, presented in 
hapter 7, behave when they are 
arried out for a

tone of a DMT-DS-CDMA system w.r.t. the 
ase they are 
arried out for the

related DS-CDMA system.

Publi
ations related to part II are

� G. Leus and M. Moonen, Viterbi and RLS De
oding for Deterministi


Blind Symbol Estimation in DS-CDMA Wireless Communi
ation, Signal

Pro
essing, Vol. 8, No. 5, pages 745{771, May 2000.

� G. Leus, P. Vandaele and M. Moonen, Deterministi
 Blind Modulation-

Indu
ed Sour
e Separation for Digital Wireless Communi
ations, IEEE

Transa
tions on Signal Pro
essing, submitted for publi
ation.

� G. Leus, P. Vandaele and M. Moonen, Per Tone Blind Signal Separa-

tion for a DMT-DS-CDMA System, in Pro
. of the European Signal

Pro
essing Conferen
e (EUSIPCO), Tampere, Finland, September 2000,

a

epted for publi
ation.

� P. Vandaele, G. Leus and M. Moonen, A Non-Iterative Blind Signal Sepa-

ration Algorithm Based on Transmit Diversity and Coding, in Pro
. of the

Asilomar Conferen
e on Signals, Systems and Computers, Pa
i�
 Grove,

California, O
tober 1999.

� P. Vandaele, G. Leus and M. Moonen, A Non-Iterative Blind Binary Sig-

nal Separation Algorithm Based on Linear Coding, in Pro
. of the IEEE

Workshop on Signal Pro
essing Advan
es in Wireless Communi
ations

(SPAWC), Annapolis, Maryland, May 1999, pages 98{101.

� G. Leus and M. Moonen, Adaptive Blind Equalization for Asyn
hronous

DS-CDMA Systems Based on RLS, in Pro
. of the European Signal

Pro
essing Conferen
e (EUSIPCO), Rhodes, Gree
e, September 1998,

pages 765{768.

� G. Leus and M. Moonen, An Adaptive Blind Re
eiver for Asyn
hronous

DS-CDMA Based on Re
ursive SVD and RLS, in Pro
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on
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Chapter 2

Basi
 Con
epts

In this 
hapter, we will explain some basi
 
on
epts that will be used throughout

this thesis. In se
tion 2.1, we give a mathemati
al des
ription of the spreading

operation for the di�erent CDMA systems dis
ussed in the previous 
hapter.

First, we 
onsider the well-known DS-CDMA system [Vit95℄. Then we fo
us

on the DS-CDMA system based on blo
k spreading (DS-CDMA-BS system),

presented in [CT97℄. Next to these systems, we also 
onsider some DMT-

based CDMA systems, su
h as the DMT-CDMA system, presented in [Van95℄,

and the new DMT-CDMA system based on blo
k spreading (DMT-CDMA-BS

system). A �nal DMT-based CDMA system we look at is the DMT-DS-CDMA

system, presented in [DS94℄. In se
tion 2.2, we then dis
uss some data models

des
ribing the re
eived information. The data models we present for a DS-

CDMA or DMT-CDMA system employing short 
ode sequen
es have already

been 
onsidered in the literature. However, the data models we present for a

DS-CDMA-BS or DMT-CDMA-BS system are new. Con
lusions are given in

se
tion 2.3.

2.1 CDMA Systems

In a digital 
ommuni
ation system, a bit stream is usually mapped onto a

so-
alled data symbol sequen
e, with data symbols belonging to some �nite

alphabet 
 (ea
h data symbol represents a �xed number of bits). Fo
using

for instan
e on phase shift keying (PSK), �-PSK modulation will map a blo
k

of log

2

(�) bits onto one of � data symbols, whi
h have the same modulus

and equidistant phases. Binary phase shift keying (BPSK) 
orresponds to

� = 2, while quadrature phase shift keying (QPSK) 
orresponds to � = 4 (see

�gure 2.1).

27
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onstellation diagrams.

In a CDMA system, the jth user (j = 1; 2; : : : ; J) spreads his data symbol

sequen
e s

j

[k℄ with rate 1=T (the data symbol rate) into a so-
alled 
hip se-

quen
e x

j

[n℄ with rate N=T (the 
hip rate), using spe
i�
 
ode information.

Note that N � 1 is 
alled the spreading fa
tor. All users then transmit their


hip sequen
e within the same frequen
y and time 
hannel. In this se
tion, we

give a mathemati
al des
ription of the above spreading operation for the dif-

ferent CDMA systems dis
ussed in the previous 
hapter. First, we 
onsider the

well-known DS-CDMA system [Vit95℄ and the DS-CDMA-BS system [CT97℄.

Then, we look at some DMT-based CDMA systems, su
h as the DMT-CDMA

system [Van95℄, the new DMT-CDMA-BS system and, �nally, the DMT-DS-

CDMA system [DS94℄.

2.1.1 DS-CDMA System

In a DS-CDMA system [Vit95℄, the data symbol sequen
e s

j

[k℄ is spread by

a fa
tor N with the length-�N (� � 1) 
ode sequen
e 


j

[n℄ (


j

[n℄ 6= 0, for

n = 0; 1; : : : ; �N � 1, and 


j

[n℄ = 0, for n < 0 and n � �N), resulting into the

desired 
hip sequen
e x

j

[n℄:

x

j

[n℄ = s

j

[k℄


j

[n mod �N ℄; with k =

j

n

N

k

. (2.1)

This spreading operation is depi
ted in �gure 2.2.

Remark 2.1.1 If � = 1, su

essive data symbols are spread in the same way

(the spreading operation is periodi
 from data symbol to data symbol). From

remark 1.3.1, we know that su
h 
ode sequen
es are 
alled short or periodi
.

If � > 1, su

essive data symbols are spread in a di�erent way (the spreading

operation is aperiodi
 from data symbol to data symbol). From remark 1.3.1,

we know that su
h 
ode sequen
es are 
alled long or aperiodi
. 2
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2.1.2 DS-CDMA-BS System

In a DS-CDMA-BS system [CT97℄, the data symbol sequen
e s

j

[k℄ is �rst

blo
ked (blo
k size B), leading to the following data symbol blo
k sequen
e:

s

j

[k℄ =

h

s

j

[kB℄ s

j

[kB + 1℄ � � � s

j

[(k + 1)B � 1℄

i

T

:

This data symbol blo
k sequen
e s

j

[k℄ is then spread by a fa
tor N with the

length-�N (� � 1) 
ode sequen
e 


j

[n℄ (


j

[n℄ 6= 0, for n = 0; 1; : : : ; �N � 1, and




j

[n℄ = 0, for n < 0 and n � �N), resulting into the 
hip blo
k sequen
e x

j

[n℄,

given by

x

j

[n℄ = s

j

[k℄


j

[n mod �N ℄; with k =

j

n

N

k

.

The desired 
hip sequen
e x

j

[n℄ is then obtained by deblo
king x

j

[n℄ (blo
k

size B):

x

j

[n℄ =

h

x

j

[nB℄ x

j

[nB + 1℄ � � � x

j

[(n+ 1)B � 1℄

i

T

:

This spreading operation is depi
ted in �gure 2.3. Note that remark 2.1.1

still holds (repla
e data symbol by data symbol blo
k).

2.1.3 DMT-Based CDMA Systems

DMT-based CDMA systems aim at 
ombining the advantages of DMT mod-

ulation (see se
tion 1.7) with CDMA. In a DMT-based CDMA system, the
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data symbol sequen
e s

j

[k℄ is �rst blo
ked (blo
k size P ), leading to the DMT

symbol sequen
e
~
r

dmt

j

[�℄ (DMT symbol size P ):

~
r

dmt

j

[�℄ =

h

s

j

[�P ℄ s

j

[�P + 1℄ � � � s

j

[(�+ 1)P � 1℄

i

T

:

De�ning the DMT subsymbol sequen
e for the pth tone (p = 1; 2; : : : ; P ) as

~r

j;p

[�℄ = s

j

[�P + p� 1℄;

this DMT symbol sequen
e
~
r

dmt

j

[�℄ 
an also be written as

~
r

dmt

j

[�℄ =

h

~r

j;1

[�℄ ~r

j;2

[�℄ � � � ~r

j;P

[�℄

i

T

:

DMT-CDMA System and DMT-CDMA-BS System

A �rst way to pro
eed, leading to a DMT-CDMA system or a DMT-CDMA-BS

system, is to perform an inverse dis
rete Fourier transformation (IDFT) on the

DMT symbol sequen
e
~
r

dmt

j

[�℄:

r

dmt

j

[�℄ =

p

PI

P

~
r

dmt

j

[�℄;

where I

P

represents the P �P IDFT matrix. Note that we do not add a 
y
li


pre�x here. Deblo
king r

dmt

j

[�℄ (blo
k size P ) results into the DMT-modulated

data symbol sequen
e r

j

[k℄:

r

dmt

j

[�℄ =

h

r

j

[�P ℄ r

j

[�P + 1℄ � � � r

j

[(�+ 1)P � 1℄

i

T

:

DMT-CDMA System:

In a DMT-CDMA system [Van95℄, we then perform the spreading operation

used in a DS-CDMA system (see �gure 2.2) on the DMT-modulated data sym-

bol sequen
e. The DMT-modulated data symbol sequen
e r

j

[k℄ is spread by

a fa
tor N with the length-�N (� � 1) 
ode sequen
e 


j

[n℄ (


j

[n℄ 6= 0, for

n = 0; 1; : : : ; �N � 1, and 


j

[n℄ = 0, for n < 0 and n � �N), resulting into the

desired 
hip sequen
e x

j

[n℄:

x

j

[n℄ = r

j

[k℄


j

[n mod �N ℄; with k =

j

n

N

k

.

The spreading operation 
orresponding to the DMT-CDMA system is illus-

trated in �gure 2.4.

DMT-CDMA-BS System:

In a DMT-CDMA-BS system, we then perform the spreading operation used in

a DS-CDMA-BS system (see �gure 2.3) on the DMT-modulated data symbol
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sequen
e. The DMT-modulated data symbol sequen
e r

j

[k℄ is �rst blo
ked

(blo
k size B), leading to the following DMT-modulated data symbol blo
k

sequen
e:

r

j

[k℄ =

h

r

j

[kB℄ r

j

[kB + 1℄ � � � r

j

[(k + 1)B � 1℄

i

T

:

This DMT-modulated data symbol blo
k sequen
e r

j

[k℄ is then spread by a

fa
tor N with the length-�N (� � 1) 
ode sequen
e 


j

[n℄ (


j

[n℄ 6= 0, for n =

0; 1; : : : ; �N � 1, and 


j

[n℄ = 0, for n < 0 and n � �N), resulting into the 
hip

blo
k sequen
e x

j

[n℄, given by

x

j

[n℄ = r

j

[k℄


j

[n mod �N ℄; with k =

j

n

N

k

.

The desired 
hip sequen
e x

j

[n℄ is then obtained by deblo
king x

j

[n℄ (blo
k

size B):

x

j

[n℄ =

h

x

j

[nB℄ x

j

[nB + 1℄ � � � x

j

[(n+ 1)B � 1℄

i

T

:

The spreading operation 
orresponding to the DMT-CDMA-BS system is il-

lustrated in �gure 2.5.

DMT-DS-CDMA System

A se
ond way to pro
eed, leading to a DMT-DS-CDMA system [DS94℄, is to

perform the spreading operation used in a DS-CDMA system (see �gure 2.2)

on ea
h of the DMT subsymbol sequen
es. The DMT subsymbol sequen
e

~r

j;p

[�℄ is spread by a fa
tor N with the length-�N (� � 1) 
ode sequen
e 


j;p

[�℄

(


j;p

[�℄ 6= 0, for � = 0; 1; : : : ; �N � 1, and 


j;p

[�℄ = 0, for � < 0 and � � �N),

resulting into

~x

j;p

[�℄ = ~r

j;p

[�℄


j;p

[� mod �N ℄; with � = b�=N
: (2.2)
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Combining the results for all P tones, we obtain

~
x

dmt

j

[�℄ =

h

~x

j;1

[�℄ ~x

j;2

[�℄ � � � ~x

j;P

[�℄

i

T

:

We then perform an IDFT and add a 
y
li
 pre�x of length �:

x

dmt

j

[�℄ = P

t

p

PI

P

~
x

dmt

j

[�℄;

where P

t

is the (P + �)� P matrix, given by

P

t

=

"

O I

�

I

P

#

:

The desired 
hip sequen
e x

j

[n℄ is then obtained by deblo
king x

dmt

j

[�℄ (blo
k

size P + �):

x

dmt

j

[�℄ =

h

x

j

[�(P + �)℄ x

j

[�(P + �) + 1℄ � � � x

j

[(� + 1)(P + �)� 1℄

i

T

:

The spreading operation 
orresponding to the DMT-DS-CDMA system is il-

lustrated in �gure 2.6. Note that be
ause we use a 
y
li
 pre�x of length �

the a
tual spreading fa
tor now is N(P + �)=P . However, sin
e the length of

the 
y
li
 pre�x � is generally mu
h smaller than the DMT symbol size P , this

a
tual spreading fa
tor 
an be very well approximated by N .

2.1.4 Short Code Sequen
es

Here, we introdu
e some useful notations for a short 
ode sequen
e. These

notations will be used in part I. For a short 
ode sequen
e 


j

[n℄ (� = 1), we

de�ne the N � 1 
ode ve
tor 


j

as




j

=

h




j

[0℄ 


j

[1℄ � � � 


j

[N � 1℄

i

T

:



2.2. Data Models 33

PSfrag repla
ements

s

j

[k℄

~
r

dmt

j

[�℄
~
x

dmt

j

[�℄

x

dmt

j

[�℄

x

j

[n℄

P

P

P

PP

P+�




j;1

[� mod �N ℄




j;P

[� mod �N ℄

M

U

X

D

E

M

U

X

N�

S/P

P/S

p

PI

P

P

t

Figure 2.6: Spreading operation used in a DMT-DS-CDMA system.

We further de�ne the (N � n)� 1 
ode ve
tor 


"(n)

j

by removing the upper n

entries of 


j

:




"(n)

j

=

h




j

[n℄ 


j

[n+ 1℄ � � � 


j

[N � 1℄

i

T

(2.3)

and the (N � n)� 1 
ode ve
tor 


#(n)

j

by removing the lower n entries of 


j

:




#(n)

j

=

h




j

[0℄ 


j

[1℄ � � � 


j

[N � 1� n℄

i

T

: (2.4)

2.2 Data Models

In the previous se
tion, we have des
ribed the spreading operation for various

CDMA systems. In this se
tion, we present some data models des
ribing the

re
eived information. This is done for a single re
eive antenna as well as for

multiple re
eive antennas. We do not give an a
tual des
ription of the data

models but only aim at an equivalent baseband des
ription, whi
h is 
ommon

pra
ti
e. The data models we present for a DS-CDMA or DMT-CDMA system

employing short 
ode sequen
es are well-know. The data models we present

for a DS-CDMA-BS or DMT-CDMA-BS system, on the other hand, are new.

The goal of developing these data models is to reveal some interesting features

that 
an be used for the re
eiver design.
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Note that we assume that the multi-path propagation environment is slowly

time varying (slowly fading), su
h that the 
oheren
e time (the time over whi
h

the multi-path propagation environment is essentially time invariant) is mu
h

larger than the data symbol period T . Hen
e, we 
an model the multi-path

propagation environment as time invariant within the observation window.

2.2.1 Single Re
eive Antenna

Assume that our system is equipped with 1 re
eive antenna and let g

j

(t) denote

the 
ontinuous-time 
hannel from the jth user to the re
eive antenna, in
luding

the transmit and re
eive �lters. The re
eived signal 
an then be written as

y(t) =

J

X

j=1

+1

X

n=�1

g

j

(t� nT=N)x

j

[n℄ + e(t);

where e(t) is the 
ontinuous-time additive noise. If we sample at the 
hip rate

N=T , we then obtain the following re
eived sequen
e

y[n℄ = y(nT=N) =

J

X

j=1

+1

X

n

0

=�1

g

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄; (2.5)

where e[n℄ = e(nT=N) is the dis
rete-time additive noise and g

j

[n℄ = g

j

(nT=N)

is the dis
rete-time 
hannel from the jth user to the re
eive antenna. We model

g

j

[n℄ as a �nite impulse response (FIR) �lter of order L

j

with delay index Æ

j

(g

j

[n℄ 6= 0, for n = Æ

j

and n = Æ

j

+L

j

, and g

j

[n℄ = 0, for n < Æ

j

and n > Æ

j

+L

j

).

Note that the larger the order of g

j

[n℄, the more inter-
hip interferen
e (ICI)

for the jth user. The above des
ribed data model (a single-
hannel model: 1


hannel per user) is depi
ted in �gure 2.7.

DS-CDMA or DMT-CDMA System Employing Short Code Sequen
es:

Assume we have a DS-CDMA or DMT-CDMA system employing short 
ode

sequen
es. We 
an then de�ne the dis
rete-time 
omposite 
hannel from the



2.2. Data Models 35

jth user to the re
eive antenna as

h

j

[n℄ =

+1

X

n

0

=�1

g

j

[n

0

℄


j

[n� n

0

℄: (2.6)

Sin
e g

j

[n℄ is an FIR �lter of order L

j

with delay index Æ

j

, h

j

[n℄ is an FIR

�lter of order L

j

+ N � 1 with delay index Æ

j

(h

j

[n℄ 6= 0, for n = Æ

j

and

n = Æ

j

+ L

j

+N � 1, and h

j

[n℄ = 0, for n < Æ

j

and n > Æ

j

+ L

j

+N � 1). If

we then introdu
e the following re
eived ve
tor sequen
e:

y

ve


[k℄ =

h

y[kN ℄ y[kN + 1℄ � � � y[(k + 1)N � 1℄

i

T

;

we 
an write

y

ve


[k℄ =

J

X

j=1

+1

X

k

0

=�1

h

ve


j

[k

0

℄s

j

[k � k

0

℄ + e

ve


[k℄ (for DS-CDMA), (2.7)

y

ve


[k℄ =

J

X

j=1

+1

X

k

0

=�1

h

ve


j

[k

0

℄r

j

[k � k

0

℄ + e

ve


[k℄ (for DMT-CDMA), (2.8)

where e

ve


[k℄ is similarly de�ned as y

ve


[k℄ and h

ve


j

[k℄ is the dis
rete-time

N �1 
omposite ve
tor 
hannel from the jth user to the re
eive antenna, given

by

h

ve


j

[k℄ =

h

h

j

[kN ℄ h

j

[kN + 1℄ � � � h

j

[(k + 1)N � 1℄

i

T

:

Sin
e h

j

[n℄ is an FIR �lter of order L

j

+N � 1 with delay index Æ

j

, h

ve


j

[k℄ is

an N � 1 FIR ve
tor �lter of order b(Æ

j

+L

j

+N � 1)=N
� bÆ

j

=N
 with delay

index bÆ

j

=N
 (h

ve


j

[k℄ 6= 0, for k = bÆ

j

=N
 and k = b(Æ

j

+L

j

+N�1)=N
, and

h

ve


j

[k℄ = 0, for k < bÆ

j

=N
 and k > b(Æ

j

+L

j

+N�1)=N
). Note that the larger

the order of h

ve


j

[k℄, the more inter-symbol interferen
e (ISI) for the jth user.

The ISI we are talking about here is the ISI w.r.t. the data symbol sequen
e

s

j

[k℄ (for DS-CDMA) or w.r.t. the DMT-modulated data symbol sequen
e r

j

[k℄

(for DMT-CDMA). The above des
ribed data model (a multi-
hannel model

with N 
hannels per user) is depi
ted in �gure 2.8.

DS-CDMA-BS or DMT-CDMA-BS System:

Assume we have a DS-CDMA-BS or DMT-CDMA-BS system. If we then blo
k

the re
eived sequen
e y[n℄ (blo
k size B), leading to the following re
eived blo
k

sequen
e:

y[n℄ =

h

y[nB℄ y[nB + 1℄ � � � y[(n+ 1)B � 1℄

i

T

;

we 
an write

y[n℄ =

J

X

j=1

1

X

n

0

=�1

G

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄; (2.9)
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where e[n℄ is similarly de�ned as y[n℄ and G

j

[n℄ is the dis
rete-time B � B

matrix 
hannel from the jth user to the re
eive antenna, given by

G

j

[n℄ =

2

6

6

6

6

4

g

j

[Bn℄ g

j

[Bn� 1℄ � � � g

j

[B(n� 1) + 1℄

g

j

[Bn+ 1℄ g

j

[Bn℄ � � � g

j

[B(n� 1) + 2℄

.

.

.

.

.

.

.

.

.

.

.

.

g

j

[B(n+ 1)� 1℄ g

j

[B(n+ 1)� 2℄ � � � g

j

[Bn℄

3

7

7

7

7

5

:

Sin
e g

j

[n℄ is an FIR �lter of order L

j

with delay index Æ

j

, G

j

[n℄ is a B � B

FIR matrix �lter of order d(Æ

j

+ L

j

)=Be � bÆ

j

=B
 with delay index bÆ

j

=B


(G

j

[n℄ 6= O

B

, for n = bÆ

j

=B
 and n = d(Æ

j

+ L

j

)=Be, and G

j

[n℄ = O

B

,

for n < bÆ

j

=B
 and n > d(Æ

j

+ L

j

)=Be). Note that the larger the order of

G

j

[n℄, the more inter-
hip-blo
k interferen
e (ICBI) for the jth user. The

above des
ribed data model (a single-matrix-
hannel model: 1 matrix 
hannel

per user) is depi
ted in �gure 2.9.
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ICI-Limited Quasi-Syn
hronous Propagation Model

Denoting the maximal 
hannel order as

L

max

= max

j

fL

j

g;

we de�ne an ICI-limited quasi-syn
hronous propagation model as a propagation

model, for whi
h we 
an �nd a parameter L, su
h that

0 � Æ

j

< Æ

j

+ L

j

< L� N; for j = 1; 2; : : : ; J . (2.10)

Note that we always assume there is ICI present. Then, g

j

[n℄ 
an be modeled

by an FIR �lter of order L � 1 with delay index 0 (overmodeling 
an o

ur)

and the data model (2.5) 
an be written as

y[n℄ =

J

X

j=1

L�1

X

n

0

=0

g

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄: (2.11)

We then also de�ne the L� 1 
hannel ve
tor for the jth user as

g

j

=

h

g

j

[0℄ g

j

[1℄ � � � g

j

[L� 1℄

i

T

: (2.12)

DS-CDMA or DMT-CDMA System Employing Short Code Sequen
es:

When an ICI-limited quasi-syn
hronous propagation model is 
onsidered for

a DS-CDMA or DMT-CDMA system employing short 
ode sequen
es, h

ve


j

[k℄

be
omes an N � 1 FIR ve
tor �lter of order 1 with delay index 0, where

h

ve


j

[0℄ =

h

h

j

[0℄ h

j

[1℄ � � � h

j

[N � 1℄

i

T

;

h

ve


j

[1℄ =

h

h

j

[N ℄ h

j

[N + 1℄ � � � h

j

[N + L� 2℄ 0 � � � 0

i

T

:

The data models (2.7) and (2.8) 
an then be written as

y

ve


[k℄ =

J

X

j=1

1

X

k

0

=0

h

ve


j

[k

0

℄s

j

[k � k

0

℄ + e

ve


[k℄ (for DS-CDMA),

y

ve


[k℄ =

J

X

j=1

1

X

k

0

=0

h

ve


j

[k

0

℄r

j

[k � k

0

℄ + e

ve


[k℄ (for DMT-CDMA).

Removing the �rst L� 1 elements of y

ve


[k℄:

y


ut

[k℄ =

h

y[kN + L� 1℄ y[kN + L℄ � � � y[(k + 1)N � 1℄

i

T

;
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we 
an 
ompletely remove the ISI for every user [LX96b℄ and we obtain

y


ut

[k℄ =

J

X

j=1

h


ut

j

s

j

[k℄ + e


ut

[k℄ (for DS-CDMA),

y


ut

[k℄ =

J

X

j=1

h


ut

j

r

j

[k℄ + e


ut

[k℄ (for DMT-CDMA),

where e


ut

[k℄ is similarly de�ned as y


ut

[k℄ and h


ut

j

is the (N � L + 1) � 1


omposite 
hannel ve
tor for the jth user, given by

h


ut

j

=

h

h

j

[L� 1℄ h

j

[L℄ � � � h

j

[N � 1℄

i

T

: (2.13)

Note that y


ut

[k℄ 
an also be written as

y


ut

[k℄ =Hs[k℄ + e


ut

[k℄ (for DS-CDMA), (2.14)

y


ut

[k℄ =Hr[k℄ + e


ut

[k℄ (for DMT-CDMA), (2.15)

where H is the (N � L+ 1)� J 
omposite 
hannel matrix, given by

H =

h

h


ut

1

h


ut

2

� � � h


ut

J

i

;

and s[k℄ and r[k℄ are de�ned as

s[k℄ =

h

s

1

[k℄ s

2

[k℄ � � � s

J

[k℄

i

T

;

r[k℄ =

h

r

1

[k℄ r

2

[k℄ � � � r

J

[k℄

i

T

:

DS-CDMA-BS or DMT-CDMA-BS System:

When an ICI-limited quasi-syn
hronous propagation model is 
onsidered for a

DS-CDMA-BS or DMT-CDMA-BS system, we usually take the blo
k size B

equal to the parameter L. Then G

j

[n℄ be
omes an L� L FIR matrix �lter of

order 1 with delay index 0, where

G

j

[0℄ =

2

6

6

6

6

4

g

j

[0℄ 0 � � � 0

g

j

[1℄ g

j

[0℄ � � � 0

.

.

.

.

.

.

.

.

.

.

.

.

g

j

[L� 1℄ g

j

[L� 2℄ � � � g

j

[0℄

3

7

7

7

7

5

;

G

j

[1℄ =

2

6

6

6

6

4

0 g

j

[L� 1℄ � � � g

j

[1℄

.

.

.

.

.

.

.

.

.

.

.

.

0 0 � � � g

j

[L� 1℄

0 0 � � � 0

3

7

7

7

7

5

:
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The data model (2.9) 
an then be written as

y[n℄ =

J

X

j=1

1

X

n

0

=0

G

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄: (2.16)

2.2.2 Multiple Re
eive Antennas (Spatial Oversampling)

Assume that our system is equipped with M re
eive antennas and let g

(m)

j

(t)

denote the 
ontinuous-time 
hannel from the jth user to the mth re
eive an-

tenna, in
luding the transmit and re
eive �lters. The re
eived signal at the

mth re
eive antenna 
an then be written as

y

(m)

(t) =

J

X

j=1

+1

X

n=�1

g

(m)

j

(t� nT=N)x

j

[n℄ + e

(m)

(t);

where e

(m)

(t) is the 
ontinuous-time additive noise at the mth re
eive antenna.

If we sample at the 
hip rate N=T , we then obtain the following re
eived se-

quen
e at the mth re
eive antenna

y

(m)

[n℄ = y

(m)

(nT=N) =

J

X

j=1

+1

X

n

0

=�1

g

(m)

j

[n� n

0

℄x

j

[n

0

℄ + e

(m)

[n℄;

where e

(m)

[n℄ = e

(m)

(nT=N) is the dis
rete-time additive noise at the mth

re
eive antenna and g

(m)

j

[n℄ = g

(m)

j

(nT=N) is the dis
rete-time 
hannel from

the jth user to themth re
eive antenna. Sta
king the re
eived samples obtained

from the M re
eive antennas:

y

st

[n℄ =

h

y

(1)

[n℄ y

(2)

[n℄ � � � y

(M)

[n℄

i

T

;

we 
an write

y

st

[n℄ =

J

X

j=1

+1

X

n

0

=�1

g

st

j

[n

0

℄x

j

[n� n

0

℄ + e

st

[n℄; (2.17)

where e

st

[n℄ is similarly de�ned as y

st

[n℄ and g

st

j

[n℄ is the dis
rete-time M � 1

ve
tor 
hannel from the jth user to the M re
eive antennas, given by

g

st

j

[n℄ =

h

g

(1)

j

[n℄ g

(2)

j

[n℄ � � � g

(M)

j

[n℄

i

T

: (2.18)

We model g

st

j

[n℄ as an M � 1 FIR ve
tor �lter of order L

j

with delay index

Æ

j

(g

st

j

[n℄ 6= 0, for n = Æ

j

and n = Æ

j

+ L

j

, and g

st

j

[n℄ = 0, for n < Æ

j

and

n > Æ

j

+ L

j

). Note that the larger L

j

, the more ICI for the jth user. The
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Figure 2.10: Multiple re
eive antenna data model.

above des
ribed data model (a multi-
hannel model with M 
hannels per user)

is depi
ted in �gure 2.10.

Note that for a DS-CDMA or DMT-CDMA system employing short 
ode se-

quen
es and for a DS-CDMA-BS or DMT-CDMA-BS system we 
ould pro
eed

in a similar way as in se
tion 2.2.1. Then, the data models des
ribed in (2.7)

and (2.8) would be
ome multi-
hannel models with MN 
hannels per user and

the data model des
ribed in (2.9) would be
ome a multi-matrix-
hannel model

withM matrix 
hannels per user. However, sin
e these models will not be used

in this thesis, they will not be des
ribed.

2.2.3 Temporal Oversampling

Until now, we have always 
onsidered 
hip rate sampling at the re
eiver side.

Sin
e in pra
ti
e, the transmit and re
eive �lters satisfy the Nyquist 
riterion

for a rate of N=T and have a bandwidth that is somewhat higher than N=T

(usually root raised 
osine �lters are used [Pro89℄), 
hip rate sampling allows

us to 
apture all the transmitted information that is present in the re
eived

information if the multi-path propagation environment does not destroy the

Nyquist 
hara
ter of the transmit and re
eive �lters and we sample at the


orre
t time instan
es. Sin
e this situation is not very likely to o

ur, we

should a
tually sample at a rate that is higher than the 
hip rate N=T . This

is 
alled temporal oversampling [Ung76℄. Sampling at S times the 
hip rate,

the data model des
ribed in (2.5) would be
ome a multi-
hannel model with S


hannels per user, the data models des
ribed in (2.7) and (2.8) would be
ome

multi-
hannel models with NS 
hannels per user, the data model des
ribed

in (2.9) would be
ome a multi-matrix 
hannel model with S matrix 
hannels

per user and, �nally, the data model des
ribed in (2.17) would be
ome a multi-


hannel model with MS 
hannels per user. However, for simpli
ity reasons, we

will always 
onsider 
hip rate sampling at the re
eiver side.
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2.3 Con
lusions

In this 
hapter, we have explained some basi
 
on
epts that will be used

throughout this thesis. First, we have des
ribed the spreading operation for

various CDMA systems. Then, we have dis
ussed some data models des
ribing

the re
eived information.



42 Chapter 2. Basi
 Con
epts



Part I

Re
eivers for Blo
k

Spreading Systems:

Alternatives to Multi-User

Re
eivers

43





45

For a DS-CDMA and DMT-CDMA system, multi-user re
eivers a
hieve high

performan
es. However, they are rather 
omplex. In this part of the thesis,

we therefore look for alternatives to multi-user re
eivers, aiming at a lower


omplexity and a 
omparable performan
e. For a single re
eive antenna and

an ICI-limited quasi-syn
hronous propagation model, new re
eivers we develop

for a DS-CDMA-BS and DMT-CDMA-BS system 
onstitute su
h alternatives.

In order to make a fair 
omparison, existing re
eivers for a DS-CDMA and

DMT-CDMA system are also introdu
ed for a single re
eive antenna and an

ICI-limited quasi-syn
hronous propagation model.

In 
hapter 3, we review some existing re
eivers for a DS-CDMA system, su
h

as the RAKE re
eiver and the linear multi-user equalizer.

In 
hapter 4, we then develop new re
eivers for a DS-CDMA-BS system, su
h as

the blo
k RAKE re
eiver and the MUI-free re
eiver, whi
h 
ompletely removes

the MUI, without using any 
hannel information.

Next, we 
ompare the 
omplexity and performan
e of the MUI-free re
eiver

with the 
omplexity and performan
e of the linear multi-user equalizer in 
hap-

ter 5. This 
hapter also 
ontains a 
omparison of the MUI-free re
eiver with

the 
orresponding FFT-based Vandermonde-Lagrange AMOUR (VL-AMOUR)

trans
eiver [WSGB99℄.

In the last 
hapter of this part, namely 
hapter 6, we present di�erent re
eivers

for a DMT-CDMA and DMT-CDMA-BS system. For a DMT-CDMA system,

we review some existing re
eivers, su
h as the RAKE re
eiver and the linear

multi-user equalizer. Ea
h of these re
eivers basi
ally is a 
as
ade of the 
or-

responding re
eiver for a DS-CDMA system and a DMT demodulator. For a

DMT-CDMA-BS system, we develop new re
eivers, su
h as the blo
k RAKE

re
eiver and the MUI-free re
eiver, whi
h 
ompletely removes the MUI, with-

out using any 
hannel information. Again, ea
h of these re
eivers basi
ally is a


as
ade of the 
orresponding re
eiver for a DS-CDMA-BS system and a DMT

demodulator. However, the main 
ontribution of this 
hapter is the develop-

ment of the MUI/ITI-free re
eiver, whi
h 
ompletely removes the MUI and ITI,

without using any 
hannel information. To 
on
lude, we 
ompare the 
omplex-

ity and performan
e of the MUI-free re
eiver and the MUI/ITI-free re
eiver

with the 
omplexity and performan
e of the linear multi-user equalizer.
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Chapter 3

Re
eivers for a DS-CDMA

System

In this 
hapter, we review some existing re
eivers for a DS-CDMA system. Al-

though the re
eivers we dis
uss 
an be developed for a more general s
enario, we


onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous propa-

gation model. We further use short 
ode sequen
es.

Details on the used data model are given in se
tion 3.1. In se
tion 3.2, the

RAKE re
eiver is dis
ussed. This re
eiver 
onsists of a bank of 
orrelators,

followed by a linear 
ombiner, whi
h linearly 
ombines the 
orrelator outputs.

In se
tion 3.3, we then dis
uss the linear multi-user equalizer. Within the

framework of the linear multi-user equalizer, we then present a subspa
e de-

terministi
 blind multi-user 
hannel estimation algorithm in se
tion 3.4. We

also give a performan
e analysis of this algorithm and show how the 
han-

nel gain 
an be estimated. Note that this blind 
hannel estimation approa
h

is presented in [LX96b℄, in
luding the performan
e analysis and 
hannel gain

estimation. We end with some 
on
lusions in se
tion 3.5.

3.1 Data Model

We 
onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous

propagation model (see se
tion 2.2.1). We further use short 
ode sequen
es

(see se
tion 2.1.4). The data models that will be used are given by (2.11)

47
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eivers for a DS-CDMA System

and (2.14), whi
h are repeated here for 
onvenien
e:

y[n℄ =

J

X

j=1

L�1

X

n

0

=0

g

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄; (3.1)

y


ut

[k℄ =Hs[k℄ + e


ut

[k℄: (3.2)

3.2 RAKE Re
eiver

The RAKE re
eiver (Pri
e and Green [PG58℄) 
onsists of a bank of 
orrelators,

followed by a linear 
ombiner, whi
h linearly 
ombines the 
orrelator outputs.

3.2.1 Bank of Correlators

Sin
e g

j

[n℄ 
an be modeled by an FIR �lter of order L � 1 with delay index

0 (overmodeling 
an o

ur), we apply a bank of L 
orrelators. The (l + 1)th

(l = 0; 1; : : : ; L� 1) 
orrelator of the jth user despreads the re
eived sequen
e

y[n℄ mat
hed to g

j

[l℄, using the 
ode sequen
e 


j

[n℄. The output of the (l+1)th


orrelator 
an be written as

z

j;l

[k℄ =

N�1

X

n=0




�

j

[n℄y[kN + n+ l℄

= 


H

j




j

g

j

[l℄s

j

[k℄ + p

j;l

[k℄ + q

j;l

[k℄ + n

j;l

[k℄: (3.3)

In these formulas p

j;l

[k℄ represents the residual ICI:

p

j;l

[k℄ =

Æ

j

+L

j

X

n=Æ

j

n6=l




#(�)H

j




"(�)

j

g

j

[n℄s

j

[k + �℄

+ 


"(N��)H

j




#(N��)

j

g

j

[n℄s

j

[k + �+ 1℄;

with

� =

�

l � n

N

�

and � = l � n� �N;

q

j;l

[k℄ represents the residual MUI:

q

j;l

[k℄ =

J

X

j

0

=1

j

0

6=j

Æ

j

0

+L

j

0

X

n=Æ

j

0




#(�)H

j




"(�)

j

0

g

j

0

[n℄s

j

0

[k + �℄
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Figure 3.1: Linear multi-user equalizer for a DS-CDMA system.
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"(N��)H

j




#(N��)

j

0

g

j

0

[n℄s

j

0

[k + �+ 1℄;

with

� =

�

l � n

N

�

and � = l � n� �N;

and n

j;l

[k℄ represents the residual additive noise:

n

j;l

[k℄ =

N�1

X

n=0




�

j

[n℄e[kN + n+ l℄:

3.2.2 Linear Combiner

We then linearly 
ombine the L 
orrelator outputs fz

j;l

[k℄g

L�1

l=0

to suppress the

remaining residual ICI and MUI:

ŝ

j

[k℄ = f

j;0

z

j;0

[k℄ + f

j;1

z

j;1

[k℄ + � � �+ f

j;L�1

z

j;L�1

[k℄;

where ff

j;l

g

L�1

l=0

are the linear 
ombiner weights. We 
an for instan
e use the

MF linear 
ombiner, resulting in the 
oherent RAKE re
eiver [Vit95℄. We then

take

f

j;l

=

g

�

j

[l℄

kg

j

kk


j

k

; for l = 0; 1; : : : ; L� 1:

3.3 Linear Multi-User Equalizer

We perform a linear multi-user equalization on y


ut

[k℄ to suppress the remain-

ing MUI (the ISI is removed by 
onstru
tion):

ŝ

j

[k℄ = f

j

y


ut

[k℄ = f

j

Hs[k℄ + f

j

e


ut

[k℄;

where f

j

is the 1� (N �L+1) linear multi-user equalizer for the jth user. The

linear multi-user equalizer is illustrated in �gure 3.1.
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We now fo
us on the 
al
ulation of the signal-to-interferen
e-plus-noise ratio

(SINR) and bit error rate (BER) for the jth user at the output of the linear

multi-user equalizer f

j

. First of all, observe that

R

y


ut

= Efy


ut

[k℄y


utH

[k℄g = HR

s

H

H

+R

e


ut

; (3.4)

where R

e


ut

is similarly de�ned as R

y


ut

and

R

s

= Efs[k℄s

H

[k℄g:

If we then de�ne the 1� J ve
tor a

j

as

a

j

= f

j

H

and the 1�J ve
tor
�
a

j

as the ve
tor that is obtained by zeroing the jth element

of a

j

, the SINR and BER for the jth user at the output of a linear multi-user

equalizer f

j


an be expressed as

SINR

j

=

ja

j

(j)j

2

R

s

(j; j)

�
a

j

R

s

�
a

H

j

+ f

j

R

e


ut

f

H

j

; (3.5)

BER

j

� Q fSINR

j

g ; (3.6)

where Qf�g is the well-known BER for signaling over an additive white Gaussian

noise (AWGN) 
hannel as a fun
tion of the signal-to-noise ratio (SNR) per data

symbol for the 
hosen modulation s
heme [Pro89℄. Note that the approximation

in (3.6) be
omes an equality if the interferen
e plus noise at the output of the

linear multi-user equalizer f

j

is Gaussian. We now dis
uss two linear multi-user

equalizers in more detail: the ZF linear multi-user equalizer [TG96, TG97,

WP98, KB93, KKKB96℄ and the MMSE linear multi-user equalizer [MH94,

Mil95, KKKB96, SD99, GSP98℄. To guarantee the existen
e of the ZF linear

multi-user equalizer, we make the following assumption:

Assumption 3.3.1 The (N �L+1)�J 
omposite 
hannel matrix H has full


olumn rank J . 2

This assumption requires that

N � L+ 1 � J:

ZF Linear Multi-User Equalizer:

We say that a linear multi-user equalizer f

j

is ZF, if

a

j

= f

j

H = 1

j

:

The ZF linear multi-user equalizer (we take the one that minimizes the MSE

Efkŝ

j

[k℄� s

j

[k℄k

2

g) 
an be expressed as

f

j;ZF

= 1

j

(H

H

R

�1

e


ut

H)

�1

H

H

R

�1

e


ut

: (3.7)
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If the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually un
orrelated and zero-

mean with varian
e 1 (R

s

= I

J

) and the additive noise e[n℄ is zero-mean white

with varian
e �

2

e

(R

e


ut

= �

2

e

I

N�L+1

), (3.7), (3.5) and (3.6) be
ome

f

j;ZF

= 1

j

(H

H

H)

�1

H

H

; (3.8)

SINR

j;ZF

=

1

�

2

e

[(H

H

H)

�1

℄(j; j)

;

BER

j;ZF

� Q fSINR

j;ZF

g :

The derivation of these formulas is presented in [KKKB96℄. Note that when

H is badly 
onditioned, the ZF linear multi-user re
eiver will boost the noise

(high denominator in formula for SINR

j;ZF

).

Remark 3.3.2 It is 
lear that 
al
ulating the desired user's ZF linear multi-

user equalizer a

ording to (3.8) requires the knowledge of all the 
hannels and


ode sequen
es. However, it is also possible to 
ompute the desired user's ZF

linear multi-user equalizer based only on the knowledge of the desired user's


hannel and 
ode sequen
e, and the noise varian
e [WP98℄. 2

MMSE Linear Multi-User Equalizer:

We say that a linear multi-user equalizer f

j

is MMSE, if the MSE

Efkŝ

j

[k℄� s

j

[k℄k

2

g

is minimized. The MMSE linear multi-user equalizer is given by

f

j;MMSE

= 1

j

(H

H

R

�1

e


ut

H+R

�1

s

)

�1

H

H

R

�1

e


ut

: (3.9)

If the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually un
orrelated and zero-

mean with varian
e 1 (R

s

= I

J

) and the additive noise e[n℄ is zero-mean white

with varian
e �

2

e

(R

e


ut

= �

2

e

I

N�L+1

), (3.9), (3.5) and (3.6) be
ome

f

j;MMSE

= 1

j

(H

H

H+ �

2

e

I

J

)

�1

H

H

; (3.10)

SINR

j;MMSE

=

[(I

J

+ �

2

e

(H

H

H)

�1

)

�1

℄(j; j)

1� [(I

J

+ �

2

e

(H

H

H)

�1

)

�1

℄(j; j)

;

BER

j;MMSE

� Q fSINR

j;MMSE

g :

The derivation of these formulas is again presented in [KKKB96℄. Note that

the MMSE linear multi-user equalizer is the linear multi-user equalizer that

maximizes the SINR. Hen
e, we have SINR

j;MMSE

� SINR

j;ZF

, where the

equality is obtained if �

2

e

goes to zero.

Remark 3.3.3 It is 
lear that 
al
ulating the desired user's MMSE linear

multi-user equalizer a

ording to (3.10) requires the knowledge of all the 
han-

nels and 
ode sequen
es, and the noise varian
e. However, it is also possible
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to 
ompute the desired user's MMSE linear multi-user equalizer based only on

the knowledge of the desired user's 
hannel and 
ode sequen
e [SD99℄. 2

3.4 Blind Channel Estimation

Within the framework of the linear multi-user equalizer, we present a subspa
e

deterministi
 blind multi-user 
hannel estimation algorithm. This algorithm

is performed on the model (3.2). It is labeled as subspa
e, sin
e it is based

on a subspa
e de
omposition. We �rst des
ribe how the algorithm works and

then give a performan
e analysis. We �nally show how the 
hannel gain 
an

be estimated. Note that this blind 
hannel estimation approa
h is presented

in [LX96b℄, in
luding the performan
e analysis and 
hannel gain estimation.

3.4.1 Algorithm

In this se
tion, we des
ribe how the algorithm works [LX96b℄. For a burst

length of K, we �rst de�ne the (N � L+ 1)�K matrix Y as

Y =

h

y


ut

[0℄ y


ut

[1℄ � � � y


ut

[K � 1℄

i

:

Using (3.2) we then obtain

Y =HS+E; (3.11)

where E is similarly de�ned as Y and S is the J �K matrix given by

S =

h

s[0℄ s[1℄ � � � s[K � 1℄

i

:

To develop the algorithm, we make the following assumption:

Assumption 3.4.1 The (N �L+1)�J 
omposite 
hannel matrix H has full


olumn rank J and has more rows than 
olumns. 2

This assumption requires that

N � L+ 1 > J:

Further, we introdu
e a 
ondition on the inputs:

Assumption 3.4.2 The J �K matrix S has full row rank J . 2
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This assumption requires that

K � J:

Let us �rst, for the sake of 
larity, assume that there is no additive noise present

in Y. Cal
ulating the singular value de
omposition (SVD) of Y then leads to

Y = U�V

H

;

where � is a diagonal matrix (diagonal elements in des
ending order) of the

same size as Y and U and V are square unitary matri
es. Be
ause of assump-

tions 3.4.1 and 3.4.2, the (N � L+ 1)�K matrix Y has rank J and, de�ning

the (N �L+1)� (N�L+1�J) matrix U

n

as the last N �L+1�J 
olumns

of U (be
ause of assumption 3.4.1, U

n

is not empty), the 
olumns of U

n

form

an orthonormal basis of the left null spa
e of H:

U

nH

H = O:

For the jth user we 
an then write

U

nH

h


ut

j

= 0: (3.12)

Be
ause of (2.6) and (2.13), we 
an express h


ut

j

as

h


ut

j

= C

j

g

j

; (3.13)

where C

j

is the (N � L+ 1)� L matrix, given by

C

j

=

2

6

6

6

6

4




j

[L� 1℄ � � � 


j

[0℄




j

[L℄ � � � 


j

[1℄

.

.

.

.

.

.




j

[N � 1℄ � � � 


j

[N � L℄

3

7

7

7

7

5

;

and g

j

is de�ned in (2.12). Hen
e, (3.12) 
an be rewritten as

U

nH

C

j

g

j

= 0: (3.14)

This equation may allow us to identify g

j

[n℄.

We introdu
e the following 
ondition:

Condition 3.4.3 The interse
tion of the 
olumn spa
es of H and C

j

has

dimension 1 and C

j

has full 
olumn rank L. 2

Using this 
ondition, we have the following identi�ability result [LX96b℄:
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Theorem 3.4.4 Under assumptions (3.4.1) and (3.4.2), the 
hannel g

j

[n℄ 
an

be uniquely (up to a 
omplex s
aling fa
tor) determined from (3.14), if and only

if 
ondition 3.4.3 is satis�ed.

Proof : See [LX96b℄. 2

Under assumptions (3.4.1) and (3.4.2), it is easy to show that 
ondition 3.4.3 is

equivalent with C

H

j

U

n

having a one-dimensional left null spa
e or equivalently

having rank L� 1. It is then 
lear that this 
an only be satis�ed if

N � L� J � L:

Let us now assume that additive noise is present in Y. Cal
ulating the SVD

of Y then leads to

Y =

^

U

^

�

^

V

H

;

where

^

� is a diagonal matrix (diagonal elements in des
ending order) of the

same size as

^

Y and

^

U and

^

V are square unitary matri
es. De�ning the (N �

L+ 1)� (N �L+ 1� J) matrix

^

U

n

as the last N �L+ 1� J 
olumns of

^

U,

we then 
onsider the following minimization problem:

min

g

j

�

k

^

U

nH

C

j

g

j

k

2

	

;

s.t. a non-triviality 
onstraint imposed on g

j

.

If we impose a unit norm 
onstraint on g

j

(this 
onstraint is mostly used),

then the left singular ve
tor of C

H

j

^

U

n


orresponding to the smallest singular

value represents a possible solution. Sin
e this ve
tor 
an be interpreted as an

estimate of g

o

j

, the left singular ve
tor of C

H

j

U

n


orresponding to the smallest

singular value, we will denote this solution as
^
g

o

j

. As an estimate for the 
hannel

ve
tor g

j

we then 
onsider

^
g

j

= 
̂

j

^
g

o

j

; (3.15)

where 
̂

j

is an estimate of 


j

, whi
h is given by g

j

= 


j

g

o

j

. This 


j


an

be estimated from some short known headers that are transmitted, or we 
an

blindly estimate j


j

j, whi
h is equal to the 
hannel gain kg

j

k (see se
tion 3.4.3),

and use an appropriate di�erential modulation s
heme to get rid of the phase

ambiguity [Pro89℄. However, for simpli
ity we will estimate 


j

as


̂

j

= g

j

^
g

oy

j

:

This leads to an estimate
^
g

j

that is optimal in the LS sense (sin
e g

j

is un-

known, this is of 
ourse not feasible in pra
ti
e).
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1. 
ompute the SVD of Y:

Y =

^

U

^

�

^

V

H

2. 
olle
t the last N � L+ 1� J 
olumns of

^

U:

^

U

n

3. 
onstru
t C

j

as

C

j

=

2

6

6

6

6

4




j

[L� 1℄ � � � 


j

[0℄




j

[L℄ � � � 


j

[1℄

.

.

.

.

.

.




j

[N � 1℄ � � � 


j

[N � L℄

3

7

7

7

7

5

4. solve

min

g

j

�

k

^

U

nH

C

j

g

j

k

2

	

; s.t. kg

j

k

2

= 1

Table 3.1: Blind multi-user 
hannel estimation algorithm.

Remark 3.4.5 Note that the estimation of the desired user's 
hannel only

requires the desired user's 
ode sequen
e. 2

A brief outline of the algorithm is given in table 3.1.

3.4.2 Performan
e Analysis

The performan
e analysis is given in the following theorem [LX96b℄:

Theorem 3.4.6 Assume that the 
hannel ve
tor estimate
^
g

j

is obtained as

in (3.15), with 
̂

j

= 


j

. Further, assume that the data symbol sequen
es

fs

j

[k℄g

J

j=1

are mutually un
orrelated and zero-mean with varian
e 1 and the

additive noise e[n℄ is zero-mean white with varian
e �

2

e

. Then, only 
onsid-

ering the �rst order approximation of �g

j

=
^
g

j

� g

j

in E, the bias and the

normalized MSE (NMSE) of
^
g

j


an be expressed as

bias

j

= 0;

NMSE

j

�

�

2

e

Kkg

j

k

2

kT

yH

j

k

2

;

with T

j

= C

H

j

U

n

.

Proof : Using a result from subspa
e perturbation analysis [LLV93℄, the �rst

order approximation of �

^

U

n

=

^

U

n

�U

n

in E 
an be written as

�

(1)

U

n

= �Y

yH

E

H

U

n

:
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If we then de�ne T

j

= C

H

j

U

n

and

^

T

j

= C

H

j

^

U

n

, the �rst order approximation

of �T

j

=

^

T

j

�T

j

in E 
an be written as

�

(1)

T

j

= C

H

j

�

(1)

U

n

:

If
^
g

j

is obtained as in (3.15), with 
̂

j

= 


j

, then we 
an use the same re-

sult from subspa
e perturbation analysis as before to determine the �rst order

approximation of �g

j

=
^
g

j

� g

j

in E:

�

(1)

g

j

= �T

yH

j

�

(1)

T

H

j

g

j

= �T

yH

j

�

(1)

U

nH

C

j

g

j

= T

yH

j

U

nH

EY

y

h

j

:

Only 
onsidering the �rst order approximation of �g

j

in E, the bias and the

MSE of
^
g

j


an be expressed as

bias

j

= E

�

�

(1)

g

j

	

and MSE

j

= E

�

�

(1)

g

H

j

�

(1)

g

j

	

:

Assume that the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually un
orrelated

and zero-mean with varian
e 1 and the additive noise e[n℄ is zero-mean white

with varian
e �

2

e

. The bias of
^
g

j

then be
omes

bias

j

= E

�

�

(1)

g

j

	

= 0:

The MSE of
^
g

j

then be
omes

MSE

j

= E

�

�

(1)

g

H

j

�

(1)

g

j

	

= �

2

e

kT

yH

j

k

2

E

�

kY

y

h

j

k

2

	

:

Following a similar reasoning as in [LLV93℄, we 
an further prove that

E

�

kY

y

h

j

k

2

	

�

1

K

:

Therefore, the NMSE of
^
g

j


an be written as

NMSE

j

�

�

2

e

Kkg

j

k

2

kT

yH

j

k

2

: 2

3.4.3 Channel Gain Estimation

In this se
tion, we show how to estimate j


j

j, whi
h is equal to the 
hannel

gain kg

j

k, from Y [LX96b℄. Assume that the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually un
orrelated and zero-mean with varian
e 1 (R

s

= I

J

) and the
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additive noise e[n℄ is zero-mean white with varian
e �

2

e

(R

e


ut

= �

2

e

I

N�L+1

).

Then, we 
an write (3.4) as

R

y


ut

= HH

H

+ �

2

e

I

N�L+1

= H

o

2

6

6

4




2

1

.

.

.




2

J

3

7

7

5

H

oH

+ �

2

e

I

N�L+1

;

whereH

o

is similarly de�ned asH, using fh


uto

j

= C

j

g

o

j

g

J

j=1

instead of fh


ut

j

=

C

j

g

j

g

J

j=1

. Hen
e, we 
an write

j


j

j

2

= f

o

j;ZF

(R

y


ut

� �

2

e

I

N�L+1

)f

oH

j;ZF

;

where f

o

j;ZF

is similarly de�ned as f

j;ZF

(see (3.8)), using H

o

instead of H.

This leads to the following estimate of j


j

j

2

:

j
̂

j

j

2

=

^

f

o

j;ZF

(

^

R

y


ut

� �̂

2

e

I

N�L+1

)

^

f

oH

j;ZF

; (3.16)

where

^

f

o

j;ZF

is similarly de�ned as f

o

j;ZF

, using

^

H

o

instead of H

o

, with

^

H

o

sim-

ilarly de�ned as H

o

, using f

^

h


uto

j

= C

j

^
g

o

j

g

J

j=1

instead of fh


uto

j

= C

j

g

o

j

g

J

j=1

.

Further

^

R

y


ut

is de�ned as

^

R

y


ut

=

1

K

YY

H

and �̂

2

e

is for instan
e obtained as the average of the N � L + 1 � J smallest

eigenvalues of

^

R

y


ut

. Note that this estimate of the noise varian
e 
an also be

used in the MMSE linear multi-user equalizer, when the noise varian
e �

2

e

is

unknown.

3.5 Con
lusions

In this 
hapter, we have reviewed some existing re
eivers for a DS-CDMA

system. First, the RAKE re
eiver has been dis
ussed. Then, we have dis
ussed

the linear multi-user equalizer. Within the framework of the linear multi-user

equalizer, we have further presented a subspa
e deterministi
 blind multi-user


hannel estimation algorithm. Complexity issues and simulation results will be

presented in 
hapter 5.



58 Chapter 3. Re
eivers for a DS-CDMA System



Chapter 4

Re
eivers for a

DS-CDMA-BS System

In this 
hapter, we develop new re
eivers for a DS-CDMA-BS system. Like in

the previous 
hapter, we 
onsider a single re
eive antenna and an ICI-limited

quasi-syn
hronous propagation model. We further use short 
ode sequen
es.

Details on the used data model are given in se
tion 4.1. In se
tion 4.2, the blo
k

RAKE re
eiver is introdu
ed. This re
eiver 
onsists of a bank of blo
k 
orre-

lators, followed by a linear blo
k 
ombiner, whi
h linearly 
ombines the blo
k


orrelator outputs. In se
tion 4.3, we then introdu
e the MUI-free re
eiver,

whi
h 
ompletely removes the MUI, without using any 
hannel information.

This re
eiver basi
ally is a modi�ed blo
k RAKE re
eiver, whi
h 
onsists of a

bank of modi�ed blo
k 
orrelators, followed by a linear blo
k 
ombiner, whi
h

linearly 
ombines the modi�ed blo
k 
orrelator outputs. The MUI-free oper-

ation is obtained by the use of a shift-orthogonal set of 
ode sequen
es, on

whi
h this re
eiver is based. To make the MUI-free re
eiver useful in pra
ti
e,

we develop a design strategy for a shift-orthogonal set of 
ode sequen
es in

se
tion 4.4. This design strategy 
an be 
onsidered as one of the main 
on-

tributions of this 
hapter. Within the framework of the MUI-free re
eiver, we

then present a subspa
e deterministi
 blind single-user 
hannel estimation algo-

rithm in se
tion 4.5. We also give a performan
e analysis of this algorithm and

show how the 
hannel gain 
an be estimated. Note that, in a di�erent 
ontext,

a similar blind 
hannel estimation approa
h is presented in [TG97℄. However,

no performan
e analysis or 
hannel gain estimation is presented there. We end

with some 
on
lusions in se
tion 4.6.

59
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4.1 Data Model

We 
onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous

propagation model (see se
tion 2.2.1). We further use short 
ode sequen
es

(see se
tion 2.1.4). As proposed in se
tion 2.2.1, when an ICI-limited quasi-

syn
hronous propagation model is 
onsidered for a DS-CDMA-BS system, we

take the blo
k size B equal to the parameter L (see (2.10)). The data model

that will be used is given by (2.16), whi
h is repeated here for 
onvenien
e:

y[n℄ =

J

X

j=1

1

X

n

0

=0

G

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄: (4.1)

4.2 Blo
k RAKE Re
eiver

The blo
k RAKE re
eiver 
onsists of a bank of blo
k 
orrelators, followed by

a linear blo
k 
ombiner, whi
h linearly 
ombines the blo
k 
orrelator outputs.

4.2.1 Bank of Blo
k Correlators

Sin
e G

j

[n℄ is an FIR matrix �lter of order 1 with delay index 0, we apply a

bank of 2 blo
k 
orrelators. The �rst blo
k 
orrelator of the jth user despreads

the re
eived blo
k sequen
e y[n℄ mat
hed to G

j

[0℄, using the 
ode sequen
e




j

[n℄, while the se
ond blo
k 
orrelator of the jth user despreads the re
eived

blo
k sequen
e y[n℄ mat
hed to G

j

[1℄, using the 
ode sequen
e 


j

[n℄. The

output of the �rst blo
k 
orrelator 
an be written as

z

j;0

[k℄ =

N�1

X

n=0




�

j

[n℄y[kN + n℄

= 


H

j




j

G

j

[0℄s

j

[k℄ + p

j;0

[k℄ + q

j;0

[k℄ + n

j;0

[k℄; (4.2)

while the output of the se
ond blo
k 
orrelator 
an be written as

z

j;1

[k℄ =

N�1

X

n=0




�

j

[n℄y[kN + n+ 1℄

= 


H

j




j

G

j

[1℄s

j

[k℄ + p

j;1

[k℄ + q

j;1

[k℄ + n

j;1

[k℄: (4.3)

In these formulas p

j;0

[k℄ and p

j;1

[k℄ represent the residual ICBI:

p

j;0

[k℄ = 


#(N�1)H

j




"(N�1)

j

G

j

[1℄s

j

[k � 1℄ + 


"(1)H

j




#(1)

j

G

j

[1℄s

j

[k℄;

p

j;1

[k℄ = 


#(1)H

j




"(1)

j

G

j

[0℄s

j

[k℄ + 


"(N�1)H

j




#(N�1)

j

G

j

[0℄s

j

[k + 1℄;
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q

j;0

[k℄ and q

j;1

[k℄ represent the residual MUI:

q

j;0

[k℄ =

J

X

j

0

=1

j

0

6=j




H

j




j

0

G

j

0

[0℄s

j

0

[k℄ + 


#(N�1)H

j




"(N�1)

j

0

G

j

0

[1℄s

j

0

[k � 1℄

+ 


"(1)H

j




#(1)

j

0

G

j

0

[1℄s

j

0

[k℄;

q

j;1

[k℄ =

J

X

j

0

=1

j

0

6=j




#(1)H

j




"(1)

j

0

G

j

0

[0℄s

j

0

[k℄ + 


"(N�1)H

j




#(N�1)

j

0

G

j

0

[0℄s

j

0

[k + 1℄

+ 


H

j




j

0

G

j

0

[1℄s

j

0

[k℄

and n

j;0

[k℄ and n

j;1

[k℄ represent the residual additive noise:

n

j;0

[k℄ =

N�1

X

n=0




�

j

[n℄e[kN + n℄;

n

j;1

[k℄ =

N�1

X

n=0




�

j

[n℄e[kN + n+ 1℄:

4.2.2 Linear Blo
k Combiner

We then linearly 
ombine the 2 blo
k 
orrelator outputs z

j;0

[k℄ and z

j;1

[k℄ to

suppress the remaining residual ICBI and MUI, and the remaining ISI w.r.t.

the symbols in s

j

[k℄:

^
s

j

[k℄ = F

j;0

z

j;0

[k℄ +F

j;1

z

j;1

[k℄;

where F

j;0

and F

j;1

are the L � L linear blo
k 
ombiner weights. We 
an

for instan
e use the MF linear blo
k 
ombiner, resulting in the 
oherent blo
k

RAKE re
eiver. We then take

F

j;0

=

G

H

j

[0℄

kg

j

kk


j

k

; F

j;1

=

G

H

j

[1℄

kg

j

kk


j

k

:

4.3 MUI-Free Re
eiver

The MUI-free re
eiver basi
ally is a modi�ed blo
k RAKE re
eiver, whi
h 
on-

sists of a bank of modi�ed blo
k 
orrelators, followed by a linear blo
k 
ombiner,

whi
h linearly 
ombines the modi�ed blo
k 
orrelator outputs. The MUI-free

operation is obtained by the use of a shift-orthogonal set of 
ode sequen
es, on

whi
h this re
eiver is based.
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4.3.1 Bank of Modi�ed Blo
k Correlators

Instead of applying a bank of 2 blo
k 
orrelators, as in the previous se
tion,

we here apply a bank of 2 modi�ed blo
k 
orrelators. In 
ontrast with the 2

blo
k 
orrelators, the 2 modi�ed blo
k 
orrelators use 2 slightly di�erent 
ode

sequen
es to perform the blo
k despreading. The �rst modi�ed blo
k 
orrelator

for the jth user despreads the re
eived blo
k sequen
e y[n℄ mat
hed to G

j

[0℄,

using the 
ode sequen
e 


"(1)

j

[n℄, where




"(1)

j

[n℄ =

(

0; for n = 0




j

[n℄; for n 6= 0

;

while the se
ond modi�ed blo
k 
orrelator for the jth user despreads the re-


eived blo
k sequen
e y[n℄ mat
hed to G

j

[1℄, using the 
ode sequen
e 


#(1)

j

[n℄,

where




#(1)

j

[n℄ =

(




j

[n℄; for n 6= N � 1

0; for n = N � 1

:

Note the 
orresponden
e with the notations (2.3) and (2.4). The output of the

�rst modi�ed blo
k 
orrelator 
an be written as

z

mod

j;0

[k℄ =

N�1

X

n=0




"(1)�

j

[n℄y[kN + n℄ =

N�1

X

n=1




�

j

[n℄y[kN + n℄

= 


"(1)H

j




"(1)

j

G

j

[0℄s

j

[k℄ + p

mod

j;0

[k℄ + q

mod

j;0

[k℄ + n

mod

j;0

[k℄; (4.4)

while the output of the se
ond modi�ed blo
k 
orrelator 
an be written as

z

mod

j;1

[k℄ =

N�1

X

n=0




#(1)�

j

[n℄y[kN + n+ 1℄ =

N�2

X

n=0




�

j

[n℄y[kN + n+ 1℄

= 


#(1)H

j




#(1)

j

G

j

[1℄s

j

[k℄ + p

mod

j;1

[k℄ + q

mod

j;1

[k℄ + n

mod

j;1

[k℄: (4.5)

In these formulas p

mod

j;0

[k℄ and p

mod

j;1

[k℄ represent the residual ICBI:

p

mod

j;0

[k℄ = 


"(1)H

j




#(1)

j

G

j

[1℄s

j

[k℄;

p

mod

j;1

[k℄ = 


#(1)H

j




"(1)

j

G

j

[0℄s

j

[k℄;

q

mod

j;0

[k℄ and q

mod

j;1

[k℄ represent the residual MUI:

q

mod

j;0

[k℄ =

J

X

j

0

=1

j

0

6=j




"(1)H

j




"(1)

j

0

G

j

0

[0℄s

j

0

[k℄ + 


"(1)H

j




#(1)

j

0

G

j

0

[1℄s

j

0

[k℄;
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q

mod

j;1

[k℄ =

J

X

j

0

=1

j

0

6=j




#(1)H

j




"(1)

j

0

G

j

0

[0℄s

j

0

[k℄ + 


#(1)H

j




#(1)

j

0

G

j

0

[1℄s

j

0

[k℄

and n

mod

j;0

[k℄ and n

mod

j;1

[k℄ represent the residual additive noise:

n

mod

j;0

[k℄ =

N�1

X

n=0




"(1)�

j

[n℄e[kN + n℄ =

N�1

X

n=1




�

j

[n℄e[kN + n℄;

n

mod

j;1

[k℄ =

N�1

X

n=0




#(1)�

j

[n℄e[kN + n+ 1℄ =

N�2

X

n=0




�

j

[n℄e[kN + n+ 1℄:

Compared to the residual ICBI and MUI formulas presented in the previous

se
tion, the above residual ICBI and MUI formulas only 
ontain terms in the

time index k.

Assume now that a shift orthogonal set of 
ode sequen
es is used:

De�nition 4.3.1 A set of J length-N 
ode sequen
es f


j

[n℄g

J

j=1

is shift-or-

thogonal, if and only if

(




"(1)H

j




"(1)

j

0

= 


#(1)H

j




#(1)

j

0

= �Æ[j � j

0

℄




"(1)H

j




#(1)

j

0

= 


#(1)H

j




"(1)

j

0

= 0

; for j; j

0

= 1; 2; : : : ; J , (4.6)

where � = (N � 1)=N . 2

Remark 4.3.2 The 
ondition (4.6) 
an only be satis�ed if J � b(N � 1)=2
,

sin
e 2J 
ode ve
tors of size (N � 1) � 1 
an only be mutually orthogonal if

2J � N � 1. 2

Then, it is 
lear that the 2 modi�ed blo
k 
orrelators 
ompletely remove the

ICBI and MUI, and (4.4) and (4.5) 
an be written as

z

mod

j;0

[k℄ = �G

j

[0℄s

j

[k℄ + n

mod

j;0

[k℄; (4.7)

z

mod

j;1

[k℄ = �G

j

[1℄s

j

[k℄ + n

mod

j;1

[k℄: (4.8)

Sta
king the 2 modi�ed blo
k 
orrelator outputs z

mod

j;0

[k℄ and z

mod

j;1

[k℄:

z

j

[k℄ =

h

z

modT

j;0

[k℄ z

modT

j;1

[k℄

i

T

;

we obtain

z

j

[k℄ = �G

j

s

j

[k℄ + n

j

[k℄; (4.9)



64 Chapter 4. Re
eivers for a DS-CDMA-BS System

where n

j

[k℄ is similarly de�ned as z

j

[k℄ and G

j

is the 2L� L 
hannel matrix

for the jth user, given by

G

j

= = ; (4.10)

with

= G

j

[0℄; =G

j

[1℄; = g

j

:

Note that if the additive noise e[n℄ is zero-mean white with varian
e �

2

e

, we

obtain

R

n

j

= Efn

j

[k℄n

H

j

[k℄g = ��

2

e

I

2L

:

4.3.2 Linear Blo
k Combiner

We then linearly 
ombine the 2 modi�ed blo
k 
orrelator outputs z

mod

j;0

[k℄ and

z

mod

j;1

[k℄ to suppress the remaining ISI w.r.t. the symbols in s

j

[k℄:

^
s

j

[k℄ = F

j;0

z

mod

j;0

[k℄ +F

j;1

z

mod

j;1

[k℄

= � (F

j;0

G

j

[0℄ +F

j;1

G

j

[1℄) s

j

[k℄ +F

j;0

n

mod

j;0

[k℄ +F

j;1

n

mod

j;1

[k℄;

where F

j;0

and F

j;1

are the L � L linear blo
k 
ombiner weights. Using the

notation of (4.9), we 
an also write

^
s

j

[k℄ = F

j

z

j

[k℄ = �F

j

G

j

s

j

[k℄ +F

j

n

j

[k℄;

where F

j

is the L� 2L linear blo
k 
ombiner for the jth user, given by

F

j

=

h

F

j;0

F

j;1

i

:

The MUI-free re
eiver is illustrated in �gure 4.1.

We now fo
us on the 
al
ulation of the signal-to-interferen
e-plus-noise ratio

(SINR) and bit error rate (BER) for the jth user at the output of the linear

blo
k 
ombiner F

j

. First of all, observe that

R

z

j

= Efz

j

[k℄z

H

j

[k℄g = �

2

G

j

R

s

j

G

H

j

+R

n

j

; (4.11)

where R

n

j

is similarly de�ned as R

z

j

and

R

s

j

= Efs

j

[k℄s

H

j

[k℄g:
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Figure 4.1: MUI-free re
eiver for a DS-CDMA-BS system.

If we then de�ne the L� L matrix A

j

as

A

j

= �F

j

G

j

and the L�L matrix

�

A

j

as the matrix that is obtained by zeroing the diagonal

elements of A

j

, the SINR and BER for the jth user at the output of the linear

blo
k 
ombiner F

j


an be expressed as

SINR

j

=

1

L

L

X

l=1

jA

j

(l; l)j

2

R

s

j

(l; l)

1

L

L

X

l=1

([

�

A

j

R

s

j

�

A

H

j

℄(l; l) + [F

j

R

n

j

F

H

j

℄(l; l))

; (4.12)

BER

j

�

1

L

L

X

l=1

Q

(

jA

j

(l; l)j

2

R

s

j

(l; l)

[

�

A

j

R

s

j

�

A

H

j

℄(l; l) + [F

j

R

n

j

F

H

j

℄(l; l)

)

; (4.13)

where Qf�g is the well-known BER for signaling over an additive white Gaussian

noise (AWGN) 
hannel as a fun
tion of the signal-to-noise ratio (SNR) per data

symbol for the 
hosen modulation s
heme [Pro89℄. Note that the approximation

in (4.13) be
omes an equality if the interferen
e plus noise at the output of

the linear blo
k 
ombiner F

j

is Gaussian. We now dis
uss two linear blo
k


ombiners in more detail: the ZF linear blo
k 
ombiner and the MMSE linear

blo
k 
ombiner. Be
ause of the spe
i�
 stru
ture of G

j

(see (4.10)), we have

the following property:

Property 4.3.3 The 2L� L 
hannel matrix G

j

has full 
olumn rank L. 2

From this property, it is 
lear that we do not have to make an assumption

similar to assumption 3.3.1, to guarantee the existen
e of the ZF linear blo
k


ombiner.
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ZF Linear Blo
k Combiner:

We say that a linear blo
k 
ombiner F

j

is ZF, if

A

j

= �F

j

G

j

= I

L

:

The ZF linear blo
k 
ombiner (we take the one that minimizes the MSE

Efk
^
s

j

[k℄� s

j

[k℄k

2

g) 
an be expressed as

F

j;ZF

= �

�1

(G

H

j

R

�1

n

j

G

j

)

�1

G

H

j

R

�1

n

j

: (4.14)

If the data symbol sequen
e s

j

[k℄ is zero-mean white with varian
e 1 (R

s

j

=

I

L

) and the additive noise e[n℄ is zero-mean white with varian
e �

2

e

(R

n

j

=

��

2

e

I

2L

), (4.14), (4.12) and (4.13) be
ome

F
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= �

�1

(G

H

j

G

j

)

�1

G

H

j

; (4.15)
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=
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�

2

e
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H

j
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j

)

�1

℄(l; l)

)

:

The derivation of these formulas is based on the work of [KKKB96℄. Note that

when G

j

is badly 
onditioned, the ZF linear blo
k 
ombiner will boost the

noise (high denominator in formula for SINR

j;ZF

).

Remark 4.3.4 Note that 
al
ulating the desired user's ZF linear blo
k 
om-

biner a

ording to (4.15) only requires the knowledge of the desired user's


hannel, as MUI has been eliminated by proper 
ode design. 2

MMSE Linear Blo
k Combiner:

We say that a linear blo
k 
ombiner F

j

is MMSE, if the MSE

Efk
^
s

j

[k℄� s

j

[k℄k

2

g

is minimized. The MMSE linear blo
k 
ombiner is given by

F

j;MMSE

= (�

2

G

H

j

R
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n

j
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+R
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j
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�1

n

j

: (4.16)

If the data symbol sequen
e s

j

[k℄ is zero-mean white with varian
e 1 (R
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) and the additive noise e[n℄ is zero-mean white with varian
e �
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e
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), (4.16), (4.12) and (4.13) be
ome
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H

j

; (4.17)
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�1

℄(l; l)

)

:

The derivation of these formulas is again based on the work of [KKKB96℄.

Note that the MMSE linear blo
k 
ombiner is the linear blo
k 
ombiner that

maximizes the SINR. Hen
e, we have SINR

j;MMSE

� SINR

j;ZF

, where the

equality is obtained if �

2

e

goes to zero.

Remark 4.3.5 Note that 
al
ulating the desired user's MMSE linear blo
k


ombiner a

ording to (4.17) only requires the knowledge of the desired user's


hannel and the noise varian
e, as MUI has been eliminated by proper 
ode

design. 2

4.4 Shift-Orthogonal Code Design

In this se
tion, we develop a design strategy for a shift-orthogonal set of 
ode

sequen
es, whi
h makes the MUI-free re
eiver useful in pra
ti
e. Note that

this design strategy 
an be 
onsidered as one of the main 
ontributions of this


hapter.

For N = d + 1 and J = b(N � 1)=2
 = d=2 (d power of 2), we show how

to design a shift-orthogonal set of J length-N 
ode sequen
es f


j

[n℄g

J

j=1

(see

de�nition 4.3.1). De�ning the n� n 
y
li
 shift matrix J

n

as

J

n

=

2

6

6

6

6

6

6

4

0 0 � � � 0 1

1 0 � � � 0 0

0 1 � � � 0 0

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

0 0 � � � 1 0

3

7

7

7

7

7

7

5

; (4.18)

we �rst introdu
e the following de�nition:

De�nition 4.4.1 A d � d=2 (d power of 2) matrix C

d

is admissible, if and

only if C

H

d

C

d

= dI

d=2

and C

H

d

J

d

C

d

= O

d=2

. 2

We 
an then state the following theorem:
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Theorem 4.4.2 If a d�d=2 (d power of 2) matrix C

d

is admissible, then, for

N = d + 1 and J = b(N � 1)=2
 = d=2, the following set of J length-N 
ode

sequen
es f


j

[n℄g

J

j=1

is shift-orthogonal:




j

[n℄ =

8

>

<

>

:

(1=

p

N)C

d

(N � 1; j); for n = 0

(1=

p

N)C

d

(n; j); for n = 1; 2; : : : ; N � 1

0; for n < 0 and n � N

;

for j = 1; 2; : : : ; J: (4.19)

Proof : The proof follows dire
tly from de�nitions 4.3.1 and 4.4.1, and from

the fa
t that 


"(1)

j

= (1=

p

N)C

d

(:; j) and 


#(1)

j

= (1=

p

N)J

d

C

d

(:; j) 2

Hen
e, it only remains to show how to design an admissible d� d=2 (d power

of 2) matrix C

d

. De�ning the n� n diagonal matrix D

n

as

D

n

=

2

6

6

6

6

6

6

4

�1 0 0 0 � � �

0 1 0 0 � � �

0 0 �1 0 � � �

0 0 0 1 � � �

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

3

7

7

7

7

7

7

5

;

we therefore introdu
e the following de�nition:

De�nition 4.4.3 A d� d=2 (d power of 2) matrix C

d

=

h

C

d;1

C

d;2

i

, where

C

d;1

and C

d;2

have size d� d=4, is redu
ible, if and only if C

d;2

= D

d

C

d;1

. 2

This gives rise to the following theorem.

Theorem 4.4.4 If a d�d=2 (d power of 2) matrix C

d

=

h

C

d;1

C

d;2

i

, where

C

d;1

and C

d;2

have size d � d=4, is admissible and redu
ible, then the 2d � d

matrix

C

2d

=

h

C

2d;1

C

2d;2

i

=

"

C

d;1

J

d

C

d;1

C

d;2

�J

d

C

d;2

C

d;2

�J

d

C

d;2

C

d;1

J

d

C

d;1

#

;

where C

2d;1

and C

2d;2

have size 2d� d=2, is also admissible and redu
ible.

Proof : Assume the d� d=2 (d power of 2) matrix C

d

=

h

C

d;1

C

d;2

i

, where

C

d;1

and C

d;2

have size d � d=4, is admissible and redu
ible. Using C

d;2

=
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D

d

C

d;1

, it is easy to 
he
k that C

2d;2

= D

2d

C

2d;1

. Next, using C

H

d

C

d

= dI

d=2

and C

H

d

J

d

C

d

= O

d=2

, it 
an be shown by simple 
al
ulation that C

H

2d

C

2d

=

2dI

d

. Finally, using C

H

d

C

d

= dI

d=2

, C

H

d

J

d

C

d

= O

d=2

and C

d;2

= D

d

C

d;1

, we

now prove that C

H

2d

J

2d

C

2d

= O

d

. De�ning the n� n matrix T

n

as

T

n

=

2

6

6

6

6

6

6

4

0 0 � � � 0 1

0 0 � � � 0 0

0 0 � � � 0 0

.

.

.

.

.

.

.

.

.

.

.

.

.

.

.

0 0 � � � 0 0

3

7

7

7

7

7

7

5

;

we �rst observe that

C

H

2d

J

2d

C

2d

=

2

6

6

6

4

C

H

d;1

C

H

d;2

C

H

d;1

J

H

d

�C

H

d;2

J

H

d

C

H

d;2

C

H

d;1

�C

H

d;2

J

H

d

C

H

d;1

J

H

d

3

7

7

7

5

"

J

d

�T

d

T

d

T

d

J

d

�T

d

#

�

"

C

d;1

J

d

C

d;1

C

d;2

�J

d

C

d;2

C

d;2

�J

d

C

d;2

C

d;1

J

d

C

d;1

#

:

Writing C

H

2d

J

2d

C

2d

as

C

H

2d

J

2d

C

2d

=

2

6

6

6

4

B

1;1

B

1;2

B

1;3

B

1;4

B

2;1

B

2;2

B

2;3

B

2;4

B

3;1

B

3;2

B

3;3

B

3;4

B

4;1

B

4;2

B

4;3

B

4;4

3

7

7

7

5

;

where B

m;n

(m;n = 1; 2; 3; 4) is the d=4 � d=4 submatrix of C

H

2d

J

2d

C

2d

at

position (m;n), it is then 
lear that the d=4 � d=4 submatri
es B

3;1

, B

3;2

,

B

3;3

, B

3;4

, B

4;1

, B

4;2

, B

4;3

and B

4;4

are respe
tively equal to the d=4 � d=4

submatri
es B

1;3

, B

1;4

, B

1;1

, B

1;2

, B

2;3

, B

2;4

, B

2;1

and B

2;2

. Hen
e, only the

latter have to be 
al
ulated:

Submatrix B

1;1

:

B

1;1

= C

H

d;1

(J

d

�T

d

)C

d;1

+C

H

d;2

T

d

C

d;1

+C

H

d;1

T

d

C

d;2

+C

H

d;2

(J

d

�T

d

)C

d;2

= �C

H

d;1

T

d

C

d;1

+C

H

d;1

D

d

T

d

C

d;1

+C

H

d;1

T

d

D

d

C

d;1

�C

H

d;1

D

d

T

d

D

d

C

d;1

= �C

H

d;1

T

d

C

d;1

�C

H

d;1

T

d

C

d;1

+C

H

d;1

T

d

C

d;1

+C

H

d;1

T

d

C

d;1

= O

d=4

:
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Submatrix B

1;2

:

B

1;2

= C

H

d;1

(J

d

�T

d

)J

d

C

d;1

+C

H

d;2

T

d

J

d

C

d;1

�C

H

d;1

T

d

J

d

C

d;2

�C

H

d;2

(J

d

�T

d

)J

d

C

d;2

= C

H

d;1

J

2

d

C

d;1

�C

H

d;1

T

d

J

d

C

d;1

+C

H

d;1

D

d

T

d

J

d

C

d;1

�C

H

d;1

T

d

J

d

D

d

C

d;1

�C

H

d;1

D

d

J

2

d

D

d

C

d;1

+C

H

d;1

D

d

T

d

J

d

D

d

C

d;1

= C

H

d;1

J

2

d

C

d;1

�C

H

d;1

T

d

J

d

C

d;1

�C

H

d;1

T

d

J

d

C

d;1

+C

H

d;1

T

d

J

d

C

d;1

�C

H

d;1

J

2

d

C

d;1

+C

H

d;1

T

d

J

d

C

d;1

= O

d=4

:

Submatrix B

1;3

: similar 
al
ulation as for B

1;1

.

Submatrix B

1;4

: similar 
al
ulation as for B

1;2

.

Submatrix B

2;1

:

B

2;1

= C

H

d;1

J

H

d

(J

d

�T

d

)C

d;1

�C

H

d;2

J

H

d

T

d

C

d;1

+C

H

d;1

J

H

d

T

d

C

d;2

�C

H

d;2

J

H

d

(J

d

�T

d

)C

d;2

= dI

d=4

�C

H

d;1

J

H

d

T

d

C

d;1

�C

H

d;1

D

d

J

H

d

T

d

C

d;1

+C

H

d;1

J

H

d

T

d

D

d

C

d;1

� dI

d=4

+C

H

d;1

D

d

J

H

d

T

d

D

d

C

d;1

= �C

H

d;1

J

H

d

T

d

C

d;1

�C

H

d;1

J

H

d

T

d

C

d;1

+C

H

d;1

J

H

d

T

d

C

d;1

+C

H

d;1

J

H

d

T

d

C

d;1

= O

d=4

:

Submatrix B

2;2

:

B

2;2

= C

H

d;1

J

H

d

(J

d

�T

d

)J

d

C

d;1

�C

H

d;2

J

H

d

T

d

J

d

C

d;1

�C

H

d;1

J

H

d

T

d

J

d

C

d;2

+C

H

d;2

J

H

d

(J

d

�T

d

)J

d

C

d;2

= �C

H

d;1

J

H

d

T

d

J

d

C

d;1

�C

H

d;1

D

d

J

H

d

T

d

J

d

C

d;1

�C

H

d;1

J

H

d

T

d

J

d

D

d

C

d;1

�C

H

d;1

D

d

J

H

d

T

d

J

d

D

d

C

d;1

= �C

H

d;1

J

H

d

T

d

J

d

C

d;1

�C

H

d;1

J

H

d

T

d

J

d

C

d;1

+C

H

d;1

J

H

d

T

d

J

d

C

d;1

+C

H

d;1

J

H

d

T

d

J

d

C

d;1

= O

d=4

:

Submatrix B

2;3

: similar 
al
ulation as for B

2;1

.

Submatrix B

2;4

: similar 
al
ulation as for B

2;2

.

From these 
al
ulations it is 
lear that C

H

2d

J

2d

C

2d

= O

d

, whi
h 
on
ludes the

proof. 2

Based on this theorem we 
an design an admissible and redu
ible d � d=2 (d
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power of 2) matrix C

d

in a re
ursive way, starting for instan
e with

C

4

=

2

6

6

6

4

+1 �1

+1 +1

�1 +1

+1 +1

3

7

7

7

5

or C

4

=

1

p

2

2

6

6

6

4

+1� i �1 + i

+1+ i +1+ i

�1 + i +1� i

+1+ i +1+ i

3

7

7

7

5

;

resulting into a set of BPSK or QPSK 
ode sequen
es, respe
tively. Observe

from theorem 4.4.2 that the J length-N 
ode sequen
es, de�ned in (4.19), are

a
tually based on J length-(N � 1) 
ode sequen
es, extended with a 
y
li


pre�x of 1 
ode symbol (


j

[0℄ = 


j

[N � 1℄). The insertion of a 
y
li
 pre�x is

a well known pro
edure in DMT systems [Bin90℄.

4.5 Blind Channel Estimation

Within the framework of the MUI-free re
eiver, we present a subspa
e de-

terministi
 blind single-user 
hannel estimation algorithm. This algorithm is

performed on the model (4.9). It is labeled as subspa
e, sin
e it is based on a

subspa
e de
omposition. We �rst des
ribe how the algorithm works and then

give a performan
e analysis. We �nally show how the 
hannel gain 
an be

estimated. Note that, in a di�erent 
ontext, a similar approa
h is presented

in [TG97℄. However, no performan
e analysis or 
hannel gain estimation is

presented there.

4.5.1 Algorithm

In this se
tion, we des
ribe how the algorithm works [TG97℄. For a burst length

of K (multiple of L), we �rst de�ne the 2L�K=L matrix Z

j

as

Z

j

=

h

z

j

[0℄ z

j

[1℄ � � � z

j

[K=L� 1℄

i

:

Using (4.9) we then obtain

Z

j

= �G

j

S

j

+N

j

; (4.20)

where N

j

is similarly de�ned as Z

j

and S

j

is the L�K=L matrix given by

S

j

=

h

s

j

[0℄ s

j

[1℄ � � � s

j

[K=L� 1℄

i

:

Be
ause of the spe
i�
 stru
ture of G

j

(see (4.10)), we have the following

property:
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Property 4.5.1 The 2L� L 
hannel matrix G

j

has full 
olumn rank L and

has more rows than 
olumns. 2

From this property, it is 
lear that we do not have to make an assumption

similar to assumption 3.4.1, to develop the algorithm. Further, we introdu
e a


ondition on the input:

Assumption 4.5.2 The L�K=L matrix S

j

has full row rank L. 2

This assumption requires that

K=L � L:

Let us �rst, for the sake of 
larity, assume that there is no additive noise present

in Z

j

. Cal
ulating the singular value de
omposition (SVD) of Z

j

then leads to

Z

j

= U

j

�

j

V

H

j

;

where �

j

is a diagonal matrix (diagonal elements in des
ending order) of the

same size as Z

j

and U

j

and V

j

are square unitary matri
es. Be
ause of prop-

erty 4.5.1 and assumption 4.5.2, the 2L � K=L matrix Z

j

has rank L and,

de�ning the 2L � L matrix U

n

j

as the 
olle
tion of the L last 
olumns of U

j

(be
ause of property 4.5.1, U

n

j

is not empty), the 
olumns of U

n

j

form an

orthonormal basis of the left null spa
e of G

j

:

U

nH

j

G

j

= O

L

:

This equation 
an be rewritten as

U

nH

j

g

j

= 0; (4.21)

where g

j

is de�ned in (2.12) and U

n

j

is the L� L

2

matrix, given by

U

n

j

=

h

U

n

j;1

U

n

j;2

� � � U

n

j;L

i

;

with U

n

j;l

(l = 1; 2; : : : ; L) the L� L matrix, given by

U

n

j;l

= U

n

j

(l : l+ L� 1; :):

This equation may allow us to identify g

j

[n℄.

We have the following identi�ability result [TG97℄:

Theorem 4.5.3 Under assumption (4.5.2), the 
hannel g

j

[n℄ 
an be uniquely

(up to a 
omplex s
aling fa
tor) determined from (4.21).
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Proof : See [TG97℄. 2

Let us now assume that additive noise is present in Z

j

. Cal
ulating the SVD

of Z

j

then leads to

Z

j

=

^

U

j

^

�

j

^

V

H

j

;

where

^

�

j

is a diagonal matrix (diagonal elements in des
ending order) of the

same size as Z

j

and

^

U

j

and

^

V

j

are square unitary matri
es. De�ning the 2L�L

matrix

^

U

n

j

as the 
olle
tion of the L last 
olumns of

^

U

j

, we then 
onsider the

following minimization problem:

min

g

j

�

k

^

U

nH

j

g

j

k

2

	

;

s.t. a non-triviality 
onstraint imposed on g

j

,

where

^

U

n

j

is the L� L

2

matrix, given by

^

U

n

j

=

h

^

U

n

j;1

^

U

n

j;2

� � �

^

U

n

j;L

i

;

with

^

U

n

j;l

(l = 1; 2; : : : ; L) the L� L matrix, given by

^

U

n

j;l

=

^

U

n

j

(l : l+ L� 1; :):

If we impose a unit norm 
onstraint on g

j

(this 
onstraint is mostly used),

then the left singular ve
tor of

^

U

n

j


orresponding to the smallest singular value

represents a possible solution. Sin
e this ve
tor 
an be interpreted as an esti-

mate of g

o

j

, the left singular ve
tor of U

n

j


orresponding to the smallest singular

value, we will denote this solution as
^
g

o

j

. As an estimate for the 
hannel ve
tor

g

j

we then 
onsider

^
g

j

= 
̂

j

^
g

o

j

; (4.22)

where 
̂

j

is an estimate of 


j

, whi
h is given by g

j

= 


j

g

o

j

. Like in the previous


hapter, this 


j


an be estimated from some short known headers that are

transmitted, or we 
an blindly estimate j


j

j, whi
h is equal to the 
hannel

gain kg

j

k (see se
tion 4.5.3), and use an appropriate di�erential modulation

s
heme to get rid of the phase ambiguity [Pro89℄. However, for simpli
ity we

will estimate 


j

as


̂

j

= g

j

^
g

oy

j

:

This leads to an estimate
^
g

j

that is optimal in the LS sense (sin
e g

j

is un-

known, this is of 
ourse not feasible in pra
ti
e).
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1. 
ompute the SVD of Z

j

:

Z

j

=

^

U

j

^

�

j

^

V

H

j

2. 
olle
t the last L 
olumns of

^

U

j

:

^

U

n

j

3. for l = 1; 2; : : : ; L

� 
onstru
t

^

U

n

j;l

as

^

U

n

j;l

=

^

U

n

j

(l : l+ L� 1; :)

4. 
onstru
t

^

U

n

j

as

^

U

n

j

=

h

^

U

n

j;1

^

U

n

j;2

� � �

^

U

n

j;L

i

5. solve

min

g

j

�

kU

nH

j

g

j

k

2

	

; s.t. kg

j

k

2

= 1

Table 4.1: Blind single-user 
hannel estimation algorithm.

Remark 4.5.4 Note that the estimation of the desired user's 
hannel only

requires the desired user's 
ode sequen
e, namely through the fa
t that this

algorithm makes use of the data at the output of the bank of 2 modi�ed blo
k


orrelators. 2

A brief outline of the algorithm is given in table 4.1.

4.5.2 Performan
e Analysis

The performan
e analysis is given in the following theorem.

Theorem 4.5.5 Assume that the 
hannel ve
tor estimate
^
g

j

is obtained as

in (4.22), with 
̂

j

= 


j

. Further assume that the data symbol sequen
e s

j

[k℄

is zero-mean white with varian
e 1 and the additive noise e[n℄ is zero-mean

white with varian
e �

2

e

. Then, only 
onsidering the �rst order approximation

of �g

j

=
^
g

j

� g

j

in N

j

, the bias and the normalized MSE (NMSE) of
^
g

j


an

be expressed as

bias

j

= 0;

NMSE

j

�

L�

2

e

K�kg

j

k

2







U

nyH

j







2

:



4.5. Blind Channel Estimation 75

Proof : Using a result from subspa
e perturbation analysis [LLV93℄, the �rst

order approximation of �U

n

j

=

^

U

n

j

�U

n

j

in N

j


an be written as

�

(1)

U

n

j

= �Z

yH

j

N

H

j

U

n

j

:

The �rst order approximation of �U

n

j;l

=

^

U

n

j;l

�U

n

j;l

(l = 1; 2; : : : ; L) in N

j

is

therefore given by

�

(1)

U

n

j;l

= �Z

yH

j;l

N

H

j

U

n

j

;

where

Z

y

j;l

= Z

y

j

(:; l : l + L� 1):

Thus the �rst order approximation of �U

n

j

=

^

U

n

j

� U

n

j

in N

j

is

�

(1)

U

n

j

=

h

�

(1)

U

n

j;1

� � � �

(1)

U

n

j;L

i

= �

h

Z

yH

j;1

N

H

j

U

n

j

� � � Z

yH

j;L

N

H

j

U

n

j

i

:

If
^
g

j

is obtained as in (4.22), with 
̂

j

= 


j

, then we 
an use the same re-

sult from subspa
e perturbation analysis as before to determine the �rst order

approximation of �g

j

=
^
g

j

� g

j

in N

j

:

�

(1)

g

j

= �U

nyH

j

�

(1)

U

nH

j

g

j

= U

nyH

j

2

6

6

4

U

nH

j

N

j

Z

y

j;1

.

.

.

U

nH

j

N

j

Z

y

j;L

3

7

7

5

g

j

=

h

U

nyH

j;1

U

nH

j

� � � U

nyH

j;L

U

nH

j

i

2

6

6

4

N

j

.

.

.

N

j

3

7

7

5

2

6

6

4

Z

y

j;1

g

j

.

.

.

Z

y

j;L

g

j

3

7

7

5

;

where U

ny

j;l

(l = 1; 2; : : : ; L) is the L� L matrix, given by

U

ny

j;l

= U

ny

j

((l � 1)L+ 1 : lL; :):

Only 
onsidering the �rst order approximation of �g

j

in N

j

, the bias and the

MSE of
^
g

j


an be expressed as

bias

j

= E

�

�

(1)

g

j

	

and MSE

j

= E

�

�

(1)

g

H

j

�

(1)

g

j

	

:

Assume that the data symbol sequen
e s

j

[k℄ is zero-mean white with varian
e 1

and the additive noise e[n℄ is zero-mean white with varian
e �

2

e

. The bias of

^
g

j

then be
omes

bias

j

= E

�

�

(1)

g

j

	

= 0:
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The MSE of
^
g

j

then be
omes

MSE

j

= E

�

�

(1)

g

H

j

�

(1)

g

j

	

= ��

2

e

L

X

l=1

�

kU

nyH

j;l

k

2

E

�

kZ

y

j;l

g

j

k

2

	

+

L

X

l

0

=1

l

0

6=l

tr

�

U

nyH

j;l

U

ny

j;l

0

	

E

�

g

H

j

Z

yH

j;l

Z

y

j;l

0

g

j

	

�

:

Following a similar reasoning as in [LLV93℄, we 
an further prove that

8

<

:

E

�

kZ

y

j;l

g

j

k

2

	

�

L

K�

2

; for l = 1; 2; : : : ; L

E

�

g

H

j

Z

yH

j;l

Z

y

j;l

0

g

j

	

� 0; for l; l

0

= 1; 2; : : : ; L, with l 6= l

0

:

Therefore, the NMSE of
^
g

j


an be written as

NMSE

j

�

L�

2

e

K�kg

j

k

2

L

X

l=1

kU

nyH

j;l

k

2

=

L�

2

e

K�kg

j

k

2

kU

nyH

j

k

2

: 2

4.5.3 Channel Gain Estimation

In this se
tion, we show how to estimate j


j

j, whi
h is equal to the 
hannel gain

kg

j

k, from Z

j

. Assume that the data symbol sequen
e s

j

[k℄ is zero-mean white

with varian
e 1 (R

s

j

= I

L

) and the additive noise e[n℄ is zero-mean white with

varian
e �

2

e

(R

n

j

= ��

2

e

I

2L

). Then, we 
an write (4.11) as

R

z

j

= Efz

j

[k℄z

H

j

[k℄g = �

2

G

j

G

H

j

+ ��

2

e

I

2L

= �

2

j


j

j

2

G

o

j

G

oH

j

+ ��

2

e

I

2L

;

where G

o

j

is similarly de�ned as G

j

, using g

o

j

instead of g

j

. Hen
e, we 
an

write

j


j

j

2

=

1

L

trfF

o

j;ZF

(R

z

j

� ��

2

e

I

2L

)F

oH

j;ZF

g;

where F

o

j;ZF

is similarly de�ned as F

j;ZF

(see (4.15)), using G

o

j

instead of G

j

.

This leads to the following estimate of j


j

j

2

:

j
̂

j

j

2

=

1

L

trf

^

F

o

j;ZF

(

^

R

z

j

� ��̂

2

e

I

2L

)

^

F

oH

j;ZF

g; (4.23)

where

^

F

o

j;ZF

is similarly de�ned as F

o

j;ZF

, using

^

G

o

j

instead of G

o

j

, with

^

G

o

j

similarly de�ned as G

o

j

, using
^
g

o

j

instead of g

o

j

. Further,

^

R

z

j

is de�ned as

^

R

z

j

=

L

K

Z

j

Z

H

j
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and �̂

2

e

is for instan
e obtained as �

�1

times the average of the L smallest

eigenvalues of

^

R

z

j

. Note that this estimate of the noise varian
e 
an also

be used in the MMSE linear blo
k 
ombiner, when the noise varian
e �

2

e

is

unknown.

4.6 Con
lusions

In this 
hapter, we have developed new re
eivers for a DS-CDMA-BS system.

First, the blo
k RAKE re
eiver has been introdu
ed. Then, we have introdu
ed

the MUI-free re
eiver, whi
h 
ompletely removes the MUI, without using any


hannel information. Within the framework of the MUI-free re
eiver, we have

further presented a subspa
e deterministi
 blind single-user 
hannel estima-

tion algorithm. Complexity issues and simulation results will be presented in


hapter 5.
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Chapter 5

Complexity and Simulation

Results

In this 
hapter, we 
ompare the new MUI-free re
eiver, developed for a DS-

CDMA-BS system, with the existing linear multi-user equalizer, developed for

a DS-CDMA system. In se
tion 5.1, we 
ompare the 
omplexity of the MUI-

free re
eiver with the 
omplexity of the linear multi-user equalizer. To make

this 
omparison, we assume that the re
eiver design is based on the appropriate

subspa
e deterministi
 blind 
hannel estimation algorithm, although the same


on
lusions 
an be drawn for other types of re
eiver design. In se
tion 5.2, we


ompare the performan
e of the MUI-free re
eiver with ZF respe
tively MMSE

linear blo
k 
ombining with the performan
e of the ZF respe
tively MMSE

linear multi-user equalizer. We give a performan
e 
omparison for the 
ase the


hannels and the noise varian
e (ne
essary for both MMSE re
eivers) are known

as well as for the 
ase the 
hannels are estimated using the appropriate subspa
e

deterministi
 blind 
hannel estimation algorithm and the noise varian
e is esti-

mated as in the 
orresponding blind 
hannel gain estimation algorithm. In this


hapter, we also 
ompare the MUI-free re
eiver with the 
orresponding FFT-

based Vandermonde-Lagrange AMOUR (VL-AMOUR) trans
eiver [WSGB99℄.

This is done in se
tion 5.3. Con
lusions are drawn in se
tion 5.4.

5.1 Complexity

In this se
tion, we 
ompare the 
omplexity of the MUI-free re
eiver (se
tion 4.3)

with the 
omplexity of the linear multi-user equalizer (se
tion 3.3). We assume

that the re
eiver design is based on subspa
e deterministi
 blind 
hannel es-

79
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timation (se
tions 4.5 and 3.4). Note that with 
omplexity we mean the re-

quired number of 
ops (
oating point operations). All the 
omplexity measures

we present in this se
tion are based on any standard method that 
omputes

the short singular ve
tors of a matrix (see for instan
e [GVL89℄). As in the

previous two 
hapters, we 
onsider a single re
eive antenna ICI-limited quasi-

syn
hronous propagation model (see (2.10)). We assume that the burst length

K is very large.

Let us �rst fo
us on the MUI-free re
eiver. The design of the jth user's MUI-

free re
eiver is determined by the design of the jth user's linear blo
k 
ombiner.

From (4.15) and (4.17), it is 
lear that the design of the jth user's linear blo
k


ombiner only requires the knowledge of the jth user's 
hannel and the noise

varian
e (if an MMSE linear blo
k 
ombiner is 
onsidered). To estimate the

jth user's 
hannel we use the subspa
e deterministi
 blind single-user 
hannel

estimation algorithm of se
tion 4.5, whi
h only requires the jth user's 
ode

sequen
e, namely through the fa
t that this algorithm makes use of the data at

the output of the bank of 2 modi�ed blo
k 
orrelators. For this, we �rst have

to 
ompute the subspa
e de
omposition of the 2L � K=L matrix Z

j

, whi
h

has a 
omplexity of OfLKg 
ops. Then we have to 
ompute the left singular

ve
tor of the L � L

2

matrix

^

U

n

j


orresponding to the smallest singular value,

whi
h has a 
omplexity of OfL

4

g 
ops. Hen
e, the 
omplexity to estimate

the jth user's 
hannel is OfLKg 
ops (sin
e K is very large). Next, we have

to 
al
ulate the pseudo-inverse of the 2L � L matrix G

j

(we fo
us on a ZF

linear blo
k 
ombiner), whi
h results in a 
omplexity of OfL

3

g 
ops. Note

that the estimation of the noise varian
e, ne
essary to design an MMSE linear

blo
k 
ombiner, does not in
rease this 
omplexity very mu
h. To 
on
lude, the

design of the jth user's linear blo
k 
ombiner has a 
omplexity of OfLKg 
ops

(sin
e K is very large). Hen
e, the design of the jth user's MUI-free re
eiver

also has a 
omplexity of OfLKg 
ops. Note that the design of a 
omplete

bank of J MUI-free re
eivers (e.g., at a base station) results in a 
omplexity of

OfJLKg 
ops.

Let us next fo
us on the linear multi-user equalizer. From (3.8) and (3.10), it

is 
lear that the design of the jth user's linear multi-user equalizer requires the

knowledge of all the 
hannels and 
ode sequen
es and the additive noise (if an

MMSE linear multi-user equalizer is 
onsidered). To estimate the jth user's


hannel, we use the subspa
e deterministi
 blind multi-user 
hannel estimation

algorithm of se
tion 3.4, whi
h only requires the jth user's 
ode sequen
e.

For this, we �rst have to 
ompute a subspa
e de
omposition of the (N � L+

1) �K matrix Y, whi
h has a 
omplexity of OfN

2

Kg 
ops. Note that this

subspa
e de
omposition is user-independent and therefore still results into a


omplexity of OfN

2

Kg 
ops, if we want to estimate all the 
hannels. Then

we have to 
ompute the left singular ve
tor of the L� (N �L+1� J) matrix

C

H

j

^

U

n


orresponding to the smallest singular value, whi
h has a 
omplexity

of OfL

2

(N � L + 1 � J)g 
ops. Note that this subspa
e de
omposition is
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user-dependent and therefore results into a 
omplexity of OfJL

2

(N �L+1�

J)g 
ops, if we want to estimate all the 
hannels. Hen
e, the 
omplexity to

estimate all the 
hannels is OfN

2

Kg 
ops (sin
e K is very large). Next, we

have to 
al
ulate the pseudo-inverse of the (N � L + 1) � J matrix H (we

fo
us on a ZF linear multi-user equalizer), whi
h results in a 
omplexity of

OfNJ

2

g 
ops. Note that the estimation of the noise varian
e, ne
essary to

design an MMSE linear multi-user equalizer, does not in
rease this 
omplexity

very mu
h. To 
on
lude, the design of the jth user's linear multi-user equalizer

has a 
omplexity of OfN

2

Kg 
ops (sin
e K is very large). Note that the

design of a 
omplete bank of J multi-user equalizers (e.g., at a base station)

still results in a 
omplexity of OfN

2

Kg 
ops.

Remark 5.1.1 Note that even if we follow the approa
h dis
ussed in re-

marks 3.3.2 and 3.3.3, it is not possible to redu
e this 
omplexity of OfN

2

Kg


ops. 2

Comparing the obtained 
omplexities, we observe that the 
omplexity to design

an MUI-free re
eiver (OfLKg 
ops) is mu
h smaller than the 
omplexity to

design a linear multi-user equalizer (OfN

2

Kg 
ops). This is be
ause L � N

(see (2.10)). Moreover, the 
omplexity to design a 
omplete bank of J MUI-free

re
eivers (OfJLKg 
ops) is also mu
h smaller than the 
omplexity to design a


omplete bank of J linear multi-user equalizers (OfN

2

Kg 
ops), although the

latter is of the same order as the 
omplexity to design only one linear multi-user

equalizer. This is be
ause J is of the same order as N and L� N (see (2.10)).

Finally, note that the estimation of the desired user's data symbol sequen
e

based on the 
al
ulated MUI-free re
eiver or linear multi-user equalizer results

in a 
omplexity per data symbol period of OfNg 
ops (this 
omplexity is more

or less the same for both re
eivers).

5.2 Simulation Results

In this se
tion, we perform some simulations in Matlab to 
ompare the per-

forman
e of the MUI-free re
eiver with ZF respe
tively MMSE linear blo
k


ombining (se
tion 4.3) with the performan
e of the ZF respe
tively MMSE

linear multi-user equalizer (se
tion 3.3). We 
onsider an 8-user DS-CDMA-BS

and DS-CDMA system (J = 8) with a spreading fa
tor N = 17. We design a

shift-orthogonal set of J length-N 
ode sequen
es f


j

[n℄g

J

j=1

, as explained in

se
tion 4.4, and use this set of 
ode sequen
es for the DS-CDMA-BS system as
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n 0 1 2 3

g

1

[n℄ +0:1513 � 0:1291i �0:1327 + 0:6884i �0:3550� 0:1626i +0:1228 + 0:5490i

g

2

[n℄ �0:2588 + 0:4124i +0:3581� 0:0455i �0:4241 + 0:5462i �0:3760 � 0:1147i

g

3

[n℄ +0:4066 � 0:5422i +0:5321 + 0:2291i +0:4098 + 0:1556i +0:1024� 0:0487i

g

4

[n℄ �0:2163 + 0:2912i �0:5332 � 0:4866i �0:0811� 0:4955i +0:0781 + 0:2985i

g

5

[n℄ �0:3083 + 0:0279i +0:8654 + 0:0949i �0:0394� 0:0426i +0:0033� 0:3779i

g

6

[n℄ �0:0638� 0:5494i +0:2137 + 0:3858i +0:2448 + 0:5350i +0:1602 + 0:3574i

g

7

[n℄ +0:1898 � 0:1522i +0:1045� 0:1316i +0:3813 � 0:3089i �0:5015 � 0:6482i

g

8

[n℄ �0:0609 + 0:7390i �0:5202 + 0:0305i �0:1328� 0:3271i �0:1992 � 0:1195i

Table 5.1: Normalized 
hannels.

well as for the DS-CDMA system. We start from (see se
tion 4.4 for details)

C

4

=

2

6

6

6

4

+1 �1

+1 +1

�1 +1

+1 +1

3

7

7

7

5

;

resulting into a set of BPSK 
ode sequen
es. For every user j, we generate a

random 
hannel g

j

[n℄ of order L

j

= 3 with delay index Æ

j

= 0. We assume

L = 4 (note that (2.10) is then satis�ed). The resulting set of normalized


hannels is listed in table 5.1. We assume that the data symbol sequen
es

fs

j

[k℄g

J

j=1

are QPSK-modulated mutually un
orrelated and zero-mean white

with varian
e 1. We further assume that the additive noise e[n℄ is zero-mean

white Gaussian with varian
e �

2

e

. We de�ne the re
eived energy per data

symbol period (T ) for the jth user as

E

j

= kg

j

k

2

and we assume that all users interfering with this jth user have the same

re
eived energy per data symbol period:

E

j

0

= E; for j

0

= 1; : : : ; j � 1; j + 1; : : : ; J:

We then de�ne the signal-to-noise ratio (SNR) and the near-far ratio (NFR)

for the jth user at the input of the re
eiver as

SNR

j

=

E

j

�

2

e

and NFR

j

=

E

E

j

:

For all simulations we will 
ondu
t 5000 trials using bursts of K = 200 data

symbols.

Simulation 1: First, we 
ompare the performan
e of the MUI-free re
eiver with

ZF respe
tively MMSE linear blo
k 
ombining with the performan
e of the ZF

respe
tively MMSE linear multi-user equalizer, under the assumption that all
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Figure 5.1: Average theoreti
al and simulated BER per user as a fun
tion of

the SNR for an NFR of 0 dB (known 
hannels and noise varian
e).

the 
hannels fg

j

[n℄g

J

j=1

and the noise varian
e �

2

e

(ne
essary for both MMSE

re
eivers) are known. Figure 5.1 shows the average theoreti
al and simulated

BER per user as a fun
tion of the SNR for an NFR of 0 dB. Figure 5.2 shows

the same results as a fun
tion of the NFR for an SNR of 10 dB. First of all,

we observe that the simulation results are well predi
ted by the theoreti
al

results. As mentioned in se
tions 4.3 and 3.3, the theoreti
al predi
tions are

based on the assumption that the interferen
e plus noise at the output of the

re
eiver is Gaussian. If the interferen
e at the output of the re
eiver is di�erent

from zero it will not be exa
tly Gaussian. Sin
e the ZF re
eivers remove all

the re
eived interferen
e, their performan
e is exa
tly predi
ted. The MMSE

re
eivers, on the other hand, do not remove all the re
eived interferen
e and

their performan
e is not exa
tly predi
ted. However, for this parti
ular exam-

ple, the interferen
e at the output of the MMSE re
eivers is almost zero and the

di�eren
e between the simulation results and the theoreti
al results is hardly

visible. Se
ond, we know from se
tion 4.3 that an MUI-free re
eiver should

always be NFR-independent

1

, irrespe
tive of the type of linear blo
k 
ombin-

ing. This is 
learly illustrated in �gure 5.2. From this �gure it is also 
lear

that the ZF linear multi-user equalizer is NFR-independent, while the MMSE

linear multi-user equalizer is not. For a very high NFR the performan
e of

the MMSE linear multi-user equalizer is equal to the performan
e of the ZF

linear multi-user equalizer. For a very low NFR the performan
e of the MMSE

linear multi-user equalizer approa
hes the performan
e of the 
oherent RAKE

re
eiver, whi
h is, for su
h a very low NFR, better than the performan
e of the

ZF linear multi-user equalizer. Note that the NFR-region where the transition

1

Note that a near-far resistant re
eiver (see [Ver86℄) is not exa
tly the same as an NFR-

independent re
eiver. NFR-independen
e implies near-far resistan
e, sin
e near-far resistan
e


an be interpreted as NFR-independen
e for vanishing noise. However, near-far resistan
e

does not ne
essarily imply NFR-independen
e.



84 Chapter 5. Complexity and Simulation Results

−50 0 50
10

−3

10
−2

10
−1

10
0

NFR (dB)

B
E

R

ZF linear multi−user equalizer (theor.)          
ZF linear multi−user equalizer (simul.)          
MUI−free receiver, ZF linear block comb. (theor.)
MUI−free receiver, ZF linear block comb. (simul.)

−50 0 50
10

−3

10
−2

10
−1

10
0

NFR (dB)

B
E

R

MMSE linear multi−user equalizer (theor.)          
MMSE linear multi−user equalizer (simul.)          
MUI−free receiver, MMSE linear block comb. (theor.)
MUI−free receiver, MMSE linear block comb. (simul.)

Figure 5.2: Average theoreti
al and simulated BER per user as a fun
tion of

the NFR for an SNR of 10 dB (known 
hannels and noise varian
e).

takes pla
e is positioned around the inverse of the SNR. Further, we observe

that the performan
e of the MUI-free re
eiver with ZF linear blo
k 
ombin-

ing is 
omparable with the performan
e of the ZF linear multi-user equalizer.

We know that the performan
e of the MUI-free re
eiver with MMSE linear

blo
k 
ombining is better than the performan
e of the MUI-free re
eiver with

ZF linear blo
k 
ombining and that the di�eren
e between those performan
es

de
reases with the SNR. Therefore, the performan
e of the MUI-free re
eiver

with MMSE linear blo
k 
ombining is also better than the performan
e of the

MMSE linear multi-user equalizer at very high NFR (see �gure 5.2) and the

di�eren
e between those performan
es also de
reases with the SNR. The some-

what surprising result that the MUI-free re
eiver 
an perform better than the

linear multi-user equalizer is due to the fa
t that the linear multi-user equalizer

we 
onsider here only has length N � L+ 1 = 14. Hen
e, su
h a linear multi-

user equalizer removes L� 1 = 3 out of N = 17 re
eived samples, while in the

MUI-free re
eiver every modi�ed blo
k 
orrelator only removes 1 out of N = 17

re
eived samples (sin
e every modi�ed blo
k 
orrelator only removes 1 out of

N = 17 re
eived sample blo
ks). The performan
e of a mu
h longer (hen
e,

mu
h more expensive) linear multi-user equalizer would be somewhat better

than the performan
e of the MUI-free re
eiver. Finally, �gure 5.3 shows the

theoreti
al and simulated SINR as a fun
tion of the desired user for an SNR of

10 dB and an NFR of 0 dB. Again, we observe that the simulation results are

well predi
ted by the theoreti
al results.

Simulation 2: Next, we 
ompare the performan
e of the subspa
e deterministi


blind single-user 
hannel estimation algorithm of se
tion 4.5 with the perfor-

man
e of the subspa
e deterministi
 blind multi-user 
hannel estimation algo-

rithm of se
tion 3.4. Figure 5.4 shows the average theoreti
al and simulated

NMSE per user of the 
hannel estimates as a fun
tion of the SNR for an NFR of
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Figure 5.3: Theoreti
al and simulated SINR as a fun
tion of the desired user

for an SNR of 10 dB and an NFR of 0 dB (known 
hannels and noise varian
e).

0 dB. Figure 5.5 shows the same results as a fun
tion of the NFR for an SNR

of 20 dB. First of all we see that the theoreti
al performan
es of the single-user

and multi-user algorithm are 
omparable. From �gure 5.4 we observe that for

an SNR above 10 dB the simulation results are well predi
ted by the theoreti-


al results (below 10 dB the additive noise in
uen
e is too large to predi
t the

simulation results using only �rst order subspa
e perturbation analysis). From

�gure 5.5 we noti
e that for the single-user algorithm the above statement is

true for all values of the NFR, while for the multi-user algorithm it is only true

for an NFR above the inverse of the SNR. When the NFR drops below the

inverse of the SNR, the (N � L + 1) � (N � L + 1 � J) matrix

^

U

n

, that is

used in se
tion 3.4.1 to estimate the 
hannel ve
tor g

j

, is greatly in
uen
ed by

additive noise and the �rst order subspa
e perturbation analysis is not a

urate

enough to predi
t the simulation results. We know from se
tion 4.5 that the

single-user algorithm should always be NFR-independent. This is 
learly illus-

trated in �gure 5.5. The multi-user algorithm, on the other hand, only appears

to be theoreti
ally NFR-independent. The simulation results show that this is

not the 
ase in pra
ti
e (see dis
ussion above).

Simulation 3: We now repeat simulation 1 but for ea
h re
eiver we will use the

appropriate subspa
e deterministi
 blind 
hannel estimation algorithm. More-

over, for ea
h of both MMSE re
eivers we will use the appropriate estimate

of the noise varian
e �

2

e

(see se
tions 4.5.3 and 3.4.3). Figure 5.6 shows the

average theoreti
al (known 
hannels and noise varian
e) and simulated (esti-

mated 
hannels and noise varian
e) BER per user as a fun
tion of the SNR

for an NFR of 0 dB. Figure 5.7 shows the same results as a fun
tion of the

NFR for an SNR of 10 dB. We observe that estimating the 
hannels and the

noise varian
e (ne
essary for both MMSE re
eivers) de
reases the performan
es

of all re
eivers. Note that the design of the desired user's ZF or MMSE lin-
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al and simulated NMSE per user of the 
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Figure 5.6: Average theoreti
al (known 
hannels and noise varian
e) and sim-

ulated (estimated 
hannels and noise varian
e) BER per user as a fun
tion of

the SNR for an NFR of 0 dB.
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Figure 5.7: Average theoreti
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hannels and noise varian
e) and sim-
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e) BER per user as a fun
tion of

the NFR for an SNR of 10 dB.
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ear multi-user equalizer requires the knowledge of all the 
hannels (we do not


onsider the approa
h dis
ussed in remarks 3.3.2 and 3.3.3). When the NFR

drops below the inverse of the SNR, the 
hannel estimates of the interfering

users be
ome less a

urate. For the ZF linear multi-user equalizer, this prop-

erty in
reases the di�eren
e in BER with simulation 1. For the MMSE linear

multi-user equalizer, this property does not 
hange the di�eren
e in BER with

simulation 1, sin
e the MMSE linear multi-user equalizer is, in that region of

the NFR, more steered by the additive noise.

5.3 MUI-Free Re
eiver versus VL-AMOUR

In this se
tion, we 
ompare the MUI-free re
eiver with the 
orresponding FFT-

based Vandermonde-Lagrange AMOUR (VL-AMOUR) trans
eiver [WSGB99℄.

The VL-AMOUR trans
eiver was �rst presented in [WSGB99℄. Like the MUI-

free re
eiver, the stru
ture of VL-AMOUR also removes the MUI, without us-

ing any 
hannel information. Note that the Vandermonde-Lagrange AMOUR

(VL-AMOUR) trans
eiver has some 
exibility advantages over the earlier devel-

oped Lagrange-Vandermonde AMOUR (LV-AMOUR) trans
eiver [GWSB99℄.

Further, note that the VL-AMOUR and LV-AMOUR trans
eiver 
an be 
on-

sidered as a generalization of the VL-CDMA [SBG99℄ and LV-CDMA [SG99℄

trans
eiver, respe
tively.

In this se
tion, we fo
us on an FFT-based VL-AMOUR trans
eiver (only fast

Fourier transform (FFT) and inverse fast Fourier transform (IFFT) operations

are used). To make a fair 
omparison with the MUI-free re
eiver, we assume

that the transmitter of the FFT-based VL-AMOUR transforms the data sym-

bol blo
k sequen
e s

j

[k℄ with blo
k size L into a symbol blo
k sequen
e with

blo
k size NL, applying an operation based on an (N � 1)L-points IFFT and

inserting a 
y
li
 pre�x of length L. Every user will be assigned a distin
t set of

2L equidistant tones. Note that this transmitter s
heme is more 
omplex in op-

eration than the spreading operation used in a DS-CDMA-BS system (be
ause

of the large IFFT). The re
eiver of the FFT-based VL-AMOUR then removes

the 
y
li
 pre�x of length L and applies an operation based on an (N � 1)L-

points FFT. This leads to a data model that resembles (4.9). Next, a linear

blo
k 
ombiner is applied, like in the MUI-free re
eiver. Note that this re
eiver

s
heme is more 
omplex in operation than the MUI-free re
eiver (be
ause of

the large FFT). The FFT-based VL-AMOUR trans
eiver des
ribed above is

referred to as the FFT-based VL-AMOUR trans
eiver that 
orresponds to the

MUI-free re
eiver.

Remark 5.3.1 As shown in se
tion 4.4, it is possible to design a shift-orthogo-

nal set of 
onstant modulus 
ode sequen
es (e.g., BPSK or QPSK 
ode se-
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Figure 5.8: Average theoreti
al and simulated BER as a fun
tion of the SNR

for an NFR of 0 dB (known 
hannels).

quen
es). This has the advantage that, when the data symbols are 
onstant

modulus, the 
hip sequen
es will also be 
onstant modulus. Note that this is


ertainly not the 
ase for the VL-AMOUR trans
eiver. 2

We now 
ompare the performan
e of the MUI-free re
eiver with ZF linear blo
k


ombining with the performan
e of the 
orresponding FFT-based VL-AMOUR

trans
eiver with ZF linear blo
k 
ombining, under the assumption that all the


hannels fg

j

[n℄g

J

j=1

are known. We 
onsider the same simulation 
onditions as

in se
tion 5.2, ex
ept that we now assume BPSK modulation instead of QPSK

modulation and that we now 
onsider 100 di�erent 
hannel realization and

500 trials per 
hannel instead of only one 
hannel realization and 5000 trials.

Figure 5.8 shows the average theoreti
al and simulated BER per user as a

fun
tion of the SNR for an NFR of 0 dB. It is 
lear that the performan
e of

the MUI-free re
eiver with ZF linear blo
k 
ombining is 
omparable with the

performan
e of the 
orresponding FFT-based VL-AMOUR re
eiver with ZF

linear blo
k 
ombining.

5.4 Con
lusions

In this 
hapter, we have 
ompared the new MUI-free re
eiver, developed for a

DS-CDMA-BS system, with the existing linear multi-user equalizer, developed

for a DS-CDMA system. First of all, it has been shown that the 
omplex-

ity of the MUI-free re
eiver is mu
h smaller than the 
omplexity of the linear
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multi-user equalizer, if the re
eiver design is based on the appropriate subspa
e

deterministi
 blind 
hannel estimation algorithm. Moreover, the 
omplexity of

a 
omplete bank of MUI-free re
eivers is also mu
h smaller than the 
omplexity

of a 
omplete bank of linear multi-user equalizers, although the latter is of the

same order as the 
omplexity of only one linear multi-user equalizer. Next, we

have illustrated that the performan
e of the MUI-free re
eiver with ZF respe
-

tively MMSE linear blo
k 
ombining is 
omparable with the performan
e of the

ZF respe
tively MMSE linear multi-user equalizer. This for the 
ase the 
han-

nels and the noise varian
e (ne
essary for both MMSE re
eivers) are known

as well as for the 
ase the 
hannels are estimated using the appropriate sub-

spa
e deterministi
 blind 
hannel estimation algorithm and the noise varian
e

is estimated as in the 
orresponding blind 
hannel gain estimation algorithm.

In this 
hapter, we have also 
ompared the MUI-free re
eiver with the 
orre-

sponding FFT-based VL-AMOUR trans
eiver [WSGB99℄. We have shown that

the latter uses a transmitter s
heme that is more 
omplex in operation than the

spreading operation used in a DS-CDMA-BS system and uses a re
eiver s
heme

that is more 
omplex in operation than the MUI-free re
eiver. For the 
ase the


hannels are known, simulation results illustrate that the performan
e of the

MUI-free re
eiver with ZF linear blo
k 
ombining is 
omparable with the perfor-

man
e of the 
orresponding FFT-based VL-AMOUR trans
eiver with ZF linear

blo
k 
ombining.



Chapter 6

Re
eivers for a

DMT-CDMA and

DMT-CDMA-BS System

In this 
hapter, we present di�erent re
eivers for a DMT-CDMA and DMT-

CDMA-BS system. In se
tion 6.1, we review some existing re
eivers for a DMT-

CDMA system. First, the RAKE re
eiver is dis
ussed. Then, we dis
uss the

linear multi-user equalizer. Ea
h of these re
eivers simply 
onsists of the 
orre-

sponding re
eiver for a DS-CDMA system followed by a DMT demodulator. In

se
tion 6.2, we develop new re
eivers for a DMT-CDMA-BS system. First, the

blo
k RAKE re
eiver is introdu
ed. Then, we introdu
e the MUI-free re
eiver,

whi
h 
ompletely removes the MUI, without using any 
hannel information.

Again, ea
h of these re
eivers simply 
onsists of the 
orresponding re
eiver for

a DS-CDMA-BS system followed by a DMT demodulator. Finally, we develop

the MUI/ITI-free re
eiver, whi
h 
ompletely removes the MUI and inter-tone

interferen
e (ITI), without using any 
hannel information. The des
ription of

the MUI/ITI-free re
eiver 
an be 
onsidered as the main 
ontribution of this


hapter. Complexity issues and simulation results are dis
ussed in se
tion 6.3.

Con
lusions are given in se
tion 6.4.

6.1 DMT-CDMA System

In this se
tion, we review some existing re
eivers for a DMT-CDMA system.

Although the re
eivers we dis
uss 
an be developed for a more general s
enario,

we 
onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous prop-

91
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agation model. We further use short 
ode sequen
es.

Details on the used data model are given in se
tion 6.1.1. In se
tion 6.1.2,

the RAKE re
eiver is dis
ussed. In se
tion 6.1.3, we then dis
uss the linear

multi-user equalizer. Ea
h of these re
eivers basi
ally is a 
as
ade of the 
or-

responding re
eiver for a DS-CDMA system and a DMT demodulator.

6.1.1 Data Model

We 
onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous

propagation model (see se
tion 2.2.1). We further use short 
ode sequen
es

(see se
tion 2.1.4). The data models that will be used are given by (2.11)

and (2.15), whi
h are repeated here for 
onvenien
e:

y[n℄ =

J

X

j=1

L�1

X

n

0

=0

g

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄; (6.1)

y


ut

[k℄ =Hr[k℄ + e


ut

[k℄: (6.2)

6.1.2 RAKE Re
eiver

First, we apply a RAKE re
eiver developed for a DS-CDMA system. The

bank of L 
orrelators results in the outputs fz

j;l

[k℄g

L�1

l=0

(see (3.3), where s

j

[k℄

should be repla
ed by r

j

[k℄). We then linearly 
ombine these 
orrelator outputs

to suppress the remaining residual ICI and MUI:

r̂

j

[k℄ = f

j;0

z

j;0

[k℄ + f

j;1

[k℄z

j;1

[k℄ + � � �+ f

j;L�1

z

j;L�1

[k℄;

where ff

j;l�1

g

L

l=1

are the linear 
ombiner weights.

Finally, we perform a dis
rete Fourier transformation (DFT):

^

~
r

dmt

j

[�℄ = 1=

p

PF

P

^
r

dmt

j

[�℄;

where F

P

represents the P � P DFT matrix and

^
r

dmt

j

[�℄ =

h

r̂

j

[�P ℄ r̂

j

[�P + 1℄ � � � r̂

j

[(�+ 1)P � 1℄

i

T

:

6.1.3 Linear Multi-User Equalizer

First, we apply a linear multi-user equalizer developed for a DS-CDMA sys-

tem. We perform a linear multi-user equalization on y


ut

[k℄ to suppress the
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Figure 6.1: Linear multi-user equalizer for a DMT-CDMA system.

remaining MUI (the ISI is removed by 
onstru
tion):

r̂

j

[k℄ = f

j

y


ut

[k℄;

where f

j

is the 1� (N � L+ 1) linear multi-user equalizer for the jth user.

Finally, we perform a DFT:

^

~
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P

^
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j

[�℄;
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^
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:

The linear multi-user equalizer is illustrated in �gure 6.1.

6.2 DMT-CDMA-BS System

In this se
tion, we develop new re
eivers for a DMT-CDMA-BS system. Like

in the previous se
tion, we 
onsider a single re
eive antenna and an ICI-limited

quasi-syn
hronous propagation model. We further use short 
ode sequen
es.

Details on the used data model are given in se
tion 6.2.1. In se
tion 6.2.2,

the blo
k RAKE re
eiver is introdu
ed. In se
tion 6.2.3, we then introdu
e

the MUI-free re
eiver, whi
h 
ompletely removes the MUI, without using any


hannel information. Ea
h of these re
eivers basi
ally is a 
as
ade of the 
or-

responding re
eiver for a DS-CDMA-BS system and a DMT demodulator. In

se
tion 6.2.4, we �nally develop the MUI/ITI-free re
eiver, whi
h 
ompletely

removes the MUI and ITI, without using any 
hannel information. This re
eiver

is obtained by repla
ing the linear blo
k 
ombiner of the MUI-free re
eiver by

a simpler operation that is not based on 
hannel information and that guaran-

tees that the DMT demodulator following this operation 
ompletely removes
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the ITI. Note that after the DMT demodulator we still have to rotate and s
ale

every tone in the appropriate way by means of a 1-tap frequen
y domain equal-

izer (FEQ). The des
ription of the MUI/ITI-free re
eiver 
an be 
onsidered as

the main 
ontribution of this 
hapter.

6.2.1 Data Model

We 
onsider a single re
eive antenna and an ICI-limited quasi-syn
hronous

propagation model (see se
tion 2.2.1). We further use short 
ode sequen
es

(see se
tion 2.1.4). As proposed in se
tion 2.2.1, when an ICI-limited quasi-

syn
hronous propagation model is 
onsidered for a DMT-CDMA-BS system,

we take the blo
k size B equal to the parameter L (see (2.10)). The data model

that will be used is given by (2.16), whi
h is repeated here for 
onvenien
e:

y[n℄ =

J

X

j=1

1

X

n

0

=0

G

j

[n

0

℄x

j

[n� n

0

℄ + e[n℄: (6.3)

We also assume that the DMT symbol size P is a multiple of the blo
k size

B = L.

6.2.2 Blo
k RAKE Re
eiver

First, we apply a blo
k RAKE re
eiver developed for a DS-CDMA-BS sys-

tem. The bank of 2 blo
k 
orrelators results in the outputs z

j;0

[k℄ and z

j;1

[k℄

(see (4.2) and (4.3), where s

j

[k℄ should be repla
ed by r

j

[k℄). We then linearly


ombine these blo
k 
orrelator outputs to suppress the remaining residual ICBI

and MUI, and the remaining ISI w.r.t. the symbols in r

j

[k℄:

^
r

j

[k℄ = F

j;0

z

j;0

[k℄ +F

j;1

z

j;1

[k℄;

where F

j;0

and F

j;1

are the L� L linear blo
k 
ombiner weights.

Finally, we perform a dis
rete Fourier transformation (DFT):

^

~
r

dmt

j

[�℄ = 1=

p

PF

P

^

b

dmt

j

[�℄;

where F

P

represents the P � P DFT matrix and

^
r

dmt

j

[�℄ =

h

^
r

j

[�P ℄
^
r

j

[�P + 1℄ � � �
^
r

j

[(�+ 1)P � 1℄

i

T

:

6.2.3 MUI-Free Re
eiver

First, we apply an MUI-Free re
eiver developed for a DS-CDMA-BS system.

The bank of 2 modi�ed blo
k 
orrelators results in the outputs z

mod

j;0

[k℄ and
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Figure 6.2: MUI-free re
eiver for a DMT-CDMA-BS system.

z

mod

j;1

[k℄ (see (4.7) and (4.8), where s

j

[k℄ should be repla
ed by r

j

[k℄). We

then linearly 
ombine these modi�ed blo
k 
orrelator outputs to suppress the

remaining ISI w.r.t. the symbols in r

j

[k℄:

^
r

j

[k℄ = F

j;0

z

mod

j;0

[k℄ +F

j;1

z

mod

j;1

[k℄;

where F

j;0

and F

j;1

are the L� L linear blo
k 
ombiner weights.

Finally, we perform a DFT:

^

~
r

dmt

j

[�℄ = 1=

p

PF

P

^
r

dmt

j

[�℄;

where

^
r

dmt

j

[�℄ =

h

^
r

j

[�P ℄
^
r

j

[�P + 1℄ � � �
^
r

j

[(�+ 1)P � 1℄

i

T

:

The MUI-free re
eiver is illustrated in �gure 6.2.

6.2.4 MUI/ITI-Free Re
eiver

The MUI/ITI-free re
eiver is obtained by repla
ing the linear blo
k 
ombiner

of the MUI-free re
eiver by a simpler operation that is not based on 
hannel

information and that guarantees that the DMT demodulator following this

operation 
ompletely removes the ITI. Note that after the DMT demodulator
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we still have to rotate and s
ale every tone in the appropriate way by means

of a 1-tap frequen
y domain equalizer (FEQ).

Consider the MUI-free re
eiver presented in the previous se
tion. Instead

of 
ombining the 2 modi�ed blo
k 
orrelator outputs z

mod

j;0

[k℄ and z

mod

j;1

[k℄

(see (4.7) and (4.8), where s

j

[k℄ should be repla
ed by r

j

[k℄), we now 
on-

stru
t

z

dmt

j;0

[�℄ =

h

z

modT

j;0

[�P=L℄ z

modT

j;0

[�P=L+ 1℄ � � � z

modT

j;0

[(�+ 1)P=L� 1℄

i

T

;

z

dmt

j;1

[�℄ =

h

z

modT

j;1

[�P=L℄ z

modT

j;1

[�P=L+ 1℄ � � � z

modT

j;1

[(�+ 1)P=L� 1℄

i

T

:

Further, applying a simple transformation on z

dmt

j;1

[�℄:

�
z

dmt

j;1

[�℄ = J

L

P

z

dmt

j;1

[�℄;

where J

n

is de�ned in (4.18), we obtain

�
z

dmt

j;1

[�℄ =

h

z

modT

j;1

[(�+ 1)P=L� 1℄ z

modT

j;1

[�P=L℄ � � � z

modT

j;1

[(�+ 1)P=L� 2℄

i

T

:

De�ning

r

dmt

j

[�℄ =

h

r

T

j

[�P=L℄ r

T

j

[�P=L+ 1℄ � � � r

T

j

[(�+ 1)P=L� 1℄

i

T

;

it is then 
lear from (4.7) and (4.8) (repla
e s

j

[k℄ by r

j

[k℄) that

z

dmt

j;0

[�℄ = �G

dmt

j;0

r

dmt

j

[�℄ + n

dmt

j;0

[�℄;

�
z

dmt

j;1

[�℄ = �

�

G

dmt

j;1

r

dmt

j

[�℄ +
�
n

dmt

j;1

[�℄;

where n

dmt

j;0

[�℄ is similarly de�ned as z

dmt

j;0

[�℄,
�
n

dmt

j;1

[�℄ is similarly de�ned as

�
z

dmt

j;1

[�℄ and G

dmt

j;0

and

�

G

dmt

j;1

are the P � P 
hannel matri
es for the jth user,

given by

G

dmt

j;0

= ;

�

G

dmt

j;1

= ;

with

=G

j

[0℄; = G

j

[1℄:
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If we then simply sum z

dmt

j;0

[�℄ and
�
z

dmt

j;1

[�℄

z

dmt

j

[�℄ = z

dmt

j;0

[�℄ +
�
z

dmt

j;1

[�℄;

we obtain

z

dmt

j

[�℄ = �G

dmt

j

r

dmt

j

[�℄ + n

dmt

j

[�℄;

where n

dmt

j

[�℄ is similarly de�ned as z

dmt

j

[�℄ and G

dmt

j

is the P � P 
hannel

matrix for the jth user, given by

G

dmt

j

= G

dmt

j;0

+

�

G

dmt

j;1

= = ; (6.4)

with

= G

j

[0℄; =G

j

[1℄; = g

j

:

Note that if the additive noise e[n℄ is zero-mean white with varian
e �

2

e

, we

obtain

R

n

dmt

j

= Efn

dmt

j

[�℄n

dmtH

j

[�℄g = 2��

2

e

I

P

:

We then perform a DFT:

~
z

dmt

j

[�℄ = 1=

p

PF

P

z

dmt

j

[�℄

= �F

P

G

dmt

j

I

P

~
r

dmt

j

[�℄ + 1=

p

PF

P

n

dmt

j

[�℄:

Be
ause G

dmt

j

is a 
ir
ular matrix (see (6.4)), it is then 
lear that the ITI is


ompletely removed:

~
z

dmt

j

[�℄ = �diagfF

P

g

dmt

j

g
~
r

dmt

j

[�℄ + 1=

p

PF

P

n

dmt

j

[�℄;

where g

dmt

j

is the P � 1 
hannel ve
tor for the jth user, given by

g

dmt

j

=

h

g

j

[0℄ g

j

[1℄ � � � g

j

[P � 1℄

i

T

:

Finally, every tone is rotated and s
aled in the appropriate way by means of a

linear 1-tap frequen
y domain equalizer (FEQ). As an estimate for
~
r

dmt

j

[�℄, we

then obtain

^

~
r

dmt

j

[�℄ = �

j

~
z

dmt

j

[�℄
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eiver for a DMT-CDMA-BS system.
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= ��

j

diagfF

P

g

dmt

j

g
~
r

dmt

j

[�℄ + 1=

p

P�

j

F

P

n

dmt

j

[�℄;

where �

j

is a P � P diagonal matrix whose diagonal elements are the lin-

ear 1-tap FEQ's for the jth user. The MUI/ITI-free re
eiver is illustrated in

�gure 6.3. We 
an use ZF or MMSE linear 1-tap FEQ's.

Remark 6.2.1 If the DMT subsymbol sequen
es f~r

j;p

[�℄g

P

p=1

are PSK-modu-

lated and the additive noise e[n℄ is zero-mean white with varian
e �

2

e

(R

n

dmt

j

=

2��

2

e

I

P

), the ZF and MMSE linear 1-tap FEQ's for the jth user have the same

performan
e and 
an, without any loss in performan
e, be repla
ed by

�

j

= diagfF

P

g

dmt

j

g

H

: (6.5)

2

6.3 Complexity and Simulation Results

We �rst 
ompare the 
omplexity of the MUI-free re
eiver with the 
omplexity

of the linear multi-user equalizer. Like in the previous 
hapter, we assume that

the re
eiver design is based on subspa
e deterministi
 blind 
hannel estimation.

Following the same reasoning as in the previous 
hapter, it 
an be shown that

the 
omplexity of the MUI-free re
eiver is mu
h smaller than the 
omplexity of

the linear multi-user equalizer. Further, note that the MUI/ITI-free re
eiver is


heaper than the MUI-free re
eiver, be
ause the use of the linear blo
k 
ombiner

is avoided.

We now perform some simulations in Matlab to 
ompare the performan
e of

the MUI-free re
eiver with ZF linear blo
k 
ombining and the MUI/ITI-free

re
eiver with the performan
e of the ZF linear multi-user equalizer. We 
onsider

an 8-user DMT-CDMA-BS and DMT-CDMA system (J = 8) with spreading

fa
tor N = 17 and a DMT symbol size P = 8. We design a shift-orthogonal

set of J length-N 
ode sequen
es f


j

[n℄g

J

j=1

, as explained in se
tion 4.4, and

use this set of 
ode sequen
es for the DMT-CDMA-BS system as well as for

the DMT-CDMA system. We start from (see se
tion 4.4 for details)

C

4

=

2

6

6

6

4

+1 �1

+1 +1

�1 +1

+1 +1

3

7

7

7

5

;

resulting into a set of BPSK 
ode sequen
es. For every user j, we generate a

random 
hannel g

j

[n℄ of order L

j

= 3 with delay index Æ

j

= 0. We assume

L = 4 (note that (2.10) is then satis�ed). The resulting set of normalized
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hannels is listed in table 5.1. We assume that the additive noise e[n℄ is zero-

mean white Gaussian with varian
e �

2

e

. Introdu
ing the P �P diagonal matrix

P

j

= diagfF

P

g

dmt

j

g

H

diagfF

P

g

dmt

j

g;

we de�ne the re
eived energy per DMT symbol period (PT ) for the jth user

as

E

dmt

j

= Ef
~
r

dmtH

j

[�℄P

j

~
r

dmt

j

[�℄g

and we assume that all users interfering with this jth user have the same

re
eived energy per DMT symbol period:

E

dmt

j

0

= E

dmt

; for j

0

= 1; : : : ; j � 1; j + 1; : : : ; J:

We then de�ne the signal-to-noise ratio (SNR) and the near-far ratio (NFR)

for the jth user at the input of the re
eiver as

SNR

j

=

E

dmt

j

P�

2

e

and NFR

j

=

E

dmt

E

dmt

j

:

We 
onsider two s
enarios:

1. Every DMT subsymbol sequen
e ~r

j;p

[�℄ is QPSK-modulated with vari-

an
e 1. Note that E

dmt

j

then be
omes

E

dmt

j

= Pkg

dmt

j

k

2

:

2. Every DMT subsymbol sequen
e ~r

j;p

[�℄ is QPSK-modulated with vari-

an
e kg

dmt

j

k

2

P

�1

j

(p; p). Note that E

dmt

j

then again be
omes

E

dmt

j

= Pkg

dmt

j

k

2

:

Note that the se
ond s
enario does not require a feedba
k path from the re
eiver

to the transmitter, if we 
onsider a time division duplexing (TDD) approa
h

(uplink and downlink 
hannels are the same), while it does require a feedba
k

path from the re
eiver to the transmitter, if we 
onsider a frequen
y division

duplexing (FDD) approa
h (uplink and downlink 
hannels are di�erent). Ob-

viously, the �rst s
enario does not require a feedba
k path, irrespe
tive of the

type of duplexing. For all simulations we will 
ondu
t 5000 trials using bursts

of K = 200 data symbols.

Simulation 1: First, we 
ompare the performan
e of the MUI-free re
eiver with

ZF linear blo
k 
ombining with the performan
e of the ZF linear multi-user

equalizer, under the assumption that all the 
hannels fg

j

[n℄g

J

j=1

are known.

Figure 6.4 shows the average BER per user as a fun
tion of the SNR for
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Figure 6.4: Average BER per user as a fun
tion of the SNR for an NFR of

0 dB (known 
hannels).

an NFR of 0 dB. For s
enario 1, the MUI-free re
eiver with ZF linear blo
k


ombining performs somewhat worse than the ZF linear multi-user equalizer.

However, if we swit
h from s
enario 1 to s
enario 2, the performan
e of the

MUI-free re
eiver with ZF linear blo
k 
ombining improves, while the per-

forman
e of the ZF linear multi-user equalizer deteriorates. The �rst 
an be

explained by the fa
t that the MUI-free re
eiver removes the MUI, keeping the

noise white, and then removes the ISI, 
oloring the noise in a way that only

depends on the desired user's 
hannel, while the latter 
an be explained by the

fa
t that the ZF linear multi-user equalizer removes the MUI (ISI is removed

by 
onstru
tion), 
oloring the noise in a way that depends on all 
hannels. As a

result, the performan
e of the MUI-free re
eiver with ZF linear blo
k 
ombining

for s
enario 2 (best s
enario for this re
eiver) is better than the performan
e of

the ZF linear multi-user equalizer for s
enario 1 (best s
enario for this re
eiver).

Simulation 2: Next, we 
ompare the performan
e of the MUI/ITI-free re
eiver

with the performan
e of the ZF linear multi-user equalizer, again under the

assumption that all the 
hannels fg

j

[n℄g

J

j=1

are known. Note that for the

MUI/ITI-free re
eiver we take linear 1-tap FEQ's as in (6.5). Figure 6.5

shows the average BER per user as a fun
tion of the SNR for an NFR of 0 dB.

For s
enario 1, the MUI/ITI-free re
eiver performs worse than the ZF linear

multi-user equalizer. However, if we swit
h from s
enario 1 to s
enario 2, the

performan
e of the MUI/ITI-free re
eiver improves, while the performan
e of

the ZF linear multi-user equalizer deteriorates (as already mentioned). The

�rst 
an be explained by the fa
t that the MUI/ITI-free re
eiver removes the
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Figure 6.5: Average BER per user as a fun
tion of the SNR for an NFR of

0 dB (known 
hannels).

MUI and ITI, keeping the noise white, and then rotates and s
ales every tone

in the appropriate way, 
oloring the noise in a way that only depends on the

desired user's 
hannel, while the latter 
an be explained by the fa
t that the ZF

linear multi-user equalizer removes the MUI (ISI is removed by 
onstru
tion),


oloring the noise in a way that depends on all 
hannels (as already mentioned).

As a result, the performan
e of the MUI/ITI-free re
eiver for s
enario 2 (best

s
enario for this re
eiver) is 
omparable with the performan
e of the ZF linear

multi-user equalizer for s
enario 1 (best s
enario for this re
eiver).

6.4 Con
lusions

In this 
hapter, we have presented di�erent re
eivers for a DMT-CDMA and

DMT-CDMA-BS system. For the DMT-CDMA system, we have reviewed some

existing re
eivers. First, the RAKE re
eiver has been dis
ussed. Then, we have

dis
ussed the linear multi-user equalizer. For the DMT-CDMA-BS system,

we have developed new re
eivers. First, the blo
k RAKE re
eiver has been

introdu
ed. Then, we have introdu
ed the MUI-free re
eiver, whi
h 
ompletely

removes the MUI, without using any 
hannel information. Finally, we have

developed the MUI/ITI-free re
eiver, whi
h 
ompletely removes the MUI and

ITI, without using any 
hannel information. The des
ription of the MUI/ITI-

free re
eiver 
an be 
onsidered as the main 
ontribution of this 
hapter.

The 
omplexity of the MUI-free re
eiver is mu
h smaller than the 
omplexity of
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the linear multi-user equalizer, if the re
eiver design is based on the appropriate

subspa
e deterministi
 blind 
hannel estimation algorithm. Further, note that

the MUI/ITI-free re
eiver is 
heaper than the MUI-free re
eiver, be
ause the

use of the linear blo
k 
ombiner is avoided.

Interesting 
on
lusions from the simulation results are the following:

� Swit
hing from a s
enario where the power of every DMT subsymbol se-

quen
e is the same, to a s
enario where the power of every DMT subsym-

bol sequen
e is adjusted to the power of the 
hannel at the 
orresponding

frequen
y, the performan
e of the MUI-free re
eiver and the MUI/ITI-

free re
eiver improves, while the performan
e of the linear multi-user

equalizer deteriorates.

� The performan
e of the MUI-free re
eiver and the MUI/ITI-free re
eiver,


onsidering a s
enario where the power of every DMT subsymbol sequen
e

is adjusted to the power of the 
hannel at the 
orresponding frequen
y

(best s
enario for these re
eivers), is respe
tively better than and 
ompa-

rable to the performan
e of the linear multi-user equalizer, 
onsidering a

s
enario where the power of every DMT subsymbol sequen
e is the same

(best s
enario for this re
eiver).
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In this part of the thesis, deterministi
 blind spa
e-time RAKE (ST-RAKE) re-


eivers for a DS-CDMA system with multiple re
eive antennas are developed.

In a blo
k pro
essing 
ontext, these require mu
h smaller blo
ks of re
eived

samples than sto
hasti
 blind ST-RAKE re
eivers. As a result, adaptive im-

plementations 
an be used in a highly time-varying environment.

In 
hapter 7, we dis
uss deterministi
 blind ST-RAKE re
eivers based on blo
k

pro
essing. Dire
t blind symbol estimation as well as dire
t blind equalizer es-

timation will be fo
used on. In 
hapter 8, we then present some deterministi


blind ST-RAKE re
eivers based on adaptive pro
essing. We make a distin
tion

between windowed and exponentially-weighted adaptive pro
essing. Fo
us here

will only be on dire
t blind symbol estimation. In both 
hapters, we present

subspa
e methods as well as non-subspa
e methods. Interesting 
omplexity and

performan
e 
omparisons of the proposed methods are given.

In 
hapter 9, we �nally show how the deterministi
 blind ST-RAKE re
eivers

based on blo
k pro
essing, presented in 
hapter 7, 
an also be applied on a

DMT-DS-CDMA system (similar reasonings are possible for the deterministi


blind ST-RAKE re
eivers based on adaptive pro
essing, presented in 
hap-

ter 8). We show that the use of a 
y
li
 pre�x redu
es the ICI in a DMT-DS-

CDMA system and that, as a result of this redu
tion of ICI, the 
omputational


omplexity of the blo
k pro
essing methods, presented in 
hapter 7, 
an be re-

du
ed when they are 
arried out for a tone of a DMT-DS-CDMA system w.r.t.

the 
ase they are 
arried out for the related DS-CDMA system. Moreover,

simulation results show that this redu
tion in 
omputational 
omplexity even


omes with a performan
e improvement.
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Chapter 7

Deterministi
 Blind Blo
k

Pro
essing

In this 
hapter, we develop deterministi
 blind ST-RAKE re
eivers based on

blo
k pro
essing. The data model is introdu
ed in se
tion 7.1. In se
tion 7.2,

the basi
 idea behind blo
k pro
essing is explained. We 
onsider a subspa
e

framework as well as a non-subspa
e framework. The di�eren
e between these

two frameworks is that the subspa
e framework is based on the use of a sub-

spa
e de
omposition, while the non-subspa
e framework is not. In se
tions 7.3

and 7.4, we then dis
uss di�erent blo
k pro
essing methods for dire
t blind sym-

bol estimation and dire
t blind equalizer estimation, respe
tively. Se
tion 7.5

further dis
usses the proposed methods. The proposed blo
k pro
essing meth-

ods based on dire
t blind symbol estimation have to the best of our knowledge

not yet been studied in the literature. Some of the proposed blo
k pro
essing

methods based on dire
t blind equalizer estimation, on the other hand, have

already been studied in the literature, but only in their most simplest form.

There also exist some interesting relations between the proposed methods, on

one side, and the subspa
e interse
tion (SSI) methods of [LX97, vdVTP97℄ and

the mutually referen
ed equalizer (MRE) method of [GDM97℄, whi
h are all

developed for a TDMA system (no 
oding), on the other side. A 
omputational


omplexity analysis is given in se
tion 7.6.

The methods presented in se
tions 7.3 and 7.4 are appli
able for any modulation

format. However, when the data symbols belong to a real 
onstellation, we 
an

adapt these methods to exploit the real 
hara
ter of the data symbols, whi
h

is dis
ussed in se
tion 7.7.

In se
tion 7.8, we also des
ribe how the methods presented in se
tions 7.3

and 7.4 
an be adapted when transmit diversity is used (multiple transmit

109
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antennas per user). We then spread the same data symbol sequen
e with

di�erent 
ode sequen
es and transmit the resulting 
hip sequen
es through

di�erent antennas.

The smaller the spreading fa
tor N , the larger the data symbol rate for a �xed

bandwidth or the smaller the bandwidth for a �xed data symbol rate. Hen
e,

it is worthwhile to investigate the 
ase N = 1, whi
h is done in se
tion 7.9.

This 
ase is referred to as 
ode modulation, sin
e a data symbol sequen
e is

then modulated (and not spread) with a 
ode sequen
e.

In se
tion 7.10 we show some simulation results. Con
lusions are drawn in

se
tion 7.11.

7.1 Data Model

We 
onsider a DS-CDMA system with M re
eive antennas. The data model

that will be used is given by (2.17), whi
h is repeated here for 
onvenien
e:

y

st

[n℄ =

J

X

j=1

+1

X

n

0

=�1

g

st

j

[n

0

℄x

j

[n� n

0

℄ + e

st

[n℄: (7.1)

Remark 7.1.1 Note that the results obtained here 
an easily be generalized

for the 
ase the spatial oversampling is repla
ed by or 
ombined with temporal

oversampling (see se
tion 2.2.3). 2

Let us then introdu
e the following (Q+1)M��N output matrix (with Hankel

stru
ture):

Y

n

=

2

6

6

4

y

st

[n℄ y

st

[n+ 1℄ � � � y

st

[n+ �N � 1℄

.

.

.

.

.

.

.

.

.

y

st

[n+Q℄ y

st

[n+Q+ 1℄ � � � y

st

[n+Q+ �N � 1℄

3

7

7

5

;

where � > 0 is the amount of data symbols `under 
onsideration' (this will be

spe
i�ed later) and Q � 0 determines the amount of temporal smoothing. This

output matrix 
an be written as

Y

n

=

J

X

j=1

G

j

X

j;n

+E

n

; (7.2)
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where E

n

is similarly de�ned as Y

n

, G

j

is the (Q+1)M � r

j

(r

j

= Q+1+L

j

)


hannel matrix (with Toeplitz stru
ture) for the jth user, given by

G

j

=

2

6

6

6

6

4

g

st

j

[Æ

j

+ L

j

℄ � � � g

st

j

[Æ

j

℄ 0 � � � 0

0 g

st

j

[Æ

j

+ L

j

℄ � � � g

st

j

[Æ

j

℄ � � � 0

.

.

.

.

.

.

0 � � � 0 g

st

j

[Æ

j

+ L

j

℄ � � � g

st

j

[Æ

j

℄

3

7

7

7

7

5

;

(7.3)

and X

j;n

is the following r

j

��N input matrix (with Hankel stru
ture) for the

jth user:

X

j;n

=

h

x

T

j;n�Æ

j

�L

j

� � � x

T

j;n�Æ

j

+Q

i

T

;

with

x

j;n

=

h

x

j

[n℄ x

j

[n+ 1℄ � � � x

j

[n+ �N � 1℄

i

: (7.4)

Note that (7.2) 
an also be written as

Y

n

= GX

n

+E

n

; (7.5)

where G is the (Q+ 1)M � r (r =

P

J

j=1

r

j

) 
hannel matrix, given by

G =

h

G

1

� � � G

J

i

; (7.6)

and X

n

is the following r � �N input matrix:

X

n

=

h

X

T

1;n

� � � X

T

J;n

i

T

:

We 
onsider a burst length ofK data symbols (s

j

[k℄ 6= 0, for k = 0; 1; : : : ;K�1,

and s

j

[k℄ = 0, for k < 0 and k � K) and 
onstant modulus 
ode symbols:

j


j

[n℄j =

1

p

N

; for n = 0; 1; : : : ; �N � 1: (7.7)

Note that we do not restri
t ourselves to the use of short 
ode sequen
es. We

assume that the �rst user (j = 1) is desired and that Æ

1

is known at the re
eiver.

We further assume w.l.o.g. that Æ

1

= 0.

7.2 Preliminaries

For the blo
k pro
essing approa
h, we 
onsider the data model presented in

the previous se
tion, with n = a, where a represents the pro
essing delay, and
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� = K, where K is the burst length. Let us then de�ne

s

1

=

h

s

1

[0℄ s

1

[1℄ � � � s

1

[K � 1℄

i

: (7.8)

Using (2.1) and (7.4), it is 
lear that this ve
tor is `
ontained' in x

1;0

:

x

1;0

=

h

s

1

[0℄


1

[0℄ � � � s

1

[K � 1℄


1

[K � 1℄

i

= s

1

C

1

; (7.9)

where 


1

[k℄ is the 
ode ve
tor used to spread the data symbol s

1

[k℄ (spreading

fa
tor N):




1

[k℄ = (7.10)

h




1

[(k mod �)N ℄ 


1

[(k mod �)N + 1℄ � � � 


1

[(k mod �)N +N � 1℄

i

;

and C

1

is the K �KN 
ode matrix, de�ned as

C

1

=

2

6

6

4




1

[0℄

.

.

.




1

[K � 1℄

3

7

7

5

: (7.11)

The ve
tor x

1;0

is a row of every input matrix from the set fX

a

g

L

1

a=�Q

and

is therefore `
ontained' in every output matrix from the set fY

a

g

L

1

a=�Q

. The

blo
k pro
essing problem addressed here is to 
ompute s

1

from fY

a

g

A

2

a=A

1

, with

�Q � A

1

� A

2

� L

1

(A = A

2

� A

1

+ 1), based only on the knowledge of the


ode sequen
e 


1

[n℄. The solutions we will des
ribe for this problem are based

on the following assumptions:

Assumption 7.2.1 The 
hannel matrix G has full 
olumn rank r (r is then


alled the system order). 2

Assumption 7.2.2 The input matrix X

a

has full row rank r, for a = A

1

; A

1

+

1; : : : ; A

2

. 2

The �rst assumption requires that

(Q+ 1)M � r:

Sin
e r =

P

J

j=1

r

j

= (Q+ 1)J +

P

J

j=1

L

j

, this is equivalent with

(Q+ 1)(M � J) �

J

X

j=1

L

j

: (7.12)
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The se
ond assumption, on the other hand, requires that

KN � r:

To solve the above blo
k pro
essing problem, we 
onsider a subspa
e framework

as well as a non-subspa
e framework. The subspa
e framework is based on the

use of a subspa
e de
omposition, while the non-subspa
e framework is not.

7.2.1 Subspa
e Framework

Let us �rst, for the sake of 
larity, assume that there is no additive noise present

in Y

a

(a = A

1

; A

1

+ 1; : : : ; A

2

). Cal
ulating the SVD of Y

a

then leads to:

Y

a

= U

a

�

a

V

H

a

;

where �

a

is a diagonal matrix (diagonal elements in des
ending order) of the

same size as Y

a

and U

a

and V

a

are square unitary matri
es. Be
ause of

assumptions 7.2.1 and 7.2.2, the (Q+ 1)M �KN matrix Y

a

has rank r and,

de�ning the KN � r matrix V

s

a

as the 
olle
tion of the �rst r 
olumns of V

a

(we de�ne the 
olle
tion of the last KN � r 
olumns of V

a

as V

n

a

), the rows of

V

sH

a

form an orthonormal basis for the row spa
e of X

a

. Hen
e, there exists a

1� r linear 
hip equalizer f

s

1;a

, for whi
h

f

s

1;a

V

sH

a

� x

1;0

= 0; (7.13)

and this linear 
hip equalizer f

s

1;a

is unique. The known 
ode information that

is in x

1;0

(see (7.9)) then allows us to write (7.13) as

f

s

1;a

V

sH

a

� s

1

C

1

= 0:

This 
an be derived for the pro
essing delays a = A

1

; A

1

+1; : : : ; A

2

. All these

results 
an then be 
ombined, leading to

f

s

1

V

sH

� s

1

C

1

= 0; (7.14)

where f

s

1

is the 1�Ar linear super 
hip equalizer, de�ned as

f

s

1

=

h

f

s

1;A

1

� � � f

s

1;A

2

i

;

V

s

is the AKN �Ar matrix, given by

V

s

=

2

6

6

4

V

s

A

1

.

.

.

V

s

A

2

3

7

7

5

;
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and C

1

is the K �AKN matrix, given by

C

1

=

h

C

1

� � � C

1

i

: (7.15)

For a spa
e � that 
ontains the ve
tor s

1

(e.g., 


1�K

, C

1�K

or IR

1�K

), we

then introdu
e the following 
ondition:

Condition 7.2.3 For any ve
tor s

0

1

in �, linearly independent of s

1

, there

exists an input matrix X

a

, with A

1

� a � A

2

, su
h that x

0

1;0

= s

0

1

C

1

does not

lie in the row spa
e of X

a

. 2

Using this 
ondition, we have the following identi�ability result:

Theorem 7.2.4 Under assumptions 7.2.1 and 7.2.2, (7.14) has a unique (up

to a s
aling fa
tor admitted by �) solution s

1

in � for the data symbols, if and

only if 
ondition 7.2.3 is satis�ed.

Proof : Under assumptions 7.2.1 and 7.2.2, we know that s

1

is a solution

of (7.14) in � for the data symbols. We now prove that 
ondition 7.2.3 is a

ne
essary and suÆ
ient 
ondition for s

1

to be a unique (up to a s
aling fa
tor

admitted by �) solution in � for the data symbols.

We �rst prove that 
ondition 7.2.3 is a ne
essary 
ondition. Suppose that there

exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h that x

0

1;0

= s

0

1

C

1

lies

in the row spa
e of X

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

. Be
ause the rows of V

sH

a

form an orthonormal basis for the row spa
e of X

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

(this is due to assumptions 7.2.1 and 7.2.2), it is then 
lear that there exists a

set of linear 
hip equalizers ff

0

s

1;a

g

A

2

a=A

1

, su
h that

f

0

s

1;a

V

sH

a

� x

0

1;0

= f

0

s

1;a

V

sH

a

� s

0

1

C

1

= 0;

for a = A

1

; A

1

+ 1; : : : ; A

2

.

This means that s

0

1

is also a solution of (7.14) in � for the data symbols.

We then prove that 
ondition 7.2.3 is a suÆ
ient 
ondition. Suppose that there

exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h that s

0

1

is also a solution

of (7.14) in � for the data symbols. This means that there exists a set of linear


hip equalizers ff

0

s

1;a

g

A

2

a=A

1

, su
h that

f

0

s

1;a

V

sH

a

� s

0

1

C

1

= f

0

s

1;a

V

sH

a

� x

0

1;0

= 0;

for a = A

1

; A

1

+ 1; : : : ; A

2

.

Be
ause the rows of V

sH

a

form an orthonormal basis for the row spa
e of X

a

,

for a = A

1

; A

1

+1; : : : ; A

2

(this is due to assumptions 7.2.1 and 7.2.2), it is then
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lear that x

0

1;0

= s

0

1

C

1

lies in the row spa
e of X

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

.

This 
on
ludes the proof. 2

Under assumption 7.2.2, it is easy to show that 
ondition 7.2.3 is equivalent

with

"

X

C

1

#

having a one-dimensional left null spa
e or equivalently having rank Ar+K�1,

where

X =

2

6

6

4

X

A

1

.

.

.

X

A

2

3

7

7

5

:

It is 
lear that this 
an only be satis�ed if

A(KN � r) � K � 1: (7.16)

Remark 7.2.5 Assume that L

1

� L

j

, for j = 2; 3; : : : ; J . Further, assume

that there exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h that x

0

1;0

=

s

0

1

C

1

is linearly dependent of fx

j;Æ

j

g

J

j=1

. Then, it is 
lear that, be
ause the

ve
tors fx

j;Æ

j

g

J

j=1

are all rows of every input matrix from the set fX

a

g

L

1

a=�Q

,


ondition 7.2.3 will never be satis�ed, irrespe
tive of A

1

and A

2

, with �Q �

A

1

� A

2

� L

1

. This means that if 
ondition 7.2.3 is not satis�ed for A = 1, it


ould very well not be satis�ed for A > 1. That is why the design of K and N

should better not be related to A. Instead of (7.16), we therefore take

K(N � 1) � r � 1 (7.17)

as a design 
riterion for K and N . 2

Let us now assume that additive noise is present inY

a

(a = A

1

; A

1

+1; : : : ; A

2

).

Cal
ulating the SVD of Y

a

then leads to

Y

a

=

^

U

a

^

�

a

^

V

H

a

;

where

^

�

a

is a diagonal matrix (diagonal elements in des
ending order) of the

same size as Y

a

and

^

U

a

and

^

V

a

are square unitary matri
es. For an estimate r̂

of the system order r, let us then de�ne the KN� r̂ matrix

^

V

s

a

as the 
olle
tion

of the �rst r̂ 
olumns of

^

V

a

(we de�ne the 
olle
tion of the lastKN� r̂ 
olumns

of

^

V

a

as

^

V

n

a

). We then solve the following minimization problem:

min

s

1

;

^

f

s

1

fk

^

f

s

1

^

V

sH

� s

1

C

1

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

1

and/or

^

f

s

1

,

(7.18)
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where

^

f

s

1

represents a 1�Ar̂ linear super 
hip equalizer and

^

V

s

is the AKN�Ar̂

matrix, given by

^

V

s

=

2

6

6

4

^

V

s

A

1

.

.

.

^

V

s

A

2

3

7

7

5

:

7.2.2 Non-Subspa
e Framework

Let us �rst, for the sake of 
larity, assume that there is no additive noise present

in Y

a

(a = A

1

; A

1

+ 1; : : : ; A

2

). Be
ause of assumptions 7.2.1 and 7.2.2, the

rows of Y

a

span the row spa
e of X

a

. Hen
e, there exists a 1� (Q+1)M linear


hip equalizer f

1;a

, for whi
h

f

1;a

Y

a

� x

1;0

= 0; (7.19)

and this linear 
hip equalizer f

1;a

is a ZF linear 
hip equalizer with (Q+1)M�r

degrees of freedom (hen
e, this linear 
hip equalizer f

1;a

is only unique when

(Q + 1)M = r). The known 
ode information that is in x

1;0

(see (7.9)) then

allows us to write (7.19) as

f

1;a

Y

a

� s

1

C

1

= 0:

This 
an be derived for the pro
essing delays a = A

1

; A

1

+1; : : : ; A

2

. All these

results 
an then be 
ombined, leading to

f

1

Y � s

1

C

1

= 0; (7.20)

where f

1

is the 1�A(Q+ 1)M linear super 
hip equalizer, de�ned as

f

1

=

h

f

1;A

1

� � � f

1;A

2

i

;

and Y is the A(Q+ 1)M �AKN matrix, given by

Y =

2

6

6

4

Y

A

1

.

.

.

Y

A

2

3

7

7

5

:

It is easy to show that the identi�ability result presented in theorem 7.2.4 also

holds for (7.20).

Let us now assume that additive noise is present inY

a

(a = A

1

; A

1

+1; : : : ; A

2

).

We then solve the following minimization problem:

min

s

1

;f

1

fkf

1

Y � s

1

C

1

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

1

and/or f

1

.

(7.21)
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Remark 7.2.6 Like in (7.18), if we do not impose a non-triviality 
onstraint on

s

1

, we have to impose a non-triviality 
onstraint on f

1

. However, in 
ontrast

with (7.18), where a non-triviality 
onstraint for

^

f

s

1

should be a 
onstraint

that prevents

^

f

s

1

from being 0, a non-triviality 
onstraint for f

1

should be a


onstraint that prevents f

H

1

from lying in the left null spa
e of G. 2

7.2.3 Constraints

In the following two se
tions, we dis
uss di�erent blo
k pro
essing methods

based on (7.18) and (7.21). We fo
us on dire
t blind symbol estimation as well

as dire
t blind equalizer estimation and make use of the following 
onstraints:

C1 Moni
 
onstraint on the data symbols:

s

1

[0℄ = 1:

C2 Unit norm 
onstraint on the data symbols:

ks

1

k

2

= 1:

C3 Unit norm 
onstraint on the linear super 
hip equalizer:

k

^

f

s

1

k

2

= 1 or kf

1

k

2

= 1:

Note that in the non-subspa
e framework 
onstraint C3 does not prevent f

H

1

from lying in the left null spa
e of G as we dis
ussed in remark 7.2.6. However,

it makes the minimization problem easier to solve. We 
ome ba
k to this in

remark 7.4.4.

Applying 
onstraint C1 will result in a least squares (LS) algorithm. Applying


onstraint C2 or C3 will result in a total least squares (TLS) algorithm (or

mixed LS/TLS algorithm).

7.3 Dire
t Blind Symbol Estimation

In this se
tion, we dis
uss two blo
k pro
essing methods for dire
t blind symbol

estimation.

7.3.1 Blo
k Method BM1

This method is based on the elimination of

^

f

s

1

from (7.18). Hen
e, we do not

impose a non-triviality 
onstraint on

^

f

s

1

. Solving (7.18) for

^

f

s

1

leads to the
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following relation:

^

f

s

1

= s

1

C

1

^

V

s

:

Substituting the above result in (7.18), we obtain the following minimization

problem:

min

s

1

fks

1

C

1

(I�

^

V

s

^

V

sH

)k

2

g;

s.t. a non-triviality 
onstraint imposed on s

1

,

(7.22)

whi
h is equivalent to

min

s

1

fks

1

C

1

^

V

n

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

1

,

(7.23)

where

^

V

n

is the AKN �A(KN � r̂) matrix, given by

^

V

n

=

2

6

6

4

^

V

n

A

1

.

.

.

^

V

n

A

2

3

7

7

5

:

Let us, for instan
e, fo
us on 
onstraints C1 and C2.

Example 7.3.1 (
onstraint C1) If we use 
onstraint C1 as a non-triviality


onstraint, (7.23) be
omes the following minimization problem:

min

_
s

1

fk
_
s

1

C

1

(2 : K; :)

^

V

n

� C

1

(1; :)

^

V

n

k

2

g; (7.24)

where
_
s

1

is de�ned as

_
s

1

=

h

s

1

[1℄ s

1

[2℄ � � � s

1

[K � 1℄

i

:

This LS problem 
an be solved by an LS algorithm. Applying the Householder

QRD [GVL89℄, the 
omputational 
omplexity is

8(K � 1)

2

(A(KN � r̂)� (K � 1)=3) 
ops: (7.25)

2

Example 7.3.2 (
onstraint C2) If we use 
onstraint C2 as a non-triviality


onstraint, (7.23) be
omes the following minimization problem:

min

s

1

fks

1

C

1

^

V

n

k

2

g; s.t. ks

1

k

2

= 1. (7.26)
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A solution for s

1

of this problem is given by the Hermitian transpose of the left

singular ve
tor of C

1

^

V

n


orresponding to the smallest singular value. This prob-

lem resembles a TLS problem and 
an be solved by a TLS algorithm [VHV91℄.

Applying the SVD approa
h presented in [Cha82℄, the 
omputational 
omplex-

ity is

8A(KN � r̂)K

2

+ 25K

3


ops: (7.27)

Be
ause C

1

C

H

1

= AI (see (7.7)), the norm in (7.22) 
an also be written as

ks

1

C

1

(I�

^

V

s

^

V

sH

)k

2

= Aks

1

k

2

� ks

1

C

1

^

V

s

k

2

:

Therefore, if we use 
onstraint C2 as a non-triviality 
onstraint, (7.22) 
an be

written as

max

s

1

fks

1

C

1

^

V

s

k

2

g; s.t. ks

1

k

2

= 1. (7.28)

A solution for s

1

of this problem is given by the Hermitian transpose of the left

singular ve
tor of C

1

^

V

s


orresponding to the largest singular value. Sin
e (7.28)

is equivalent to (7.26), the left singular ve
tor of C

1

^

V

n


orresponding to the

smallest singular value is equal to the left singular ve
tor of C

1

^

V

s


orresponding

to the largest singular value (see also Appendix A of [vdVTP97℄). We refer

to (7.28) as the indire
t version of method BM1 with 
onstraint C2 (as opposed

to the dire
t version of (7.26)). Using the SVD approa
h presented in [Cha82℄,

the 
omputational 
omplexity asso
iated with this indire
t version is

(

8Ar̂K

2

+ 25K

3


ops; if K � Ar̂

8KA

2

r̂

2

+ 25A

3

r̂

3


ops; if K > Ar̂

: (7.29)

Note that this indire
t version 
an lead to a redu
tion in 
omputational 
om-

plexity 
ompared to the dire
t version. 2

7.3.2 Blo
k Method BM2

We 
onsider (7.21) as a minimization problem in s

1

. Let us, for instan
e, fo
us

on 
onstraint C1.

Example 7.3.3 (
onstraint C1) If we use 
onstraint C1 as a non-triviality


onstraint, (7.21) be
omes the following minimization problem:

min

_
s

1

;f

1

fk

h

f

1

_
s

1

i

"

Y

�C

1

(2 : K; :)

#

� C

1

(1; :)k

2

g: (7.30)



120 Chapter 7. Deterministi
 Blind Blo
k Pro
essing

This LS problem 
an be solved by an LS algorithm (only the last K � 1 
om-

ponents of the solution of (7.30) are of interest). Applying the Householder

QRD [GVL89℄, the 
omputational 
omplexity is

8(A(Q+ 1)M +K � 1)

2

(AKN � (A(Q+ 1)M +K � 1)=3) 
ops: (7.31)

2

7.4 Dire
t Blind Equalizer Estimation

In this se
tion, we dis
uss three blo
k pro
essing methods for dire
t blind

equalizer estimation.

7.4.1 Blo
k Method BM3

This method is based on the elimination of s

1

from (7.18). Hen
e, we do not

impose a non-triviality 
onstraint on s

1

. Solving (7.18) for s

1

leads to the

following relation:

s

1

=

^

f

s

1

^

V

sH

C

y

1

:

Sin
e C

y

1

= A

�1

C

H

1

(see (7.7)), this 
an also be written as

s

1

= A

�1

^

f

s

1

^

V

sH

C

H

1

: (7.32)

Substituting the above result in (7.18), we obtain

min

^

f

s

1

fk

^

f

s

1

^

V

sH

(I�A

�1

C

H

1

C

1

)k

2

g;

s.t. a non-triviality 
onstraint imposed on

^

f

s

1

.

(7.33)

Let us, for instan
e, fo
us on 
onstraint C3.

Example 7.4.1 (
onstraint C3) If we use 
onstraint C3 as a non-triviality


onstraint, (7.33) be
omes the following minimization problem:

min

^

f

s

1

fk

^

f

s

1

^

V

sH

(I�A

�1

C

H

1

C

1

)k

2

g; s.t. k

^

f

s

1

k

2

= 1. (7.34)

A solution for

^

f

s

1

of this problem is given by the Hermitian transpose of the

left singular ve
tor of

^

V

sH

(I�A

�1

C

H

1

C

1

) 
orresponding to the smallest singular

value. This problem again resembles a TLS problem and 
an be solved by a
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TLS algorithm [VHV91℄. Applying the SVD approa
h presented in [Cha82℄,

the 
omputational 
omplexity is

8AKNA

2

r̂

2

+ 25A

3

r̂

3


ops: (7.35)

Like in example 7.3.2, be
ause C

1

C

H

1

= AI (see (7.7)), the norm in (7.33) 
an

also be written as

k

^

f

s

1

^

V

sH

(I�A

�1

C

H

1

C

1

)k

2

= k

^

f

s

1

k

2

�A

�1

k

^

f

s

1

^

V

sH

C

H

1

k

2

:

Therefore, if we use 
onstraint C3 as a non-triviality 
onstraint, (7.33) 
an be

written as

max

^

f

s

1

fk

^

f

s

1

^

V

sH

C

H

1

k

2

g; s.t. k

^

f

s

1

k

2

= 1. (7.36)

A solution for

^

f

s

1

of this problem is given by the Hermitian transpose of

the left singular ve
tor of

^

V

sH

C

H

1


orresponding to the largest singular value.

Sin
e (7.36) is equivalent to (7.34), the left singular ve
tor of

^

V

sH

(I�A

�1

C

H

1

C

1

)


orresponding to the smallest singular value is equal to the left singular ve
-

tor of

^

V

sH

C

H

1


orresponding to the largest singular value (see also Appendix

A of [vdVTP97℄). We refer to (7.36) as the indire
t version of method BM3

with 
onstraint C3 (as opposed to the dire
t version of (7.34)). Using the

SVD approa
h presented in [Cha82℄, the 
omputational 
omplexity asso
iated

with this indire
t version is the same as (7.29). Note that this indire
t version


an lead to a redu
tion in 
omputational 
omplexity 
ompared to the dire
t

version. 2

A solution for s

1


an then be found by despreading the output of the linear

super 
hip equalizer

^

f

s

1

, whi
h does not in
rease the 
omplexity very mu
h.

This despreading operation 
an be des
ribed as

s

1

= A

�1

^

f

s

1

^

V

sH

C

H

1

: (7.37)

where the fa
tor A

�1

is due to (7.7). Note that this operation 
orresponds

to (7.32).

Remark 7.4.2 From example 7.4.1, we know that the Hermitian transpose of

the left singular ve
tor of

^

V

sH

C

H

1


orresponding to the largest singular value

represents a solution for

^

f

s

1

of (7.36). It is then 
lear that the 
orresponding

solution for s

1

, 
al
ulated using (7.37), is up to a real s
aling fa
tor equal to

the Hermitian transpose of the left singular ve
tor of C

1

^

V

s


orresponding to the

largest singular value. From example 7.3.2, we then know that this solution for

s

1

(when normalized) also represents a solution of (7.28). As a result, method

BM3 with 
onstraint C3 has exa
tly the same performan
e as method BM1 with


onstraint C2. 2
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7.4.2 Blo
k Method BM4

This method is based on the elimination of s

1

from (7.21). Hen
e, we do not

impose a non-triviality 
onstraint on s

1

. Solving (7.21) for s

1

leads to the

following relation:

s

1

= f

1

YC

y

1

:

Sin
e C

y

1

= A

�1

C

H

1

(this is due to (7.7)), this 
an also be written as

s

1

= A

�1

f

1

YC

H

1

: (7.38)

Substituting the above result in (7.21), we obtain

min

f

1

fkf

1

Y(I�A

�1

C

H

1

C

1

)k

2

g;

s.t. a non-triviality 
onstraint imposed on f

1

.

(7.39)

Let us, for instan
e, fo
us on 
onstraint C3.

Example 7.4.3 (
onstraint C3) If we use 
onstraint C3 as a non-triviality


onstraint, (7.39) be
omes the following minimization problem:

min

f

1

fkf

1

Y(I �A

�1

C

H

1

C

1

)k

2

g; s.t. kf

1

k

2

= 1. (7.40)

A solution for f

1

is then given by the Hermitian transpose of the left singular

ve
tor of Y(I � A

�1

C

H

1

C

1

) 
orresponding to the smallest singular value. This

problem on
e more resembles a TLS problem and 
an be solved by a TLS

algorithm [VHV91℄. Applying the SVD approa
h presented in [Cha82℄, the


omputational 
omplexity is given by

8AKNA

2

(Q+ 1)

2

M

2

+ 25A

3

(Q+ 1)

3

M

3


ops: (7.41)

2

A solution for s

1


an then be found by despreading the output of the linear

super 
hip equalizer f

1

, whi
h does not in
rease the 
omplexity very mu
h.

This despreading operation 
an be des
ribed as

s

1

= A

�1

f

1

YC

H

1

; (7.42)

where the fa
torA

�1

is again due to (7.7). Note that this operation 
orresponds

to (7.38).
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Remark 7.4.4 It is 
lear that method BM4 is strongly related to method

BM3. However, in 
ontrast with method BM3, method BM4 has to deal with

the problem dis
ussed in remark 7.2.6. Sin
e method BM4 solves (7.21) without

imposing a non-triviality 
onstraint on s

1

, we have to impose a 
onstraint on

f

1

that prevents f

H

1

from lying in the left null spa
e of G. Constraint C3 does

not prevent this and as a result method BM4 with 
onstraint C3 does not have

su
h a good performan
e (see the simulation results presented in se
tion 7.10).

Imposing the 
onstraint kf

1

Yk

2

= 1 shows robustness against this problem (in

the noiseless 
ase, f

H

1


an then not lie in the left null spa
e of G). However,

method BM4 with 
onstraint kf

1

Yk

2

= 1 has a
tually already been dis
ussed,

sin
e it is easy to show that method BM4 with 
onstraint kf

1

Yk

2

= 1 is equiv-

alent with method BM3 with 
onstraint C3, taking r̂ = (Q+1)M (assume that

Y

a

has full row rank (Q+ 1)M , for a = A

1

; A

1

+ 1; : : : ; A

2

). 2

7.4.3 Blo
k Method BM5

We 
onsider (7.21) as a minimization problem in f

1

. Let us, for instan
e, fo
us

on 
onstraint C1.

Example 7.4.5 (
onstraint C1) If we use 
onstraint C1 as a non-triviality


onstraint, (7.21) be
omes the following minimization problem:

min

_
s

1

;f

1

fk

h

_
s

1

f

1

i

"

�C

1

(2 : K; :)

Y

k

#

� C

1;k

(1; :)k

2

g: (7.43)

This LS problem 
an be solved by an LS algorithm (only the last A(Q+ 1)M


omponents of the solution of (7.43) are of interest). Applying the Householder

QRD [GVL89℄, the 
omputational 
omplexity is the same as (7.31). 2

A solution for s

1


an then again be found by despreading the output of the

linear super 
hip equalizer f

1

(see (7.42)). As already mentioned, this operation

does not in
rease the 
omputational 
omplexity very mu
h.

Remark 7.4.6 If (7.21) is solved for f

1

using a non-triviality 
onstraint im-

posed on s

1

(as in example 7.4.5), the solution for s

1

, 
omputed using (7.42),

does not ne
essarily satisfy this non-triviality 
onstraint. 2
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7.5 Further Dis
ussion

7.5.1 Symbol Estimation

Applying 
onstraint C1, C2 or C3, we still have to transform the obtained

solution for s

1

to a hard estimate of s

1

. This is explained next. The obtained

solution for s

1


an be interpreted as an estimate of s

o

1

, the solution for s

1

in

the noiseless 
ase, taking r̂ = r in the subspa
e framework. Hen
e, we denote

this solution as
^
s

o

1

. As an estimate of s

1

we then 
onsider

^
s

1

= �̂

1

^
s

o

1

;

where �̂

1

is an estimate of �

1

, whi
h is given by s

1

= �

1

s

o

1

. In pra
ti
e �

1


an be estimated from some short known headers in the data symbol sequen
e.

However, for simpli
ity we will estimate �

1

as

�̂

1

= s

1

^
s

oy

1

:

This leads to an estimate
^
s

1

that is optimal in the LS sense (sin
e s

1

is unknown,

this is of 
ourse not feasible in pra
ti
e). A hard estimate
^
s

1

of s

1

is then


al
ulated as

^
s

1

= proj




1�K

f
^
s

1

g;

where

proj

�

f�g

represents a mapping on the 
losest (in Eu
lidean distan
e) element of �.

7.5.2 Relations with Existing Algorithms

The proposed blo
k pro
essing methods based on dire
t blind symbol estima-

tion have to the best of our knowledge not yet been studied in the literature.

Some of the proposed blo
k pro
essing methods based on dire
t blind equal-

izer estimation, on the other hand, have already been studied in the literature.

In [LX96a℄, method BM5 with 
onstraint C1 is dis
ussed, while in [LZ97℄,

method BM4 with 
onstraint C3 is dis
ussed. However, note that only one

pro
essing delay (A = 1) is 
onsidered in [LX96a, LZ97℄, while we 
onsider the

general 
ase of A � 1.

Next, we show some relations with existing algorithms for a TDMA system

with a single user per time 
hannel (no 
oding). To model su
h a system,

let us 
onsider J = 1, N = 1, 


j

[n℄ = 1, for n = 0; 1; : : : ; �� 1, and 


j

[n℄ = 0,
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for n < 0 and n � � (the value of � � 1 is unimportant). This means that the

K �AK matrix C

1

, given by (7.15), looks like

C

1

=

h

I I � � � I

i

:

The dire
t version of method BM1 with 
onstraint C2 (see (7.26)) then be
omes

min

s

1

fks

1

^

W

n

k

2

g; s.t. ks

1

k

2

= 1; (7.44)

where

^

W

n

is the K �A(K � r̂) matrix, given by

^

W

n

=

h

^

V

n

A

1

^

V

n

A

1

+1

� � �

^

V

n

A

2

i

:

This method 
orresponds to the single-user version of the subspa
e interse
tion

(SSI) method presented in [LX97℄. The indire
t version of method BM1 with


onstraint C2 (see (7.28)) then be
omes

max

s

1

fks

1

^

W

s

k

2

g; s.t. ks

1

k

2

= 1; (7.45)

where

^

W

s

is the K �Ar̂ matrix, given by

^

W

s

=

h

^

V

s

A

1

^

V

s

A

1

+1

� � �

^

V

s

A

2

i

:

This method 
orresponds to the single-user version of the subspa
e interse
tion

(SSI) method presented in [vdVTP97℄.

Remark 7.5.1 For the TDMA system with a single user per time 
hannel (no


oding), it is easy to 
he
k that, under assumption 7.2.2, assumption 7.2.3 (see

the identi�ability result presented in theorem 7.2.4) 
an only be satis�ed for

A

1

= �Q and A

2

= L

1

(see also [Van99℄). Hen
e, 
hannel order information is

required in this 
ase. 2

Finally, method BM4 (see (7.39)) then be
omes

min

f

1

fkf

1

Zk

2

g;

s.t. a non-triviality 
onstraint imposed on f

1

;

(7.46)

where Z is the A(Q+ 1)M �AK matrix, given by

Z = A

�1

2

6

6

6

6

4

(A� 1)Y

A

1

�Y

A

1

� � � �Y

A

1

�Y

A

1

+1

(A� 1)Y

A

1

+1

� � � �Y

A

1

+1

.

.

.

.

.

.

.

.

.

.

.

.

�Y

A

2

�Y

A

2

� � � (A� 1)Y

A

2

3

7

7

7

7

5

:
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As we will show next, this method is equivalent to the mutually referen
ed

equalizer (MRE) method of [GDM97℄ (see also [GT99℄). The basi
 idea behind

the MRE method is that a set of linear equalizers is applied, the outputs of

whi
h serve as `training sequen
es' for ea
h other. Basi
ally, this boils down to

the following minimization problem [GDM97℄:

min

f

1

fkf

1

Z

mre

k

2

g;

s.t. a non-triviality 
onstraint imposed on f

1

;

(7.47)

where Z

mre

is the A(Q+ 1)M �A(A� 1)K=2 matrix, given by

Z

mre

=

h

Z

mre

A

1

Z

mre

A

1

+1

� � � Z

mre

A

2

i

;

with Z

mre

a

(a = A

1

; A

1

+ 1; : : : ; A

2

) the A(Q+ 1)M � (A

2

� a + 1)K matrix,

given by

Z

mre

a

=

2
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� � � Y

a
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.

�Y
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3

7

7

7

7
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7
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7
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7

7

7
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:

The equivalen
e between (7.46) and (7.47) 
an now easily be explained by the

fa
t that

AZZ

H

= Z

mre

Z

mreH

=

2

6

6

6

6

4

(A� 1)R

A

1

�R

A

1

;A

1

+1

� � � �R

A

1

;A

2

�R

A

1

+1;A

1

(A� 1)R

A

1

+1

� � � �R

A

1

+1;A

2

.

.

.

.

.

.

.

.

.

.

.

.

�R
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1
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A

2

;A

1

+1

� � � (A� 1)R

A

2

3

7

7

7

7
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;

where R

a

= Y

a

Y

H

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

, and R

a;a

0

= Y

a

Y

H

a

0

, for

a; a

0

= A

1

; A

1

+ 1; : : : ; A

2

, with a 6= a

0

. Note that remark 7.5.1 also applies

to the MRE method. In [GvdVP99℄, it was shown that the MRE method

with 
onstraint kf

1

Yk

2

= 1 has exa
tly the same performan
e as the single-

user version of the SSI method presented in [vdVTP97℄, taking r̂ = (Q+ 1)M

(assume that Y

a

has full row rank (Q + 1)M , for a = A

1

; A

1

+ 1; : : : ; A

2

).

The 
ombination of the results presented in remarks 7.4.2 and 7.4.4 therefore

extends the 
laim made in [GvdVP99℄ to a DS-CDMA system.
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For a TDMA system with multiple users per time 
hannel (no 
oding),

methods similar to the dire
t and indire
t version of method BM1 with 
on-

straint C2 are dis
ussed in [LX97, vdVTP97℄. If the users have equal 
hannel

orders, these methods 
onsist of two steps. In the �rst step, the ISI for ev-

ery user is suppressed. This step is related to the pro
edure 
arried out for a

TDMA system with a single user per time 
hannel (see (7.44) and (7.45)). In

the se
ond step, the MUI present in the resulting data model is suppressed.

For this step we 
an make use of several deterministi
 blind sour
e separation

methods that have been proposed in the literature:

� A well known iterative algorithm that exploits the �nite alphabet prop-

erty of the data symbols is the ILSP algorithm of [TVP96℄. However, this

algorithm does not ne
essarily 
onverge to the global minimum. There-

fore, several random initializations or one 
omputationally expensive ini-

tialization (see the non-iterative algorithms below) may be required to

�nd the a
tual global minimum.

� Another iterative algorithm that exploits the �nite alphabet property

of the data symbols 
an be found in [HX97℄. This algorithm, whi
h

sequentially estimates ea
h signal, is less 
omplex than ILSP. However,

like the ILSP algorithm, it does not ne
essarily 
onverge to the global

minimum.

� Interesting non-iterative algorithms 
an be found in [vdVP96℄ (ACMA)

for 
onstant modulus 
onstellations and in [vdV97℄ (RACMA), [AMR95℄

for a BPSK 
onstellation. Although near-optimum these approa
hes are


omputationally expensive.

� Finally, in [LG99℄, we have proposed a new simple sour
e separation algo-

rithm for a BPSK 
onstellation. Like the algorithms of [vdV97, AMR95℄,

this algorithm is non-iterative. However, in 
ontrast with all the algo-

rithms dis
ussed above it is re
ursive in time, i.e., the BPSK data symbols


an be estimated on the 
y.

If the users have unequal 
hannel orders, diÆ
ulties o

ur and a 
umbersome

iterative pro
edure is required (see [LX97, vdVTP97℄).

The major drawba
k of the algorithms presented in [LX97, vdVTP97℄ is that

they are rather sensitive to system order and 
hannel order mismat
h (the

latter is related with remark 7.5.1). In a DS-CDMA system, the use of 
oding

prevents these problems.
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BM 
onstr. 
omplexity (
ops)

BM1 C1 8(K � 1)

2

(A(KN � r̂)� (K � 1)=3)

BM1 C2 dire
t version:

8A(KN � r̂)K

2

+ 25K

3

indire
t version:

(

8Ar̂K

2

+ 25K

3

; if K � Ar̂

8KA

2

r̂

2

+ 25A

3

r̂

3

; if K > Ar̂

BM2 C1 8(A(Q+ 1)M +K � 1)

2

(AKN � (A(Q+ 1)M +K � 1)=3)

BM3 C3 dire
t version:

8AKNA

2

r̂

2

+ 25A

3

r̂

3

indire
t version:

(

8Ar̂K

2

+ 25K

3

; if K � Ar̂

8KA

2

r̂

2

+ 25A

3

r̂

3

; if K > Ar̂

BM4 C3 8AKNA

2

(Q+ 1)

2

M

2

+ 25A

3

(Q+ 1)

3

M

3

BM5 C1 8(A(Q+ 1)M +K � 1)

2

(AKN � (A(Q+ 1)M +K � 1)=3)

Table 7.1: Computational 
omplexity of the blo
k pro
essing methods.

7.5.3 Other Constraints

We 
an also make use of a �nite alphabet 
onstraint on the data symbols:

s

1

2 


1�K

:

Applying this 
onstraint for one of the methods dis
ussed in se
tions 7.3 and 7.4

will result in an enumeration algorithm.

7.6 Computational Complexity

The 
omputational 
omplexities derived in se
tions 7.3 and 7.4 are summarized

in table 7.1. Note that for the subspa
e blo
k pro
essing methods (methods

BM1 and BM3), this 
omplexity does not yet in
lude the 
omputational 
om-

plexity of the subspa
e prepro
essing step. A subspa
e blo
k pro
essing method

requires the set of matri
es f

^

V

a

g

A

2

a=A

1

. Two subspa
e prepro
essing approa
hes


an be used (we will refer to them as BP subspa
e prepro
essing approa
hes

sin
e they are used for blo
k pro
essing). The �rst approa
h 
omputes the

SVD of Y

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

, from s
rat
h, e.g., using the algorithm

of [DBMS79℄. This approa
h has the following 
omputational 
omplexity:

A(16K

2

N

2

(Q+ 1)M + 12KN(Q+ 1)

2

M

2

) 
ops: (7.48)
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The se
ond approa
h �rst 
omputes the SVD of Y

A

1

from s
rat
h and then


omputes the SVD of Y

a

, for a = A

1

+1; A

1

+2; : : : ; A

2

, in a re
ursive fashion,

e.g., using a modi�ed version of the algorithm of [MDPM95℄ that 
omputes the

SVD based on a QR up- and downdating step followed by n

it

Ja
obi iterations.

This approa
h has the following 
omputational 
omplexity:

16K

2

N

2

(Q+ 1)M + 12KN(Q+ 1)

2

M

2

+(A� 1)18K

2

N

2

+ (A� 1)(29 + 36n

it

)(Q+ 1)

2

M

2

+(A� 1)(24 + 18n

it

)KN(Q+ 1)M 
ops: (7.49)

Note that for A = 1, the 
omplexity measures of the �rst and se
ond approa
h

are obviously exa
tly the same.

Remark 7.6.1 Note that if r̂ = (Q + 1)M the 
omplexity of the two BP

subspa
e prepro
essing approa
hes 
an be de
reased be
ause

^

V

a


an then be


omputed from the QRD of Y

a

. However, this will not be 
onsidered in this

work. 2

Remark 7.6.2 To obtain the simulation results presented in se
tion 7.10, we

will always make use of the �rst approa
h. The results for the se
ond approa
h

are approximately the same, even for n

it

= 1. 2

Numeri
al example: We 
onsider the following system parameters: J = 2,

M = 4, L

1

= 2, L

2

= 4 and N = 2. Note that these parameters 
orrespond to

system 1 of se
tion 7.10. We further take Q = 4.

First, we 
ompare the 
omputational 
omplexity of the two BP subspa
e pre-

pro
essing approa
hes dis
ussed above (for the se
ond approa
h, we take n

it

=

1, whi
h usually is suÆ
ient). The results are shown in �gure 7.1. From

this �gure it is 
lear that, for A > 1, the se
ond approa
h is 
heaper than

the �rst approa
h. Note that the 
omplexity of the se
ond approa
h is almost

independent of A.

Next, we 
ompare the 
omputational 
omplexity of the di�erent blo
k pro-


essing methods dis
ussed in se
tions 7.3 and 7.4. We only 
onsider A = 1

and A = 3. For the subspa
e blo
k pro
essing methods (methods BM1 and

BM3) we examine two values of r̂: r̂ = r (when r is exa
tly estimated) and

r̂ = (Q+1)M (when r is not estimated). In �gures 7.2 and 7.3, we 
ompare

the 
omputational 
omplexity of di�erent subspa
e blo
k pro
essing methods.

In the left �gures, we 
ompare the 
omplexity of the dire
t and indire
t ver-

sions of method BM1 with 
onstraint C2 and method BM3 with 
onstraint C3.

From these �gures it is 
lear that the indire
t versions are the least demanding.

In the right �gures, we then 
ompare the 
omplexity of these indire
t versions

with the 
omplexity of some other subspa
e blo
k pro
essing methods. From
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Figure 7.1: Complexity of the BP subspa
e prepro
essing step as a fun
tion

of K (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).

these �gures it is 
lear that the indire
t versions of method BM1 with 
on-

straint C2 and method BM3 with 
onstraint C3 are 
heaper than all the other

methods shown in this �gure.

In �gure 7.4, we �nally 
ompare the 
omputational 
omplexity of the indire
t

versions, in
luding the se
ond BP subspa
e prepro
essing approa
h (n

it

= 1),

with the 
omputational 
omplexity of the methods BM2 and BM5 with 
on-

straint C1 and method BM4 with 
onstraint C3, whi
h are all non-subspa
e

blo
k pro
essing methods. First of all, we observe that the 
omplexity of

the non-subspa
e blo
k pro
essing methods (espe
ially method BM4 with 
on-

straint C3) is more sensitive to A than the 
omplexity of the indire
t versions

of method BM1 with 
onstraint C2 and method BM3 with 
onstraint C3, in-


luding the se
ond BP subspa
e prepro
essing approa
h. This is due to the

fa
t that the latter is mainly determined by the 
omplexity of this se
ond BP

subspa
e prepro
essing approa
h, whi
h is almost independent of A. Se
ond,

we noti
e that for a small A it would be favorable to use method BM4 with


onstraint C3. However, as dis
ussed in remark 7.4.4, this method does not

have su
h a good performan
e.

7.7 Real Constellation

The blo
k pro
essing methods presented in se
tions 7.3 and 7.4 are appli
able

for any modulation format. However, when the data symbols belong to a real
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Figure 7.2: Complexity of di�erent subspa
e blo
k pro
essing methods as a

fun
tion of K for A = 1 (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).
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Figure 7.3: Complexity of di�erent subspa
e blo
k pro
essing methods as a

fun
tion of K for A = 3 (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).
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Figure 7.4: Complexity 
omparison of the indire
t versions of method BM1

with 
onstraint C2 and method BM3 with 
onstraint C3, in
luding the se
ond

BP subspa
e prepro
essing approa
h (n

it

= 1), with di�erent non-subspa
e

blo
k pro
essing methods as a fun
tion of K for A = 1, in the left �gure, and

A = 3, in the right �gure (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).


onstellation, we 
an adapt these methods to exploit the real 
hara
ter of the

data symbols, whi
h is dis
ussed in this se
tion. When no 
oding is used, the

knowledge that the 
onstellation is real is usually exploited by splitting the

re
eived sequen
e in its real and imaginary part, hen
e doubling the number

of observations prior to any other operation (see [KOS96, vdVTP97, vdV97,

TP97℄). Here, we follow a somewhat di�erent approa
h.

If the data symbols belong to a real 
onstellation, we 
an rewrite (7.14) as

h

<ff

s

1

g =ff

s

1

g

i

"

<fV

sH

g =fV

sH

g

�=fV

sH

g <fV

sH

g

#

� s

1

h

<fC

1

g =fC

1

g

i

= 0: (7.50)

It is easy to show that the identi�ability result presented in theorem 7.2.4

also holds for (7.50), if we 
onsider 
ondition 7.2.3 with � � IR

1�K

. Under

assumption 7.2.2, it is easy to show that 
ondition 7.2.3 with � � IR

1�K

is

equivalent with

2

6

4

<fXg =fXg

�=fXg <fXg

<fC

1

g =fC

1

g

3

7

5

having a one-dimensional left null spa
e or equivalently having rank 2Ar+K�1.

1. For 
omplex 
ode sequen
es, it is 
lear that this 
an only be satis�ed if

2A(KN � r) � K � 1: (7.51)
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2. For real 
ode sequen
es, it is 
lear that this 
an only be satis�ed if

A(KN � r) � K � 1: (7.52)

This is due to the fa
t that, under assumption 7.2.2,

2

6

4

<fXg =fXg

�=fXg <fXg

<fC

1

g =fC

1

g

3

7

5

=

2

6

4

X O

O X

C

1

O

3

7

5

;


an only have a one-dimensional left null spa
e if

"

X

C

1

#

has a one-dimensional left null spa
e.

Remark 7.7.1 Following a similar reasoning as in remark 7.2.5, we 
an show

that the design ofK andN should better not be related to A. Instead of (7.51),

we therefore take

K(2N � 1) � 2r � 1 (7.53)

as a design 
riterion for K and N , if the 
ode sequen
es are 
omplex, and

instead of (7.52), we therefore take

K(N � 1) � r � 1 (7.54)

as a design 
riterion for K and N , if the 
ode sequen
es are real. 2

Remark 7.7.2 All the blo
k pro
essing methods proposed in se
tions 7.3

and 7.4 
an easily be adapted to the situation 
onsidered in this se
tion. These

methods are then referred to as RC (real 
onstellation) methods. Mark

that 
onstraint C3 is then written as

k

h

<f

^

f

s

1

g =f

^

f

s

1

g

i

k

2

= 1 or k

h

<ff

1

g =ff

1

g

i

k

2

= 1:

2

7.8 Transmit Diversity

In this se
tion, we des
ribe how the blo
k pro
essing methods presented in

se
tions 7.3 and 7.4 
an be adapted when transmit diversity is used (multiple

transmit antennas per user). We then spread the same data symbol sequen
e
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with di�erent 
ode sequen
es and transmit the resulting 
hip sequen
es through

di�erent antennas. Lately, transmit diversity has be
ome a very popular re-

sear
h topi
, sin
e it has been shown that for a point-to-point link between a

transmitter and a re
eiver with a �xed number of re
eive antennas, the opti-

mal 
apa
ity linearly in
reases with the number of transmit antennas, as long

as the number of transmit antennas is smaller than or equal to the number

of re
eive antennas (Fos
hini and Gans [FG98℄). A lot of so-
alled spa
e-time


oding te
hniques have been developed to a
hieve the optimal 
apa
ity, su
h as

the spa
e-time 
oding te
hnique of Fos
hini [Fos96℄ (also known as V-BLAST)

and the spa
e-time 
oding te
hnique of Naguib et al [NTSC97℄. As mentioned

above, we fo
us on a very simple spa
e-time 
oding te
hnique that 
onsists of

spreading the same data symbol sequen
e with di�erent 
ode sequen
es and

transmitting the resulting 
hip sequen
es through di�erent antennas.

We 
an still make use of the data model presented in (7.1). Therefore, we

have to give a new interpretation to the notations. First of all, the param-

eter J now denotes the produ
t of the number of users with the number of

transmit antennas per user (let's say M

t

> 1). Hen
e, we have J=M

t

users.

Further, x

M

t

(j

t

�1)+m

t

[n℄ (m

t

= 1; 2; : : : ;M

t

and j

t

= 1; 2; : : : ; J=M

t

) now rep-

resents the 
hip sequen
e for the m

t

th transmit antenna of the j

t

th user. This

means that the data symbol sequen
es fs

M

t

(j

t

�1)+m

t

[k℄g

M

t

m

t

=1

are all the same

and equal to the data symbol sequen
e for the j

t

th user. Hen
e, we have

that s

M

t

(j

t

�1)+1

[k℄ = s

M

t

(j

t

�1)+2

[k℄ = � � � = s

M

t

j

t

[k℄, for j

t

= 1; 2; : : : ; J=M

t

.

Finally, g

st

M

t

(j

t

�1)+m

t

[n℄ (m

t

= 1; 2; : : : ;M

t

and j

t

= 1; 2; : : : ; J=M

t

) now rep-

resents the dis
rete-time M � 1 ve
tor 
hannel for the m

t

th transmit antenna

of the j

t

th user.

To simplify the des
ription of the proposed methods we assume that all the

ve
tor 
hannels from the set fg

st

M

t

(j

t

�1)+m

t

[n℄g

M

t

m

t

=1

have the same order and

delay index. Hen
e, we assume that L

M

t

(j

t

�1)+1

= L

M

t

(j

t

�1)+2

= � � � = L

M

t

j

t

and Æ

M

t

(j

t

�1)+1

= Æ

M

t

(j

t

�1)+2

= � � � = Æ

M

t

j

t

, for j

t

= 1; 2; : : : ; J=M

t

.

We assume that the �rst user (j

t

= 1) is the user of interest and that Æ

1

is known at the re
eiver. We further assume w.l.o.g. that Æ

1

= 0. Taking

�Q � A

1

� A

2

� L

1

(A = A

2

�A

1

+ 1), we 
an then, similar to (7.14), write

f

s

m

t

V

sH

� s

1

C

m

t

= 0; for m

t

= 1; 2; : : : ;M

t

.

All these results 
an be 
ombined, leading to

h

f

s

1

� � � f

s

M

t

i

2

6

6

4

V

sH

.

.

.

V

sH

3

7

7

5

� s

1

h

C

1

� � � C

M

t

i

= 0: (7.55)

For a spa
e � that 
ontains the ve
tor s

1

(e.g., 


1�K

, C

1�K

or IR

1�K

), we now

introdu
e the following 
ondition (
ompare with 
ondition 7.2.3):
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Condition 7.8.1 For any ve
tor s

0

1

in �, linearly independent of s

1

, there

exists an input matrix X

a

, with A

1

� a � A

2

, and a row x

0

m

t

;0

= s

0

1

C

m

t

, with

1 � m

t

�M

t

, su
h that x

0

m

t

;0

does not lie in the row spa
e of X

a

. 2

Using this assumption, we have the following identi�ability result (
ompare

with theorem 7.2.4):

Theorem 7.8.2 Under assumptions 7.2.1 and 7.2.2, (7.55) has a unique (up

to a s
aling fa
tor admitted by �) solution s

1

in � for the data symbols, if and

only if 
ondition 7.8.1 is satis�ed.

Proof : Under assumptions 7.2.1 and 7.2.2, we know that s

1

is a solution

of (7.55) in � for the data symbols. We now prove that 
ondition 7.8.1 is a

ne
essary and suÆ
ient 
ondition for s

1

to be a unique (up to a s
aling fa
tor

admitted by �) solution in � for the data symbols.

We �rst prove that 
ondition 7.8.1 is a ne
essary 
ondition. Suppose that there

exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h that x

0

m

t

;0

= s

0

1

C

m

t

lies in the row spa
e of X

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

and m

t

= 1; 2; : : : ;M

t

.

Be
ause the rows of V

sH

a

form an orthonormal basis for the row spa
e of X

a

,

for a = A

1

; A

1

+ 1; : : : ; A

2

(this is due to assumptions 7.2.1 and 7.2.2), it is

then 
lear that there exists a set of linear 
hip equalizers fff

0

s

m

t

;a

g

A

2

a=A

1

g

M

t

m

t

=1

,

su
h that

f

0

s

m

t

;a

V

sH

a

� x

0

m

t

;0

= f

0

s

m

t

;a

V

sH

a

� s

0

1

C

m

t

= 0;

for a = A

1

; A

1

+ 1; : : : ; A

2

and m

t

= 1; 2; : : : ;M

t

.

This means that s

0

1

is also a solution of (7.55) in � for the data symbols.

We then prove that 
ondition 7.8.1 is a suÆ
ient 
ondition. Suppose that there

exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h that s

0

1

is also a solution

of (7.55) in � for the data symbols. This means that there exists a set of linear


hip equalizers fff

0

s

m

t

;a

g

A

2

a=A

1

g

M

t

m

t

=1

, su
h that

f

0

s

m

t

;a

V

sH

a

� s

0

1

C

m

t

= f

0

s

m

t

;a

V

sH

a

� x

0

m

t

;0

= 0;

for a = A

1

; A

1

+ 1; : : : ; A

2

and m

t

= 1; 2; : : : ;M

t

.

Be
ause the rows of V

sH

a

form an orthonormal basis for the row spa
e of X

a

,

for a = A

1

; A

1

+1; : : : ; A

2

(this is due to assumptions 7.2.1 and 7.2.2), it is then


lear that x

0

m

t

;0

= s

0

1

C

m

t

lies in the row spa
e of X

a

, for a = A

1

; A

1

+1; : : : ; A

2

and m

t

= 1; 2; : : : ;M

t

. This 
on
ludes the proof. 2

Under assumption 7.2.2, it is easy to show that 
ondition 7.8.1 is equivalent
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with

2

6

6

6

6

4

X

.

.

.

X

C

1

� � � C

M

t

3

7

7

7

7

5

having a one-dimensional left null spa
e or equivalently having rank M

t

Ar +

K � 1. It is 
lear that this 
an only be satis�ed if

M

t

A(KN � r) � K � 1: (7.56)

Remark 7.8.3 Assume that L

1

� L

M

t

(j

t

�1)+1

, for j

t

= 2; 3; : : : ; J=M

t

. Fur-

ther, assume that there exists a ve
tor s

0

1

in �, linearly independent of s

1

, su
h

that x

0

m

t

;0

= s

0

1

C

m

t

is linearly dependent of fx

j;Æ

j

g

J

j=1

, for m

t

= 1; 2; : : : ;M

t

.

Then, it is 
lear that, be
ause the ve
tors fx

j;Æ

j

g

J

j=1

are all rows of every

input matrix from the set fX

a

g

L

1

a=�Q

, 
ondition 7.8.1 will never be satis�ed,

irrespe
tive of A

1

and A

2

, with �Q � A

1

� A

2

� L

1

. This means that if


ondition 7.8.1 is not satis�ed for A = 1, it 
ould very well not be satis�ed for

A > 1. That is why the design of K and N should better not be related to A.

Instead of (7.56), we therefore take

K(M

t

N � 1) �M

t

r � 1 (7.57)

as a design 
riterion for K and N . 2

Remark 7.8.4 All the blo
k pro
essing methods proposed in se
tions 7.3

and 7.4 
an easily be adapted to the situation 
onsidered in this se
tion. These

methods are then referred to as TD (transmit diversity) methods. Mark

that 
onstraint C3 is then written as

k

h

^

f

s

1

� � �

^

f

s

M

t

i

k

2

= 1 or k

h

f

1

� � � f

M

t

i

k

2

= 1:

2

7.9 Code Modulation

The smaller the spreading fa
tor N , the larger the data symbol rate for a �xed

bandwidth or the smaller the bandwidth for a �xed data symbol rate. So, it is

interesting to investigate the identi�ability for N = 1. This 
ase is referred to

as 
ode modulation, sin
e a data symbol sequen
e is then modulated (and not

spread) with a 
ode sequen
e. The idea of modulating a data symbol sequen
e
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with a 
ode sequen
e is not new. In [CL97℄ and [SG98℄, it is used to get rid

of the identi�ability 
onditions for SOS blind single-user 
hannel estimation in

a TDMA system with a single user per time 
hannel. We use it, on the other

hand, to solve a sour
e separation problem. Moreover, the methods dis
ussed

in [CL97℄ and [SG98℄ are sto
hasti
 methods, while we fo
us on the development

of deterministi
 methods. Note that in [XBM98℄, 
orrelative 
oding is used to

solve the sour
e separation problem. Like 
ode modulation, 
orrelative 
oding

does not spread the data symbol sequen
e. However, this method is rather


omplex and, like the methods of [CL97℄ and [SG98℄, it is a sto
hasti
 method.

Under assumption 7.2.2, 
ondition 7.2.3 with � = 


1�K


an very well be

satis�ed for N = 1. Hen
e, the methods with a �nite alphabet 
onstraint on

the data symbols 
an be applied for N = 1. However, these methods are rather


omplex. Under assumption 7.2.2, 
ondition 7.2.3 with � = C

1�K

is, on the

other hand, most likely not satis�ed (
ertainly not satis�ed if A = 1) for N = 1.

This is already indi
ated by (7.17), but 
an also be explained in more detail

by the following remark:

Remark 7.9.1 First, 
onsider N = 1. We then assume w.l.o.g. that Æ

j

= 0,

for j = 1; 2; : : : ; J . Further, assume that L

1

� L

j

, with j 6= 1. Then, we

know that x

j;0

= s

j

C

j

is a row of every input matrix from the set fX

a

g

L

1

a=�Q

,

whi
h means that if we take s

0

1

= s

j

C

j

C

�1

1

, s

0

1

C

1

is also a row of every input

matrix from the set fX

a

g

L

1

a=�Q

(be
ause s

0

1

C

1

= s

j

C

j

= x

j;0

). Sin
e x

j;0

is

independent from x

1;0

(this is due to assumption 7.2.2), we further know that

s

0

1

is independent from s

1

. Hen
e, 
ondition 7.2.3 with � = C

1�K

is in this


ase not satis�ed, irrespe
tive of A

1

and A

2

, with �Q � A

1

� A

2

� L

1

. Only

when L

1

> L

j

, for j = 2; 3; : : : ; J , and we take A

1

= �Q and L

j

< A

2

� L

1

,

for j = 2; 3; : : : ; J , 
ondition 7.2.3 with � = C

1�K


an be satis�ed. 2

Hen
e, the methods with a polynomial 
onstraint (e.g., 
onstraint C1, C2 or

C3) should not be applied for N = 1.

Let us then fo
us on the situation dis
ussed in se
tion 7.7. Under assump-

tion 7.2.2, 
ondition 7.2.3 with � = IR

1�K


an very well be satis�ed for N = 1,

if the 
ode sequen
es are 
omplex. This is indi
ated by (7.53). Hen
e, the RC

methods with a polynomial 
onstraint 
an be applied for N = 1, if the 
ode se-

quen
es are 
omplex. Under assumption 7.2.2, 
ondition 7.2.3 with � = IR

1�K

is, on the other hand, most likely not satis�ed (
ertainly not satis�ed if A = 1)

for N = 1, if the 
ode sequen
es are real. This is already indi
ated by (7.54),

but 
an also be explained in more detail by a remark similar to remark 7.9.1.

Hen
e, the RC methods with a polynomial 
onstraint should not be applied for

N = 1, if the 
ode sequen
es are real.

Let us �nally fo
us on the situation dis
ussed in se
tion 7.8 (remember that

M

t

> 1), Under assumption 7.2.2, 
ondition 7.8.1 with � = C

1�K


an very well
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be satis�ed for N = 1. This is indi
ated by (7.57). Hen
e, the TD methods

with a polynomial 
onstraint 
an be applied for N = 1.

7.10 Simulation Results

In this se
tion we will perform some simulations on �ve di�erent DS-CDMA

systems:

1. The �rst system has 4 re
eive antennas (M = 4) and 2 users (J = 2). The

spreading fa
tor isN = 2. The 
hannel orders are given by L

1

= 2, for the

�rst user, and L

2

= 4, for the se
ond user. All the delay indi
es are zero

(Æ

1

= Æ

2

= 0). The modulation format is QPSK (s

j

[k℄ = �1=

p

2�1=

p

2i)

and we use random 
omplex 
onstant modulus 
ode sequen
es.

2. The se
ond system has 4 re
eive antennas (M = 4) and 2 users (J = 2).

The spreading fa
tor is N = 1 (
ode modulation). The 
hannel orders

are given by L

1

= 2, for the �rst user, and L

2

= 4, for the se
ond user.

All the delay indi
es are zero (Æ

1

= Æ

2

= 0). The modulation format is

BPSK (s

j

[k℄ = �1) and we use random 
omplex 
onstant modulus 
ode

sequen
es.

3. The third system has 8 re
eive antennas (M = 8), 2 users and 2 transmit

antennas per user (M

t

= 2, J = 4). The spreading fa
tor is N = 1 (
ode

modulation). The 
hannel orders are given by L

1

= L

2

= 2, for the

�rst user, and L

3

= L

4

= 4, for the se
ond user. All the delay indi
es

are zero (Æ

1

= Æ

2

= Æ

3

= Æ

4

= 0). The modulation format is QPSK

(s

j

[k℄ = �1=

p

2� 1=

p

2i) and we use random 
omplex 
onstant modulus


ode sequen
es.

4. The fourth system has 6 re
eive antennas (M = 6) and 4 users (J = 4).

The spreading fa
tor is N = 1 (
ode modulation). All the 
hannel orders

are zero (L

1

= L

2

= L

3

= L

4

= 0), hen
e, there is no ICI. All the delay

indi
es are zero (Æ

1

= Æ

2

= Æ

3

= Æ

4

= 0). The modulation format is

BPSK (s

j

[k℄ = �1) and we use random 
omplex 
onstant modulus 
ode

sequen
es.

5. The �fth system has 12 re
eive antennas (M = 12), 4 users system and 2

transmit antennas per user (M

t

= 2, J = 8). The spreading fa
tor is N =

1 (
ode modulation). All the 
hannel orders are zero (L

1

= � � � = L

8

= 0),

hen
e, there is no ICI. All the delay indi
es are zero (Æ

1

= � � � = Æ

8

= 0).

The modulation format is QPSK (s

j

[k℄ = �1=

p

2 � 1=

p

2i) and we use

random 
omplex 
onstant modulus 
ode sequen
es.

For the 
ase no transmit diversity is used (systems 1, 2 and 4), we assume that

the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually independent and zero-mean
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white. For the 
ase transmit diversity is used (systems 3 and 5), we assume that

the data symbol sequen
es fs

M

t

(j

t

�1)+1

[k℄g

J=M

t

j

t

=1

are mutually independent and

zero-mean white. We further assume that the additive noises fe

(m)

[n℄g

M

m=1

are mutually independent and zero-mean white Gaussian with varian
e �

2

e

.

Finally, we assume that all users have the same re
eived power. For the 
ase

no transmit diversity is used, the SNR at the input of the re
eiver is de�ned as

SNR =

J

X

j=1

+1

X

n=�1

kg

st

j

[n℄k

2

JM�

2

e

: (7.58)

For the 
ase transmit diversity is used, the SNR at the input of the re
eiver is

de�ned as

SNR =

J

X

j=1

+1

X

n=�1

kg

st

j

[n℄k

2

(J=M

t

)M�

2

e

:

If no ICI is present in the system (this is the 
ase for systems 4 and 5), we always

takeQ = 0, sin
e in
reasingQ does not lead to a better sour
e separation. Sin
e

all the 
hannel orders are zero, we 
an then only apply A

1

= A

2

= 0 (A = 1)

for every user. If ICI is present in the system (this is the 
ase for systems 1,

2 and 3), we take an appropriate value of Q and 
onsider one of the following

s
enarios:

1. A

1

= A

2

= 0 is applied for every user. No 
hannel order information is

required.

2. A

1

= �Q and A

2

= 0 is applied for every user. No 
hannel order infor-

mation is required.

3. For the 
ase no transmit diversity is used, A

1

= �Q + L

j

and A

2

= 0

(if Q � L

j

) or A

1

= 0 and A

2

= L

j

� Q (if Q < L

j

) is applied for

the jth user (j = 1; 2; : : : ; J). This 
orresponds to the situation where

we only take those output matri
es, for whi
h the part related to x

j;0

has the highest possible expe
ted energy, if the 
hannels are unknown.

For the 
ase transmit diversity is used, A

1

= �Q + L

M

t

(j

t

�1)+1

and

A

2

= 0 (if Q � L

M

t

(j

t

�1)+1

) or A

1

= 0 and A

2

= L

M

t

(j

t

�1)+1

� Q (if

Q < L

M

t

(j

t

�1)+1

) is applied for the j

t

th user (j

t

= 1; 2; : : : ; J=M

t

). This


orresponds to the situation where we only take those output matri
es, for

whi
h the part related to fx

M

t

(j

t

�1)+m

t

;0

g

M

t

m

t

=1

has the highest possible

expe
ted energy, if the 
hannels are unknown. Note that 
hannel order

information is required for this s
enario.
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4. For the 
ase no transmit diversity is used, A

1

= �Q and A

2

= L

j

is

applied for the jth user (j = 1; 2; : : : ; J). For the 
ase transmit diversity

is used, A

1

= �Q and A

2

= L

M

t

(j

t

�1)+1

is applied for the j

t

th user (j

t

=

1; 2; : : : ; J=M

t

). Note again that 
hannel order information is required for

this s
enario.

Although many other s
enarios 
an be used, we restri
t ourselves to these four

s
enarios.

In the subspa
e framework, we 
onsider two values of r̂: r̂ = r (when r is

exa
tly estimated) and r̂ = (Q + 1)M (when r is not estimated). We further


onsider a burst length of K = 100.

Simulation 1: In this simulation, system 1 is 
onsidered. First, we dis
uss the

performan
e of the di�erent blo
k pro
essing methods dis
ussed in se
tions 7.3

and 7.4. We 
onsider s
enario 1 and take Q = 4. In �gure 7.5, we 
ompare the

performan
e of di�erent subspa
e blo
k pro
essing methods. Clearly, method

BM1 with 
onstraint C2 and method BM3 with 
onstraint C3 outperform all

other subspa
e blo
k pro
essing methods. From this �gure it is also 
lear

that the subspa
e blo
k pro
essing methods are fairly robust against system

order overestimation. In �gure 7.6, we then 
ompare the performan
e of

method BM1 with 
onstraint C2 and method BM3 with 
onstraint C3 with the

performan
e of some non-subspa
e blo
k pro
essing methods. Note that in this

�gure the performan
e of method BM5 with 
onstraint C1 is not plotted, sin
e

this performan
e is almost identi
al to the performan
e of method BM2 with


onstraint C1. From this �gure we 
an 
on
lude that no non-subspa
e blo
k

pro
essing method has a better performan
e than method BM1 with 
onstraint

C2 and method BM3 with 
onstraint C3. As expe
ted (see remark 7.4.4),

method BM4 with 
onstraint C3 does not have su
h a good performan
e.

In �gure 7.7, we then show the in
uen
e of Q on the performan
e of method

BM1 with 
onstraint C2 and method BM3 with 
onstraint C3. We 
onsider

s
enario 1 and take r̂ = r. Clearly, as Q in
reases the performan
e improves.

However, at a 
ertain point the performan
e will saturate (not shown).

Finally, we 
ompare the performan
e of method BM1 with 
onstraint C2 and

method BM3 with 
onstraint C3 for di�erent s
enarios. We take Q = 4 and

r̂ = r. The results are shown in �gure 7.8. First of all, we see that s
enario 2

exhibits a large performan
e loss w.r.t. s
enario 1. On the other hand, there is

a performan
e improvement for s
enario 3 w.r.t. s
enario 1 and for s
enario 4

w.r.t. s
enario 3. Note that the performan
e measure we use is average BER per

user. Hen
e, the BER for a spe
i�
 user does not ne
essarily behaves the same

way the average BER per user does, e.g., for the system under 
onsideration,

the best s
enario for the �rst user is s
enario 3, while the best s
enario for

the se
ond user is s
enario 4 (not shown). As a 
on
lusion, we 
an state that,

although 
hannel order information is not really ne
essary, it 
an lead to an
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Figure 7.5: Average BER per user as a fun
tion of SNR for di�erent subspa
e

blo
k pro
essing methods (system 1, s
enario 1, Q = 4, K = 100).
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Figure 7.7: Average BER per user as a fun
tion of SNR for method BM1 with


onstraint C2 and method BM3 with 
onstraint C3 for di�erent values of Q

(system 1, s
enario 1, r̂ = r, K = 100).

improved performan
e.

Simulation 2: In this simulation, we 
onsider 
ode modulation with ICI (sys-

tems 2 and 3). First, we 
onsider system 2 and take Q = 4. In �gure 7.9, we

show the performan
e of RC method BM1 with 
onstraint C2 and RC method

BM3 with 
onstraint C3 for two s
enarios: s
enario 2 and s
enario 4. Next, we


onsider system 3 and take Q = 4. In �gure 7.10, we show the performan
e

of TD method BM1 with 
onstraint C2 and TD method BM3 with 
onstraint

C3 for the same two s
enarios. Like in simulation 1, we observe a robustness

against system order overestimation. Also like in simulation 1, we see that

although 
hannel order information is not really ne
essary, it 
an lead to an

improved performan
e.

Simulation 3: In this simulation, we 
onsider 
ode modulation without ICI

(systems 4 and 5). As already mentioned, when no ICI is present in the system,

we always take Q = 0 and we apply A

1

= A

2

= 0 (A = 1) for every user. First,

we 
onsider system 4. In �gure 7.11, we 
ompare the performan
e of RC

method BM1 with 
onstraint C2 and RC method BM3 with 
onstraint C3 with

the performan
e of the ILSP algorithm of [TVP96℄ and the RACMA algorithm

of [vdV97℄, applied to a system that is similar to system 4, ex
ept that we now

take x

j

[k℄ = s

j

[k℄, for j = 1; 2; 3; 4 (hen
e, we use no 
oding). For the ILSP

algorithm we show results for di�erent numbers of random initializations (1,

2 and 3 random initializations). Next, we 
onsider system 5. In �gure 7.12,

we 
ompare the performan
e of TD method BM1 with 
onstraint C2 and TD

method BM3 with 
onstraint C3 with the performan
e of the ILSP algorithm
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Figure 7.10: Average BER per user as a fun
tion of SNR for TD method BM1

with 
onstraint C2 and TD method BM3 with 
onstraint C3 for two s
enarios

(system 3, Q = 4, K = 100).

of [TVP96℄ and the RACMA algorithm of [vdV97℄, applied to a system that is

similar to system 5, ex
ept that we now take x

2(j

t

�1)+1

[k℄ = signf<fs

j

t

[k℄gg

and x

2j

t

[k℄ = signf=fs

j

t

[k℄gg, for j

t

= 1; 2; 3; 4 (hen
e, we use no 
oding).

For the ILSP algorithm we again show results for di�erent numbers of random

initializations (1, 4 and 7 random initializations).

Note that for ILSP and RACMA, we split the re
eived sequen
e in its real

and imaginary part, hen
e doubling the number of observations. We observe

that the performan
e of the ILSP algorithm strongly depends on the number

of random initializations. We also see that for a small number of random

initializations and a high SNR, the ILSP algorithm may not �nd the global

minimum. The good performan
e of the RACMA algorithm and the ILSP

algorithm (for a large number of random initializations and a low SNR) 
an

be explained by the fa
t that these two algorithms jointly dete
t all the data

symbol sequen
es and that they exploit the �nite alphabet property of the data

symbols.

7.11 Con
lusions

In this 
hapter, deterministi
 blind ST-RAKE re
eivers based on blo
k pro-


essing have been developed. We have 
onsidered a subspa
e framework as

well as a non-subspa
e framework. Dire
t blind symbol estimation methods
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as well as dire
t blind equalizer estimation methods have been des
ribed, with

eye for 
omputational 
omplexity. Furthermore, we have revealed some in-

teresting relations between the proposed methods, on one side, and the SSI

methods of [LX97, vdVTP97℄ and the MRE method of [GDM97℄, whi
h are all

developed for a TDMA system (no 
oding), on the other side.

The developed blo
k pro
essing methods are appli
able for any modulation

format. However, when the data symbols belong to a real 
onstellation, we 
an

adapt these methods to exploit the real 
hara
ter of the data symbols. The

methods obtained in this way are referred to as RC methods.

We have also des
ribed how the developed blo
k pro
essing methods 
an be

adapted when transmit diversity is used (multiple transmit antennas per user).

We then spread the same data symbol sequen
e with di�erent 
ode sequen
es

and transmit the resulting 
hip sequen
es through di�erent antennas. The

methods obtained in this way are referred to as TD methods.

Next, we have dis
ussed the 
ase for whi
h the spreading fa
tor N is equal

to 1 (
ode modulation). We have showed that the methods with a polynomial


onstraint should not be applied for N = 1. The RC methods with a polynomial


onstraint, on the other hand, should also not be applied for N = 1, if the 
ode

sequen
es are real, but they 
an be applied for N = 1, if the 
ode sequen
es are


omplex. Finally, the TD methods with a polynomial 
onstraint 
an always be

applied for N = 1.

Simulation results have shown that the proposed methods render robustness

against system order overestimation. Moreover, we have seen that, although


hannel order information is not really ne
essary, it 
an lead to an improved

performan
e. Finally, we have illustrated that, when no ICI is present, the pro-

posed RC or TD methods based on 
ode modulation 
onstitute 
heap and rea-

sonably well performing alternatives to existing blind sour
e separation methods

that are not based on 
oding, su
h as ILSP [TVP96℄ and RACMA [vdV97℄.



Chapter 8

Deterministi
 Blind

Adaptive Pro
essing

In this 
hapter, we develop deterministi
 blind ST-RAKE re
eivers based on

adaptive pro
essing. In se
tion 8.1, the basi
 idea behind windowed adaptive

pro
essing is explained. Like in the previous 
hapter, we 
onsider a subspa
e

framework as well as a non-subspa
e framework. In se
tion 8.2, we then dis
uss

two windowed adaptive pro
essing methods for dire
t blind symbol estimation

(we do not 
onsider dire
t blind equalizer estimation). These methods are

further dis
ussed in se
tion 8.3. A 
omputational 
omplexity analysis is given

in se
tion 8.4. Next, in se
tion 8.5, the basi
 idea behind exponentially weighted

adaptive pro
essing is explained. This kind of pro
essing only makes sense in

a non-subspa
e framework. In se
tion 8.6, we then dis
uss one exponentially

weighted adaptive pro
essing method for dire
t blind symbol estimation (like

before, we do not 
onsider dire
t blind equalizer estimation). This method is

further dis
ussed in se
tion 8.7. The 
omputational 
omplexity is examined

in se
tion 8.8. Finally, simulations results and 
on
lusions are presented in

se
tions 8.9 and 8.10, respe
tively.

8.1 Windowed Adaptive Pro
essing

For the windowed adaptive pro
essing approa
h, we 
onsider the data model

presented in se
tion 7.1, with n = kN + a, where k is some variable time index

and a again represents the pro
essing delay, and � = w, where w represents

the window length we will apply (w � K). Let us then de�ne

s

1;k

=

h

s

1

[k℄ s

1

[k + 1℄ � � � s

1

[k + w � 1℄

i

;

147
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Using (2.1) and (7.4), it is 
lear that this ve
tor is `
ontained' in x

1;kN

:

x

1;kN

=

h

s

1

[k℄


1

[k℄ � � � s

1

[k + w � 1℄


1

[k + w � 1℄

i

= s

1;k

C

1;k

; (8.1)

where 


1

[k℄ is de�ned in (7.10) and C

1;k

is the w � wN 
ode matrix, de�ned

as

C

1;k

=

2

6

6

4




1

[k℄

.

.

.




1

[k + w � 1℄

3

7

7

5

: (8.2)

The ve
tor x

1;kN

is a row of every input matrix from the set fX

kN+a

g

L

1

a=�Q

and is therefore `
ontained' in every output matrix from the set fY

kN+a

g

L

1

a=�Q

.

Introdu
ing the notation

s

(l)

1;k

=

h

s

1

[k℄ s

1

[k + 1℄ � � � s

1

[k + l � 1℄

i

; (8.3)

where the supers
ript indi
ates the number of data symbols in the ve
tor, the

windowed adaptive pro
essing problem addressed here is the following. At

time index k (k = 0; 1; : : : ;K � w), 
ompute s

(k+w)

1;0

, whi
h is de�ned using

the notation of (8.3) and 
onsists of the length-w segments s

1;0

; s

1;1

; : : : ; s

1;k

,

from fY

a

g

A

2

a=A

1

; fY

N+a

g

A

2

a=A

1

; : : : ; fY

kN+a

g

A

2

a=A

1

, with �Q � A

1

� A

2

� L

1

(A = A

2

�A

1

+ 1), based only on the knowledge of the 
ode sequen
e 


1

[n℄.

Remark 8.1.1 We 
an also exploit the information present in fY

kN+a

g

A

2

a=A

1

,

for k = �w + 1;�w + 2; : : : ;�1 and k = K � w + 1;K � w + 2; : : : ;K � 1.

However, sin
e notation then be
omes rather 
umbersome, we will not use this

information in the theoreti
al derivations. To generate the simulation results

presented in se
tion 8.9, on the other hand, we will use this information. 2

Remark 8.1.2 Note that in 
ase of time varying 
hannels, w should not be


hosen larger than the 
oheren
e time of the 
hannels. 2

To solve the above windowed adaptive pro
essing problem, we again 
onsider

a subspa
e framework as well as a non-subspa
e framework.

8.1.1 Subspa
e Framework

Let us assume that additive noise is present in Y

kN+a

(k = 0; 1; : : : ;K�w and

a = A

1

; A

1

+ 1; : : : ; A

2

). Cal
ulating the SVD of Y

kN+a

then leads to

Y

kN+a

=

^

U

kN+a

^

�

kN+a

^

V

H

kN+a

;
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where

^

�

kN+a

is a diagonal matrix (diagonal elements in des
ending order) of

the same size as Y

kN+a

and

^

U

kN+a

and

^

V

kN+a

are square unitary matri
es.

For an estimate r̂ of the system order r, let us then de�ne the wN � r̂ matrix

^

V

s

kN+a

as the 
olle
tion of the �rst r̂ 
olumns of

^

V

kN+a

(we de�ne the 
olle
tion

of the last wN � r̂ 
olumns of

^

V

kN+a

as

^

V

n

kN+a

). At time index k (k =

0; 1; : : : ;K � w), we then solve the following minimization problem:

min

s

(k+w)

1;0

;

^

f

s

1;0:k

fk

^

f

s

1;0:k

^

V

sH

0:k

� s

(k+w)

1;0

C

1;0:k

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

(k+w)

1;0

and/or

^

f

s

1;0:k

,

(8.4)

where

^

f

s

1;0:k

represents a 
olle
tion of k + 1 linear super 
hip equalizers of size

1�Ar̂,

^

V

s

0:k

is the (k + 1)AwN � (k + 1)Ar̂ matrix, given by

^

V

s

0:k

=

2

6

6

6

6

4

^

V

s

0

^

V

s

1

.

.

.

^

V

s

k

3

7

7

7

7

5

;

and C

1;0:k

is the (k + w) � (k + 1)AwN matrix, given by

C

1;0:k

=

2

6

6

6

6

6

6

4

C

1;0

0

.

.

.

0

0

C

1;1

.

.

.

0

.

.

.

0

.

.

.

0

C

1;k

3

7

7

7

7

7

7

5

;

with

^

V

s

k

the AwN �Ar̂ matrix, given by

^

V

s

k

=

2

6

6

4

^

V

s

kN+A

1

.

.

.

^

V

s

kN+A

2

3

7

7

5

;

and C

1;k

the AwN �Ar̂ matrix, given by

C

1;k

=

h

C

1;k

� � � C

1;k

i

:

8.1.2 Non-Subspa
e Framework

Let us assume that additive noise is present in Y

kN+a

(k = 0; 1; : : : ;K�w and

a = A

1

; A

1

+ 1; : : : ; A

2

). At time index k (k = 0; 1; : : : ;K � w), we then solve
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the following minimization problem:

min

s

(k+w)

1;0

;f

1;0:k

fkf

1;0:k

Y

0:k

� s

(k+w)

1;0

C

1;0:k

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

(k+w)

1;0

and/or f

1;0:k

,

(8.5)

where f

1;0:k

represents a 
olle
tion of k + 1 linear super 
hip equalizers of size

1�A(Q+1)M and Y

0:k

is the (k+1)A(Q+1)M � (k+1)AwN matrix, given

by

Y

0:k

=

2

6

6

6

6

4

Y

0

Y

1

.

.

.

Y

k

3

7

7

7

7

5

;

with Y

k

the A(Q+ 1)M �AwN matrix, given by

Y

k

=

2

6

6

4

Y

kN+A

1

.

.

.

Y

kN+A

2

3

7

7

5

:

8.1.3 Constraint

In the following se
tion, we dis
uss di�erent windowed adaptive pro
essing

methods based on (8.4) and (8.5). We only fo
us on dire
t blind symbol esti-

mation and make use of only one 
onstraint:

C4 Linear 
onstraint on the data symbols:

s

(k+w)

1;0

(1 : k � l) = s

(k�l)

1;0

=
^
s

(k�l)

1;0

(assume k > l and l > �w),

where
^
s

(k�l)

1;0

is de�ned as

^
s

(k�l)

1;0

=

h

ŝ

1

[0℄ ŝ

1

[1℄ � � � ŝ

1

[k � l� 1℄

i

;

with ŝ

1

[k � l℄ representing the hard estimate of s

1

[k � l℄ made at time

index k.

Applying 
onstraint C4 will result in an RLS algorithm with a �xed 
omputa-

tional 
omplexity per data symbol period.

Remark 8.1.3 Note that 
onstraint C4 imposes some kind of de
ision feed-

ba
k. The parameter l determines the degree of de
ision feedba
k. It is a

design parameter to 
hange the number of unknown data symbols or memory

size w + l, on
e w is �xed. 2
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8.2 Dire
t Blind Symbol Estimation

In this se
tion, we dis
uss two windowed adaptive pro
essing methods for dire
t

blind symbol estimation.

8.2.1 Windowed Adaptive Method WAM1

This method is based on the elimination of

^

f

s

1;0:k

from (8.4). Hen
e, we do not

impose a non-triviality 
onstraint on

^

f

s

1;0:k

. Solving (8.4) for

^

f

s

1;0:k

leads to the

following relation:

^

f

s

1;k

= s

(k+w)

1;0

C

1;0:k

^

V

s

0:k

:

Substituting the above result in (8.4), we obtain the following minimization

problem:

min

s

(k+w)

1;0

fks

(k+w)

1;0

C

1;0:k

(I�

^

V

s

0:k

^

V

sH

0:k

)k

2

g;

s.t. a non-triviality 
onstraint imposed on s

(k+w)

1;0

,

whi
h is equivalent to

min

s

(k+w)

1;0

fks

(k+w)

1;0

C

1;0:k

^

V

n

0:k

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

(k+w)

1;0

,

(8.6)

where

^

V

n

0:k

is the (k + 1)AwN � (k + 1)A(wN � r̂) matrix, given by

^

V

n

0:k

=

2

6

6

6

6

4

^

V

n

0

^

V

n

1

.

.

.

^

V

n

k

3

7

7

7

7

5

;

with

^

V

n

k

the AwN �A(wN � r̂) matrix, given by

^

V

n

k

=

2

6

6

4

^

V

n

kN+A

1

.

.

.

^

V

n

kN+A

2

3

7

7

5

:

We fo
us on 
onstraint C4. Note that the size of the minimization problem (8.6)

grows with k. This problem will be dealt with.
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Example 8.2.1 (
onstraint C4) If we use 
onstraint C4 as a non-triviality


onstraint, (8.6) be
omes the following minimization problem at time index k:

min

s

(w+l)

1;k�l

fks

(w+l)

1;k�l

�

C

1;0:k

^

V

n

0:k

� b

1;0:k

^

V

n

0:k

k

2

g; (8.7)

where s

(w+l)

1;k�l

is de�ned using the notation of (8.3),

�

C

1;0:k

is the (w + l)� (k +

1)wN matrix, given by

�

C

1;0:k

= C

1;0:k

(k � l + 1 : k + w; :);

and b

1;0:k

is the 1� (k + 1)AwN ve
tor, de�ned as

b

1;0:k

=
^
s

(k�l)

1;0

C

1;0:k

(1 : k � l; :): (8.8)

This LS problem 
an be solved re
ursively by an RLS algorithm based on QR

updating with an R-matrix of �xed size (w+ l)� (w+ l), as we will show next.

First, rewrite (8.7) as

min

s

(w+l)

1;k�l

fk

^

V

nT

0:k

f
f

�

C

T

1;0:k

gfrfs

(w+l)T

1;k�l

g �

^

V

nT

0:k

b

T

1;0:k

k

2

g; (8.9)

where f
f�g represents a 
ipping of the 
olumns and frf�g represents a 
ipping

of the rows. The reason for this modi�ed representation will be explained later

on. To solve (8.9), we 
an make use of the QRD [GVL89℄. The QRD of the

matrix

h

^

V

nT

0:k

f
f

�

C

T

1;0:k

g

^

V

nT

0:k

b

T

1;0:k

i

;

fo
using on all 
olumns but the last, is given by

h

^

V

nT

0:k

f
f

�

C

T

1;0:k

g

^

V

nT

0:k

b

T

1;0:k

i

=

h

Q

k

?

i

"

R

k

z

k

O ?

#

; (8.10)

where Q

k

R

k

is the QRD of

^

V

nT

0:k

f
f

�

C

T

1;0:k

g and

h

Q

k

?

i

is unitary. Note that

R

k

has size (w + l)� (w + l). We assume

^

V

nT

0:k

f
f

�

C

T

1;0:k

g has full 
olumn rank.

The solution of (8.9) then satis�es

R

k

frfs

(w+l)T

1;k�l

g = z

k

; (8.11)

whi
h 
an be solved through ba
ksubstitution.

Assume now that R

k

and z

k

are known. The aim is then to �nd an eÆ
ient

updating rule to update R

k

and z

k

into R

k+1

and z

k+1

. For this, we �rst

have to �nd ŝ

1

[k � l℄ (to update
^
s

(k�l)

1;0

into
^
s

(k+1�l)

1;0

). As mentioned, ŝ

1

[k � l℄
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represents the hard estimate of s

1

[k � l℄ made at time index k, i.e., made by

solving (8.11) for s

1

[k�l℄ and mapping the solution on the 
losest (in Eu
lidean

distan
e) element of 
. Sin
e s

1

[k � l℄ is the last element of frfs

(w+l)T

1;k�l

g, only

the �rst step of the ba
ksubstitution s
heme to solve (8.11) has to be exe
uted

in order to �nd ŝ

1

[k� l℄ (parallel implementation possible). This is the reason

why we used the representation of (8.9) instead of (8.7). So, ŝ

1

[k�l℄ is obtained

as

ŝ

1

[k � l℄ = proj




n

z

k

(w + l)

R

k

(w + l; w + l)

o

:

On
e we have found ŝ

1

[k � l℄ we are ready to update R

k

and z

k

in a se
ond

step.

First, we 
onsider l � 0 (w + l � w). From (8.10) we 
an then derive

h

^

V

nT

0:k+1

f
f

�

C

T

1;0:k+1

g

^

V

nT

0:k+1

b

T

1;0:k+1

i

=

"

0

^

V

nT

0:k

f
f

�

C

T

1;0:k

(:; 2 : l+ w)g b

T

1;0:k

�

^

V

nT

0:k

�

C

T

1;0:k

(:; 1)ŝ

1

[k � l℄

^

V

nT

k+1

f
fC

T

1;k+1

g O 0

#

=

"

Q

k

? O

O O I

#

2

6

4

0 R

k

(:; 1 : l+ w � 1) z

k

�R

k

(:; l + w)ŝ

1

[k � l℄

O ?

^

V

nT

k+1

f
fC

T

1;k+1

g O 0

3

7

5

| {z }

~

R

=

"

Q

k

? O

O O I

#

~

P

2

6

4

R z

O ?

O ?

3

7

5

=

h

Q ? ?

i

2

6

4

R z

O ?

O ?

3

7

5

; (8.12)

where

~

P

H

is a unitary transformation matrix that triangularizes

~

R, ex
ept

for the last 
olumn. Note that this triangularization 
an be performed by

transforming only the �rst and third blo
krow of

~

R. If we now 
ompare (8.12)

with

h

^

V

nT

0:k+1

f
f

�

C

T

1;0:k+1

g

^

V

nT

0:k+1

b

T

1;0:k+1

i

=

h

Q

k+1

?

i

"

R

k+1

z

k+1

O ?

#

;

we see that the matri
es R and z in (8.12) are the matri
es R

k+1

and z

k+1

sought for. Keeping in mind that

~

P

H

only transforms the �rst and third

blo
krow of

~

R, the updating formula for R

k

and z

k

is given by

"

R

k+1

z

k+1

O ?

#
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P

H

"

0 R

k

(:; 1 : w + l� 1) z

k

�R

k

(:; w + l)ŝ

1

[k � l℄

^

V

nT

k+1

f
fC

T

1;k+1

g O 0

#

;

where P is obtained by removing the part of

~

P 
orresponding to the se
ond

blo
krow of

~

R.

When we 
onsider �w < l < 0 (0 < w+ l < w), the updating formula for R

k

and z

k

is derived in a similar fashion and is given by

"

R

k+1

z

k+1

O ?

#

 

P

H

"

0 R

k

(:; 1 : w + l� 1) z

k

�R

k

(:; w + l)ŝ

1

[k � l℄

^

V

nT

k+1

f
fC

T

1;k+1

(:;�l+ 1 : w)g �

^

V

nT

k+1

C

T

1;k+1

(:; 1 : �l)
^
s

(�l)T

1;k+1

#

:

Applying Householder QR updating [GVL89℄, the 
omputational 
omplexity

per data symbol period is

8A(wN � r̂)(w + l)

2


ops: (8.13)

It is 
lear that, while the size of the minimization problem (8.6) grows with

k, the 
omputational 
omplexity per data symbol period is independent of k.

For l � 0, method WAM1 with 
onstraint C4 is summarized in table 8.1 (see

se
tion 8.3.1 for initialization and termination details). The modi�
ations for

�w < l < 0 are straightforward. 2

8.2.2 Windowed Adaptive Method WAM2

We 
onsider (8.5) as a minimization problem in s

(k+w)

1;0

. We fo
us on 
onstraint

C4. Note that the size of the minimization problem (8.5) grows with k. This

problem will be dealt with.

Example 8.2.2 (
onstraint C4) If we use 
onstraint C4 as a non-triviality


onstraint, (8.5) be
omes the following minimization problem at time index k:

min

s

(w+l)

1;k�l

;f

1;0:k

fk

h

f

1;0:k

s

(w+l)

1;k�l

i

"

Y

0:k

�

�

C

1;0:k

#

� b

1;0:k

k

2

g: (8.14)

This LS problem 
an be solved re
ursively by an RLS algorithm based on QR

updating with an R-matrix of �xed size (A(Q+1)M+w+l)�(A(Q+1)M+w+l),

as we will show next.
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1. initialization:

"

R z

O ?

#

 P

H

"

^

V

nT

0

f
fC

T

1;0

(:; 2 : w)g

^

V

nT

0

C

T

1;0

(:; 1)ŝ

1

[0℄

#

for k = 0; : : : ; l

� update R and z

2

6

4

R z

O ?

3

7

5

 P

H

2

6

4

0 R z

0 0 0

�f
fC

T

1;k+1

g O 0

3

7

5

2. propagation:

for k = l + 1; : : : ;K � w � 1

� make de
ision on data symbol

ŝ

1

[k � l℄ = proj




n

z(w + l)

R(w + l; w + l)

o

� update R and z

"

R z

O ?

#

 

P

H

"

0 R(:; 1 : w + l � 1) z�R(:; w + l)ŝ

1

[k � l℄

^

V

nT

k+1

f
fC

T

1;k+1

g O 0

#

3. termination:

for k = K �w; : : : ;K + l � 2 (we de�ne � = k �K +w)

� make de
ision on data symbol

ŝ

1

[k � l℄ = proj




n

z(w + l � �)

R(w + l� �;w + l � �)

o

� update R and z

"

R z

0 ?

#

 

"

R(:; 1 : w + l� � � 1) z�R(:; w + l� �)ŝ

1

[k � l℄

#

make de
ision on data symbol

ŝ

1

[K � 1℄ = proj




n

z(1)

R(1; 1)

o

Table 8.1: Method WAM1 with 
onstraint C4 (l � 0).
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First, rewrite (8.14) as

min

s

(w+l)

1;k�l

;f

1;0:k

fk

h

Y

T

0:k

�f
f

�

C

T

1;0:k

g

i

"

f

T

1;0:k

frfs

(w+l)T

1;k�l

g

#

� b

T

1;0:k

k

2

g; (8.15)

where f
f�g represents a 
ipping of the 
olumns and frf�g represents a 
ipping

of the rows. The reason for this modi�ed representation will be explained later

on. To solve (8.15), we 
an make use of the QRD [GVL89℄. The QRD of the

matrix

h

Y

T

0:k

�f
f

�

C

T

1;0:k

g b

T

1;0:k

i

;

fo
using on all 
olumns but the last, is given by

h

Y

T

0:k

�f
f

�

C

T

1;0:k

g b

T

1;0:k

i

=

h

Q

(1)

k

Q

(2)

k

?

i

2

6

6

4

R

(1;1)

k

R

(1;2)

k

z

(1)

k

O R

(2;2)

k

z

(2)

k

O O ?

3

7

7

5

=

h

Q

k

?

i

"

R

k

z

k

O ?

#

; (8.16)

where Q

k

R

k

is the QRD of

h

Y

T

0:k

�f
f

�

C

T

1;0:k

g

i

and

h

Q

k

?

i

is unitary.

Note that R

(1;1)

k

has size (k + 1)A(Q + 1)M � (k + 1)A(Q + 1)M and R

(2;2)

k

has size (w + l) � (w + l). We assume

h

Y

T

0:k

�f
f

�

C

T

1;0:k

g

i

has full 
olumn

rank. The solution for s

(w+l)

1;k�l

of (8.15) then satis�es

R

(2;2)

k

frfs

(w+l)T

1;k�l

g = z

(2)

k

; (8.17)

whi
h 
an be solved through ba
ksubstitution.

Assume now that R

(2;2)

k

and z

(2)

k

are known. The aim is then to �nd an eÆ
ient

updating rule to update R

(2;2)

k

and z

(2)

k

into R

(2;2)

k+1

and z

(2)

k+1

. Note that this

updating 
an be performed without the knowledge of R

(1;1)

k

, R

(1;2)

k

and z

(1)

k

.

For this, we �rst have to �nd ŝ

1

[k � l℄ (to update
^
s

(k�l)

1;0

into
^
s

(k+1�l)

1;0

). As

mentioned, ŝ

1

[k� l℄ represents the hard estimate of s

1

[k� l℄ made at time index

k, i.e., made by solving (8.17) for s

1

[k � l℄ and mapping the solution on the


losest (in Eu
lidean distan
e) element of 
. Sin
e s

1

[k� l℄ is the last element

of frfs

(w+l)T

1;k�l

g, only the �rst step of the ba
ksubstitution s
heme to solve (8.17)

has to be exe
uted in order to �nd ŝ

1

[k� l℄ (parallel implementation possible).

This is the reason why we used the representation of (8.15) instead of (8.14).

So, ŝ

1

[k � l℄ is obtained as

ŝ

1

[k � l℄ = proj




n

z

(2)

k

(w + l)

R

(2;2)

k

(w + l; w + l)

o

:
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On
e we have found ŝ

1

[k� l℄ we are ready to update R

(2;2)

k

and z

(2)

k

in a se
ond

step.

First, we 
onsider l � 0 (w + l � w). From (8.16) we 
an then derive (d =

A(Q+ 1)M)

h

Y

T

0:k+1

�f
f

�

C

T

1;0:k+1

g b

T
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i
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"
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T
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O 0 �f
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�

C

T
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T

1;0:k

+

�
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1

[k � l℄

O Y

T
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�f
fC
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(1)

k

�R
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k
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1
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O O

d

O 0
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k

(:; 1 : l + w � 1) z

(2)

k
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O Y

T
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�f
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g O 0

3

7
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5

| {z }

~
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=

"
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k

? O

O O O O I

#

~
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~
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(2;2)
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Q
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O �

?

? ?

O O R
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O O O ?
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7

7

7

7

7

5

; (8.18)

where

~

P

H

is a unitary transformation matrix that triangularizes

~

R, ex
ept

for the last 
olumn. Note that this triangularization 
an be performed by

transforming only the se
ond, third and �fth blo
krow of

~

R. If we now 
om-

pare (8.18) with

h

Y

T

0:k+1

�f
f

�

C

T

1;0:k+1

g b

T

1;0:k+1

i
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=

h

Q

(1)

k+1

Q

(2)

k+1

?

i

2

6

6

4

R

(1;1)

k+1

R

(1;2)

k+1

z

(1)

k+1

O R

(2;2)

k+1

z

(2)

k+1

O O ?

3

7

7

5

;

we see that the matri
es R

(2;2)

and z

(2)

in (8.18) are the matri
es R

(2;2)

k+1

and

z

(2)

k+1

sought for. Keeping in mind that

~

P

H

only transforms the se
ond, third

and �fth blo
krow of

~

R, the updating formula for R

(2;2)

k

and z

(2)

k

is given by

(d = A(Q+ 1)M)

2

6

4

�

?

? ?

O R

(2;2)

k+1

z

(2)

k+1

O O ?

3

7

5
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O
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O 0
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k

(:; 1 : w + l � 1) z
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k

�R
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k

(:; w + l)ŝ

1

[k � l℄

Y

T

k+1

�f
fC

T

1;k+1

g O 0

3

7

5

;

where P is obtained by removing the part of

~

P 
orresponding to the �rst and

fourth blo
krow of

~

R.

When we 
onsider �w < l < 0 (0 < w + l < w), the updating formula for

R

(2;2)

k

and z

(2)

k

is derived in a similar fashion and is given by (d = A(Q+1)M)

2

6

4

�

?

? ?

O R
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z

(2)

k+1

O O ?

3
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O

d

O 0

O 0 R
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k

(:; 1 : w + l � 1) z

(2)

k

�R
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k

(:; w + l)ŝ

1

[k � l℄

Y

T

k+1

�f
fC

T
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(:;�l + 1 : w)g C

T

1;k+1

(:; 1 : �l)
^
s

(�l)T

1;k+1

3

7

5

:

Applying Householder QR updating [GVL89℄, the 
omputational 
omplexity

per data symbol period is

8AwN(A(Q+ 1)M + w + l)

2


ops: (8.19)

It is 
lear that, while the size of the minimization problem (8.5) grows with

k, the 
omputational 
omplexity per data symbol period is independent of k.

For l � 0, method WAM2 with 
onstraint C4 is summarized in table 8.2 (see

se
tion 8.3.1 for initialization and termination details). The modi�
ations for

�w < l < 0 are straightforward. 2
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1. initialization:
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5

for k = 0; : : : ; l

� update R and z
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O R z
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2. propagation:

for k = l + 1; : : : ;K � w � 1

� make de
ision on data symbol

ŝ

1

[k � l℄ = proj




n

z(w + l)

R(w + l; w + l)

o

� update R and z

2

6

4

�

?

? ?

O R z

O O ?

3

7

5

 

P

H

2

6

4

O

d

O 0

O 0 R(:; 1 : w + l� 1) z�R(:; w + l)ŝ

1

[k � l℄

Y

T

k+1

�f
fC

T

1;k+1

g O 0

3

7

5

3. termination:

for k = K �w; : : : ;K + l � 2 (we de�ne � = k �K +w)

� make de
ision on data symbol

ŝ

1

[k � l℄ = proj




n

z(w + l � �)

R(w + l� �;w + l � �)

o

� update R and z

"

R z

0 ?

#

 

"

R(:; 1 : w + l� � � 1) z�R(:; w + l� �)ŝ

1

[k � l℄

#

make de
ision on data symbol

ŝ

1

[K � 1℄ = proj




n

z(1)

R(1; 1)

o

Table 8.2: Method WAM2 with 
onstraint C4 (l � 0).
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8.3 Further Dis
ussion

8.3.1 Initialization and Termination

Applying 
onstraint C4, we need some kind of initialization to start the adap-

tive pro
edure. Therefore, we assume the knowledge of the �rst transmitted

data symbol s

1

[0℄ (hen
e, ŝ

1

[0℄ = s

1

[0℄). The termination, on the other hand,

solves s

(w+l)

1;K�w�l

(the unknown data symbols for the time index k = K � w)

through ba
ksubstitution. This initialization and termination pro
edure is il-

lustrated in the full des
ription of methods WAM1 and WAM2 with 
onstraint

C4 (see tables 8.1 and 8.2).

8.3.2 Relations with Existing Algorithms

As for the blo
k pro
essing methods based on dire
t symbol estimation, the

proposed windowed adaptive pro
essing methods based on dire
t blind sym-

bol estimation have to the best of our knowledge not yet been studied in the

literature.

For a TDMA system with multiple users per time 
hannel (no 
oding), a

method similar to method WAM1 with 
onstraint C4 for l = �w + 1 is dis-


ussed in [GS96℄. This method relies on de
ision feedba
k to suppress the

ISI as well as the MUI. Therefore, this method heavily depends on a good

initialization step, e.g., a rather 
omplex initialization based on blo
k pro
ess-

ing [LX97, vdVTP97℄ (see se
tion 7.5.2). If a wrong starting point is 
hosen,

the method will not be able to 
onverge. In a DS-CDMA system, the use of


oding prevents this problem.

8.3.3 Other Constraints

If the data symbols belong to a 
onstant modulus 
onstellation (assume the

modulus of all the elements in 
 is �), we 
an also 
ombine 
onstraint C4 with

a norm 
onstraint on the data symbols:

s

(k�l)

1;0

=
^
s

(k�l)

1;0

and ks

(w+l)

1;k�l

k

2

= (w + l)�

2

(assume k > l and l > �w).

Applying this 
onstraint for one of the methods dis
ussed in se
tion 8.2 will

result in an RTLS algorithm with a �xed 
omputational 
omplexity per data

symbol period. In the subspa
e framework and for a TDMA system with a

single user per time 
hannel (no 
oding), su
h an RTLS algorithm has been

dis
ussed in [VM98a℄ (see also [Van99℄). This algorithm 
an easily be extended

for the DS-CDMA system under 
onsideration.
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WAM 
onstr. 
omplexity (
ops)

WAM1 C4 8A(wN � r̂)(w + l)

2

WAM2 C4 8AwN(A(Q+ 1)M + w + l)

2

Table 8.3: Computational 
omplexity of the windowed adaptive pro
essing

methods.

We 
an also make use of a �nite alphabet 
onstraint on the data symbols:

s

(k+w)

1;0

2 


1�(k+w)

:

Applying this 
onstraint for one of the methods dis
ussed in se
tion 8.2 will

result in a Viterbi algorithm with a �xed 
omputational 
omplexity per data

symbol period. In the subspa
e framework and for a TDMA system with a

single user per time 
hannel (no 
oding), su
h a Viterbi algorithm has been

dis
ussed in [VM96℄ (see also [Van99℄). This algorithm 
an easily be extended

for the DS-CDMA system under 
onsideration. Note that another multi-user

extension of the Viterbi algorithm of [VM96℄ 
an be found in [VM98b℄. This

algorithm is based on the use of linear blo
k 
oding.

8.4 Computational Complexity

The 
omputational 
omplexities derived in se
tion 8.2 are summarized in ta-

ble 8.3. Note that for the subspa
e windowed adaptive pro
essing method

(method WAM1), this 
omplexity does not yet in
lude the 
omputational 
om-

plexity of the subspa
e prepro
essing step. A subspa
e windowed adaptive pro-


essing method requires the set of matri
es f

^

V

kN+a

g

A

2

a=A

1

at time index k. Like

in the previous 
hapter, two subspa
e prepro
essing approa
hes 
an be used (we

will refer to them as WAP subspa
e prepro
essing approa
hes sin
e they are

used for windowed adaptive pro
essing). The �rst approa
h 
omputes the SVD

of Y

n

for every n satisfying A

1

� n�Nbn=N
 � A

2

or A

1

� n�Ndn=Ne � A

2

from s
rat
h, e.g., using the algorithm of [DBMS79℄. At time index k, we then


onsider the de
ompositions 
orresponding to fn = kN + ag

A

2

a=A

1

. This ap-

proa
h has the following 
omputational 
omplexity per data symbol period:

minfA;Ng(16w

2

N

2

(Q+ 1)M + 12wN(Q+ 1)

2

M

2

) 
ops: (8.20)

Note that for A � N , this 
omplexity is independent of A. The se
ond approa
h


omputes the SVD ofY

n

for every n in a re
ursive fashion, e.g., using a modi�ed

version of the algorithm of [MDPM95℄ that 
omputes the SVD based on a QR

up- and downdating step followed by n

it

Ja
obi iterations. At time index k, we

then again 
onsider the de
ompositions 
orresponding to fn = kN + ag

A

2

a=A

1

.
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This approa
h has the following 
omputational 
omplexity per data symbol

period:

N(18w

2

N

2

+(29+36n

it

)(Q+1)

2

M

2

+(24+18n

it

)wN(Q+1)M) 
ops: (8.21)

Note that this 
omplexity is independent of A.

Remark 8.4.1 Note that if r̂ = (Q + 1)M the 
omplexity of the two WAP

subspa
e prepro
essing approa
hes 
an be de
reased be
ause

^

V

kN+a


an then

be 
omputed from the QRD of Y

kN+a

. However, this will not be 
onsidered

in this work. 2

Remark 8.4.2 Like in the previous 
hapter, to obtain the simulation results

presented in se
tion 8.9, we will always make use of the �rst approa
h. The

results for the se
ond approa
h are approximately the same, even for n

it

= 1.

2

Numeri
al example: We 
onsider the same system parameters as in the nu-

meri
al example of se
tion 7.6: J = 2, M = 4, L

1

= 2, L

2

= 4 and N = 2.

Remember that these parameters 
orrespond to system 1 of se
tion 7.10. We

further take Q = 4.

We �rst 
ompare the 
omputational 
omplexity per data symbol period of the

two WAP subspa
e prepro
essing approa
hes dis
ussed above (for the se
ond

approa
h, we take n

it

= 1, whi
h usually is suÆ
ient). The results are shown

in �gure 8.1. From this �gure it is 
lear that the se
ond approa
h is always


heaper than the �rst approa
h.

Next, we 
ompare the 
omputational 
omplexity per data symbol period of the

di�erent methods dis
ussed in se
tion 8.2. We only 
onsider A = 1 and A = 3

and we investigate two values of l: l = 0 and l = �w + 1. For the subspa
e

windowed adaptive pro
essing method (method WAM1) we examine two values

of r̂: r̂ = r (when r is exa
tly estimated) and r̂ = (Q + 1)M (when r is not

estimated). In �gure 8.2, we 
ompare the 
omputational 
omplexity per data

symbol period of method WAM1 with 
onstraint C4, in
luding the se
ondWAP

subspa
e prepro
essing approa
h (n

it

= 1), with the 
omputational 
omplexity

per data symbol period of method WAM2 with 
onstraint C4. We observe that

for a small value of A and l method WAM2 with 
onstraint C4 
an be
ome


heaper than method WAM1 with 
onstraint C4, in
luding the se
ond WAP

subspa
e prepro
essing approa
h. However, for larger values of A and/or l,

this is no longer the 
ase.

To show the potential 
omputational advantage of adaptive pro
essing over

blo
k pro
essing, we �nally 
ompare the 
omputational 
omplexity of method

WAM1 with 
onstraint C4 (w = 20), in
luding the se
ond WAP subspa
e pre-

pro
essing approa
h (n

it

= 1), with the 
omputational 
omplexity of method
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Figure 8.1: Complexity of the WAP subspa
e prepro
essing step as a fun
tion

of w (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).
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Figure 8.2: Complexity 
omparison of method WAM1 with 
onstraint C4,

in
luding the se
ond subspa
e prepro
essing approa
h (n

it

= 1), with method

WAM2 with 
onstraint C4 as a fun
tion of w for A = 1, in the left �gure, and

A = 3, in the right �gure (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).
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Figure 8.3: Complexity 
omparison of method WAM1 with 
onstraint C4 (w =

20), in
luding the se
ond WAP subspa
e prepro
essing approa
h (n

it

= 1),

with method BM1 with 
onstraint C1, in
luding the se
ond BP subspa
e pre-

pro
essing approa
h (n

it

= 1), as a fun
tion of K for A = 1, in the left �gure,

and A = 3, in the right �gure (J = 2, M = 4, L

1

= 2, L

2

= 4, N = 2, Q = 4).

BM1 with 
onstraint C1, in
luding the se
ond BP subspa
e prepro
essing ap-

proa
h (n

it

= 1). Note that method BM1 with 
onstraint C1 is the blo
k

pro
essing method that is the most related to method WAM1 with 
onstraint

C4. The results are shown in �gure 8.3. We noti
e that over the range of

burst lengths that is shown, method BM1 with 
onstraint C1, in
luding the

se
ond BP subspa
e prepro
essing approa
h, requires the most 
omputations.

Moreover, its 
omplexity in
reases more rapidly with the burst length K than

the 
omplexity of method WAM1 with 
onstraint C4, in
luding the se
ond

WAP subspa
e prepro
essing approa
h.

8.5 Exponentially Weighted Adaptive Pro
ess-

ing

For the exponentially weighted adaptive pro
essing approa
h, we 
onsider the

same data model as for the windowed adaptive pro
essing approa
h, taking

w = 1. We further make use of a forget fa
tor � � 1.

Remark 8.5.1 Note that in 
ase of time varying 
hannels, � should be 
hosen

in 
orresponden
e with the 
oheren
e time of the 
hannels. 2
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In 
ontrast with windowed adaptive pro
essing, exponentially weighted adap-

tive pro
essing only makes sense in a non-subspa
e framework.

8.5.1 Non-Subspa
e Framework

At time index k (k = 0; 1; : : : ;K � 1), we solve the following minimization

problem (
ompare with (8.5)):

min

s

(k+1)

1;0

;f

1;k

fkf

1;k

Y

exp

0:k

� s

(k+1)

1;0

C

exp

1;0:k

k

2

g;

s.t. a non-triviality 
onstraint imposed on s

(k+1)

1;0

and/or f

1;k

,

(8.22)

where Y

exp

0:k

is the A(Q+ 1)M � (k + 1)AN matrix, given by

Y

exp

0:k

=

h

�

k

Y

0

� � � �Y

k�1

Y

k

i

;

and C

exp

1;0:k

is the (k + 1)� (k + 1)AN matrix, given by

C

exp

1;0:k

=

2

6

6

6

6

4

�

k

C

1;0

.

.

.

�C

1;k�1

C

1;k

3

7

7

7

7

5

:

Here, Y

k

and C

1;k

are de�ned like before, taking w = 1. Note that here only

one linear super 
hip equalizer f

1;k

is used, 
ommon to all subproblems (with

w = 1), while in (8.5) all subproblems (with arbitrary w) use di�erent linear

super 
hip equalizers (
ombined in f

1;0:k

).

8.5.2 Constraint

In the following se
tion, we dis
uss an exponentially weighted adaptive pro
ess-

ing method based on (8.22). Like before, we only fo
us on dire
t blind symbol

estimation and make use of only one 
onstraint:

C5 Linear 
onstraint on the data symbols:

s

(k+1)

1;0

(1 : k � l) = s

(k�l)

1;0

=
^
s

(k�l)

1;0

(assume k > l and l � 0),

where
^
s

(k�l)

1;0

is de�ned as

^
s

(k�l)

1;0

=

h

ŝ

1

[0℄ ŝ

1

[1℄ � � � ŝ

1

[k � l� 1℄

i

;
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with ŝ

1

[k � l℄ representing the hard estimate of s

1

[k � l℄ made at time

index k.

Applying 
onstraint C5 will result in an RLS algorithm with a �xed 
omputa-

tional 
omplexity per data symbol period.

Remark 8.5.2 Note that 
onstraint C5 imposes some kind of de
ision feed-

ba
k. The parameter l determines the degree of de
ision feedba
k. It is a

design parameter to 
hange the number of unknown data symbols or memory

size l + 1. 2

8.6 Dire
t Blind Symbol Estimation

In this se
tion, we dis
uss one exponentially weighted adaptive pro
essing

method for dire
t blind symbol estimation.

8.6.1 Exponentially Weighted Adaptive Method EWAM

We 
onsider (8.22) as a minimization problem in s

(k+1)

1;0

. We fo
us on 
onstraint

C5. Note that the size of the minimization problem (8.22) grows with k. This

problem will be dealt with.

Example 8.6.1 (
onstraint C5) If we use 
onstraint C5 as a non-triviality


onstraint, (8.22) be
omes the following minimization problem at time index k:

min

s

(l+1)

1;k�l

;f

1;k

fk

h

f

1;k

s

(l+1)

1;k�l

i

"

Y

exp

0:k

�

�

C

exp

1;0:k

#

� b

exp

1;0:k

k

2

g; (8.23)

where s

(l+1)

1;k�l

is de�ned using the notation of (8.3),

�

C

exp

1;0:k

is the (l+1)�(k+1)N

matrix, given by

�

C

exp

1;0:k

= C

exp

1;0:k

(k � l + 1 : k + 1; :);

and b

exp

1;0:k

is the 1� (k + 1)AwN ve
tor, de�ned as

b

exp

1;0:k

=
^
s

(k�l)

1;0

C

exp

1;0:k

(1 : k � l; :):

This LS problem 
an be solved re
ursively by an RLS algorithm based on QR

updating with an R-matrix of �xed size (A(Q+1)M+l+1)�(A(Q+1)M+l+1),

as we will show next.
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First, rewrite (8.23) as

min

s

(l+1)

1;k�l

;f

1;k

fk

h

Y

expT

0:k

�f
f

�

C

expT

1;0:k

g

i

"

f

T

1;k

frfs

(l+1)T

1;k�l

g

#

� b

expT

1;0:k

k

2

g: (8.24)

To solve (8.24), we 
an make use of the QRD [GVL89℄. The QRD of the matrix

h

Y

expT

0:k

�f
f

�

C

expT

1;0:k

g b

expT

1;0:k

i

;

fo
using on all 
olumns but the last, is given by

h

Y

expT

0:k

�f
f

�

C

expT

1;0:k

g b

expT

1;0:k

i

=

h

Q

k

?

i

"

R

k

z

k

O ?

#

; (8.25)

where Q

k

R

k

is the QRD of

h

Y

expT

0:k

�f
f

�

C

expT

1;0:k

g

i

and

h

Q

k

?

i

is unitary.

Note that R

k

has size (A(Q+1)M + l+1)� (A(Q+1)M + l+1). We assume

h

Y

expT

0:k

�f
f

�

C

expT

1;0:k

g

i

has full 
olumn rank.

Using a reasoning similar as before, ŝ

1

[k � l℄ is obtained as (d = A(Q+ 1)M)

ŝ

1

[k � l℄ = proj




n

z

k

(d+ l + 1)

R

k

(d+ l + 1; d+ l + 1)

o

and we 
an derive the following updating formula for R

k

and z

k

(d = A(Q +

1)M):

"

R

k+1

z

k+1

O ?

#

 

P

H

"

�R

k

(:; 1 : d) 0 �R

k

(:; d+ 1 : d+ l) �u

k

Y

T

k+1

�C

T

1;k+1

O 0

#

;

where

u

k

= z

k

�R

k

(:; d+ l + 1)ŝ

1

[k � l℄:

Applying Householder QR updating [GVL89℄, the 
omputational 
omplexity

per data symbol period is

8AN(A(Q+ 1)M + l + 1)

2


ops: (8.26)

It is 
lear that, while the size of the minimization problem (8.22) grows with

k, the 
omputational 
omplexity per data symbol period is independent of

k. Method EWAM with 
onstraint C5 is summarized in table 8.4 (see se
-

tion 8.7.1 for initialization and termination details). 2
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1. initialization:

"

R z

O ?

#

 P

H

"

Y

expT

0:l+1

�f
f

�

C

expT

1;0:l+1

g b

expT

1;0:l+1

#

2. propagation:

for k = l + 1; : : : ;K � 2

� make de
ision on data symbol

ŝ

1

[k� l℄ = proj




n

z(d + l + 1)

R(d+ l+ 1; d+ l + 1)

o

� update R and z

"

R z

O ?

#

 

P

H

"

�R(:; 1 : d) 0 �R(:; d+ 1 : d+ l) �(z �R(:; d+ l + 1)ŝ

1

[k � l℄)

Y

T

k+1

�C

T

1;k+1

O 0

#

3. termination:

for k = K � 1; : : : ;K + l � 2 (we de�ne � = k �K + 1)

� make de
ision on data symbol

ŝ

1

[k � l℄ = proj




n

z(d + l + 1� �)

R(d+ l + 1� �; d+ l + 1� �)

o

� update R and z

"

R z

O ?

#

 

"

�R(:; 1 : d+ l � �) �(z�R(:; d+ l + 1� �)ŝ

1

[k � l℄)

#

make de
ision on data symbol

ŝ

1

[K � 1℄ = proj




n

z(d + 1)

R(d + 1; d+ 1)

o

Table 8.4: Method EWAM with 
onstraint C5.
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8.7 Further Dis
ussion

8.7.1 Initialization and Termination

Applying 
onstraint C5, we need some kind of initialization to start the adap-

tive pro
edure. Therefore, we again assume the knowledge of the �rst trans-

mitted data symbol s

1

[0℄ (hen
e, ŝ

1

[0℄ = s

1

[0℄). The termination, on the other

hand, solves s

(l+1)

1;K�l�1

(the unknown data symbols for the time index k = K�1)

through ba
ksubstitution. This initialization and termination pro
edure is il-

lustrated in the full des
ription of method EWAM with 
onstraint C5 (see

table 8.4).

8.7.2 Relations with Existing Algorithms

The proposed exponentially-weighted adaptive pro
essing method based on

dire
t blind symbol estimation has to the best of our knowledge not yet been

studied in the literature.

8.8 Computational Complexity

The 
omputational 
omplexity of method EWAM with 
onstraint C5 is w times

smaller than the 
omputational 
omplexity of method WAM2 with 
onstraint

C4, if both methods have the same number of unknown data symbols or mem-

ory size, i.e., if the value of l+1 for method EWAM with 
onstraint C5 is equal

to the value of w + l for method WAM2 with 
onstraint C4.

8.9 Simulation Results

In this se
tion, we will perform some simulations on system 1 of se
tion 7.10

(M = 4, J = 2, N = 2, L

1

= 2, L

2

= 4 and Æ

1

= Æ

2

= 0). We assume

that the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually independent and zero-

mean white. We further assume that the additive noises fe

(m)

[n℄g

M

m=1

are

mutually independent and zero-mean white Gaussian with varian
e �

2

e

. Finally,

we assume that the system order is exa
tly estimated (r̂ = r). We only fo
us

on the performan
e of the �rst user and 
onsider two s
enarios: s
enario 1 and

s
enario 3 (see se
tion 7.10). Remember from simulation 1 in se
tion 7.10 that

s
enario 3 resulted in the best performan
e for the �rst user. We 
onsider a

burst length ofK = 151 and take Q = 4. For the windowed adaptive pro
essing
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Figure 8.4: BER of user 1 as a fun
tion of SNR for di�erent methods in a time

invariant environment (system 1, r̂ = r, Q = 4, K = 151).

methods we take w = 20. For the exponentially weighted adaptive pro
essing

method we take l = 19.

Simulation 1: We �rst 
onsider a set of time invariant 
hannels (the same set

as used in se
tion 7.10). We assume that all users have the same re
eived

power. The SNR at the input of the re
eiver is de�ned as in (7.58). In �g-

ure 8.4, we show the performan
e of di�erent adaptive pro
essing methods

and 
ompare it with the performan
e of method BM1 with 
onstraint C1. As


ould be expe
ted, the blo
k pro
essing method has a better performan
e than

the adaptive pro
essing methods, be
ause it exploits the fa
t that the 
han-

nels are time invariant. However, we have seen in se
tion 8.4, that this better

performan
e goes at the expense of a larger 
omputational 
omplexity.

Simulation 2: In this se
ond simulation, we 
onsider a set of time varying


hannels (see remarks 8.1.2 and 8.5.1). We assume a Doppler frequen
y of 100

Hz (speed of 120 km/h for a 
arrier frequen
y of 900 MHz) and a data symbol

rate of 50 ksymbols/s. Figure 8.5 shows the typi
al time variation of a 
hannel

tap. We assume that all users have the same average (over time) re
eived power.

The SNR at the input of the re
eiver is de�ned as the average (over time) of

the SNR de�ned in (7.58). In �gure 8.6, we show the same results as in

�gure 8.4, but now for time varying 
hannels. We see that the blo
k pro
essing

method 
an no longer be used, while the adaptive pro
essing methods still show

a reasonable performan
e. Note that it would also be possible to split the burst

into di�erent parts and apply the blo
k pro
essing method on all these parts

separately, redu
ing the time variation of the 
hannels over one part. However,

this will not be investigated in this work.
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Figure 8.5: Typi
al time variation of a 
hannel tap.
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Figure 8.6: BER of user 1 as a fun
tion of SNR for di�erent methods in a time

varying environment (system 1, r̂ = r, Q = 4, K = 151).
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Figure 8.7: BER of user 1 for di�erent windowed adaptive pro
essing methods

with 
onstraint C4 in a time varying environment as a fun
tion of l (system 1,

s
enario 1, r̂ = r, Q = 4, K = 151, SNR=10 dB).

Next, we 
onsider the in
uen
e of l on the performan
e of the windowed adap-

tive pro
essing methods with 
onstraint C4. Remember that this parameter l


an be used to 
hange the number of unknown data symbols or memory size

w + l, on
e the window length w is �xed. We only fo
us on s
enario 1 and


onsider an SNR of 10 dB. The results are shown in �gure 8.7. Clearly, there

is an optimal value of l. This 
an be explained as follows. If l de
reases, the

number of unknown data symbols de
reases and there is more 
han
e to make

an error, be
ause we make a de
ision on the data symbols too soon. On the

other hand, if l in
reases, the number of zeros in b

1;0:k

(see (8.8)) in
reases

(be
ause of the stru
ture of C

1;0:k

) and therefore the solution for s

(w+l)

1;k�l

tends

more and more to zero, leading to an in
reased BER.

8.10 Con
lusions

In this 
hapter, deterministi
 blind ST-RAKE re
eivers based on adaptive pro-


essing have been developed. First, windowed adaptive pro
essing has been

dis
ussed. We have 
onsidered a subspa
e framework as well as a non-subspa
e

framework. We have only fo
used on dire
t blind symbol estimation. Se
-

ond, exponentially weighted adaptive pro
essing has been dis
ussed. This type

of adaptive pro
essing only makes sense in a non-subspa
e framework. Like

before, we have only fo
used on dire
t blind symbol estimation.
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We have shown that there is a potential 
omputational advantage of adaptive

pro
essing over blo
k pro
essing. Moreover, simulation results have illustrated

that the proposed adaptive pro
essing methods perform well both in a time in-

variant and a time varying environment. Note that in this time varying en-

vironment the performan
e of blo
k pro
essing on a large blo
k of re
eived

samples is not satisfa
tory anymore.
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Chapter 9

Extensions for a

DMT-DS-CDMA System

In this 
hapter, we show how the deterministi
 blind ST-RAKE re
eivers based

on blo
k pro
essing, presented in 
hapter 7, 
an also be applied on a DMT-

DS-CDMA system (similar reasonings are possible for the deterministi
 blind

ST-RAKE re
eivers based on adaptive pro
essing, presented in 
hapter 8). The

data model is introdu
ed in se
tion 9.1.

We show that the use of a 
y
li
 pre�x redu
es the ICI in a DMT-DS-CDMA

system. For instan
e, if the system is syn
hronous, it is possible to look at this

system in su
h a way that it seems as if ea
h 
hannel order is redu
ed with the

length of the 
y
li
 pre�x (if it is larger than the length of the 
y
li
 pre�x)

or is redu
ed to zero (if it is smaller than or equal to the length of the 
y
li


pre�x). As a result of this redu
tion of ICI, the 
omputational 
omplexity of

the blo
k pro
essing methods, presented in 
hapter 7, 
an be redu
ed when

they are 
arried out for a tone of a DMT-DS-CDMA system w.r.t. the 
ase

they are 
arried out for the related DS-CDMA system. This will be des
ribed

in se
tion 9.2. Moreover, the simulation results presented in se
tion 9.3, show

that this redu
tion in 
omputational 
omplexity even 
omes with a performan
e

improvement. Con
lusions are given in se
tion 9.4.

Remark 9.0.1 The approa
hes we present in this 
hapter 
an be viewed

as blind and multi-user extensions of the (training-based and single-user) per

tone equalization approa
h presented in [VALM

+

99℄. Sin
e we do not require

that the system is syn
hronous (although this 
an be advantageous) and sin
e

ea
h 
hannel order does not have to be smaller than or equal to the length of

the 
y
li
 pre�x, they also extend the results of the training-based 
ombined

175
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OFDM/SDMA approa
h of [VTEDM99℄. 2

9.1 Data Model

We 
onsider a DMT-DS-CDMA system with M re
eive antennas. The data

model that will be used is given by (2.17), whi
h is repeated here for 
onve-

nien
e:

y

st

[n℄ =

J

X

j=1

+1

X

n

0

=�1

g

st

j

[n

0

℄x

j

[n� n

0

℄ + e

st

[n℄: (9.1)

At the mth re
eive antenna, we then blo
k the re
eived sequen
e y

(m)

[n℄ (blo
k

size P + �):

y

dmt(m)

[�;n℄ =

h

y

(m)

[�(P + �) + n℄ � � � y

(m)

[(� + 1)(P + �) + n� 1℄

i

T

:

We further remove the 
y
li
 pre�x of length � and perform a dis
rete Fourier

transformation (DFT):

~
y

dmt(m)

[�;n℄ = 1=

p

PF

P

P

r

y

dmt(m)

[�;n℄; (9.2)

where F

P

represents the P �P DFT matrix and P

r

is the P � (P +�) matrix,

given by

P

r

=

h

O I

P

i

:

Introdu
ing the notation

~
y

dmt(m)

[�;n℄ =

h

~y

(m)

1

[�;n℄ ~y

(m)

2

[�;n℄ � � � ~y

(m)

P

[�;n℄

i

;

and sta
king the results for the pth tone obtained from theM re
eive antennas:

~
y

st

p

[�;n℄ =

h

~y

(1)

p

[�;n℄ ~y

(2)

p

[�;n℄ � � � ~y

(M)

p

[�;n℄

i

T

;

we 
an write

~
y

st

p

[�;n℄ =

J

X

j=1

+1

X

n

0

=�1

g

st

j

[n

0

℄~x

j;p

[�;n� n

0

℄ +
~
e

st

p

[�;n℄; (9.3)

where
~
e

st

p

[�;n℄ is similarly de�ned as
~
y

st

p

[�;n℄ and

~x

j;p

[�;n℄ = 1=

p

P

P�1

X

n

0

=0

F

P

(p; n

0

+ 1)x

j

[�(P + �) + �+ n

0

+ n℄:
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Note that be
ause we use a 
y
li
 pre�x of length �, we have

~x

j;p

[�;�l℄ = e

�i2�pl=P

~x

j;p

[�℄; for l = 0; 1; : : : ; �. (9.4)

For l < 0 and l > �, ~x

j;p

[�;�l℄ in
orporates 
ontributions from other tones than

tone p at time index � as well as from tones at other time indi
es than time index

�. Further note that the DFT in (9.2) 
an be viewed as a �ltering operation and

that the presentation in (9.3) is obtained by swapping this �ltering operation

with the ve
tor 
hannel g

st

j

[n℄.

Let us then introdu
e the following (Q+1)M��N output matrix (not a Hankel

stru
ture) for the pth tone:

~

Y

p;�;n

=

2

6

6

4

~
y

st

p

[�;n℄
~
y

st

p

[� + 1;n℄ � � �
~
y

st

p

[� + �N � 1;n℄

.

.

.

.

.

.

.

.

.

~
y

st

p

[�;n+Q℄
~
y

st

p

[� + 1;n+Q℄ � � �
~
y

st

p

[� + �N � 1;n+Q℄

3

7

7

5

;

where � > 0 is the amount of DMT subsymbols `under 
onsideration' (this will

be spe
i�ed later) and Q � 0 determines the amount of temporal smoothing.

This output matrix for the pth tone 
an be written as

~

Y

p;�;n

=

J

X

j=1

G

j

~

X

j;p;�;n

+

~

E

p;�;n

; (9.5)

where

~

E

p;�;n

is similarly de�ned as

~

Y

p;�;n

, G

j

is the (Q + 1)M � r

j

(r

j

=

Q + 1 + L

j

) 
hannel matrix (with Toeplitz stru
ture) for the jth user, given

by (7.3), and

~

X

j;p;�;n

is the following r

j

� �N input matrix (not a Hankel

stru
ture) for the pth tone of the jth user:

~

X

j;p;�;n

=

h

~
x

T

j;p;�;n�Æ

j

�L

j

� � �
~
x

T

j;p;�;n�Æ

j

+Q

i

T

;

with

~
x

j;p;�;n

=

h

~x

j;p

[�;n℄ ~x

j;p

[� + 1;n℄ � � � ~x

j;p

[� + �N � 1;n℄

i

:

Note that (9.5) 
an also be written as

~

Y

p;�;n

= G

~

X

p;�;n

+

~

E

p;�;n

;

where G is the (Q+1)M �r (r =

P

J

j=1

r

j

) 
hannel matrix, given by (7.6), and

~

X

p;�;n

is the following r � �N input matrix:

~

X

p;�;n

=

h

~

X

T

1;p;�;n

� � �

~

X

T

J;p;�;n

i

T

:
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Be
ause of (9.4), whi
h is equivalent to

~
x

j;p;�;�l

= e

�i2�pl=P

~
x

j;p;�

; for l = 0; 1; : : : ; �, (9.6)

with

~
x

j;p;�

=

h

~x

j;p

[�℄ ~x

j;p

[� + 1℄ � � � ~x

j;p

[� + �N � 1℄

i

; (9.7)

we 
an rewrite model (9.5) as

~

Y

p;�;n

=

J

X

j=1

G

red

j;p;n

~

X

red

j;p;�;n

+

~

E

p;�;n

; (9.8)

where

~

X

red

j;p;�;n

is the r

red

j;n

��N input matrix obtained from

~

X

j;p;�;n

as follows.

If

~

X

j;p;�;n

has no ve
tors from the set f
~
x

j;p;�;�l

g

�

l=0

as a row or only the ve
tor

~
x

j;p;�;0

=
~
x

j;p;�

as a row, then

~

X

red

j;p;�;n

=

~

X

j;p;�;n

. Else, we remove from

~

X

j;p;�;n

all the rows that 
orrespond to ve
tors from the set f
~
x

j;p;�;�l

g

�

l=0

and insert

the ve
tor
~
x

j;p;�

at the pla
e where we have removed them. The 
orresponding

(Q + 1)M � r

red

j;n


hannel matrix G

red

j;p;n

is then easily obtained using (9.6). If

~

X

j;p;�;n

has no ve
tors from the set f
~
x

j;p;�;�l

g

�

l=0

as a row or only the ve
tor

~
x

j;p;�;0

=
~
x

j;p;�

as a row, then G

red

j;p;n

= G

j

. Else, every 
hannel matrix from

the set fG

red

j;p;n

g

P

p=1

has r

red

j;n

� 1 
olumns in 
ommon with G

j

. The position of

these 
olumns in G

j

will depend on n. The remaining 
olumn will depend on

n and p. Note that (9.8) 
an also be written as

~

Y

p;�;n

= G

red

p;n

~

X

red

p;�;n

+

~

E

p;�;n

; (9.9)

where G

red

p;n

is the (Q + 1)M � r

red

n

(r

red

n

=

P

J

j=1

r

red

j;n

) 
hannel matrix, given

by

G

red

p;n

=

h

G

red

1;p;n

� � � G

red

J;p;n

i

;

and

~

X

red

p;�;n

is the following r

red

n

� �N input matrix:

~

X

red

p;�;n

=

h

~

X

redT

1;p;�;n

~

X

redT

2;p;�;n

� � �

~

X

redT

J;p;�;n

i

T

:

Note that we have r

j

� � � r

red

j;n

� r

j

and r � J� � r

red

n

� r.

We 
onsider a per tone burst length of K DMT subsymbols (~r

j;p

[�℄ 6= 0, for

� = 0; 1; : : : ;K � 1, and ~r

j;p

[�℄ = 0, for � < 0 and � � K) and 
onstant

modulus 
ode symbols:

j


j;p

[�℄j =

1

p

N

; for � = 0; 1; : : : ; �N � 1: (9.10)

Note that we do not restri
t ourselves to the use of short 
ode sequen
es. We

assume that the pth tone of the �rst user (j = 1) is desired and that Æ

1

is

known at the re
eiver. We further assume w.l.o.g. that Æ

1

= 0.
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9.2 Blo
k Pro
essing

For the blo
k pro
essing approa
h, we 
onsider the data model presented

in (9.8) or (9.9), with � = 0, n = a, where a represents the pro
essing de-

lay, and � = K, where K is the per tone burst length. Let us then de�ne

~
r

1;p

=

h

~r

1;p

[0℄ ~r

1;p

[1℄ � � � ~r

1;p

[K � 1℄

i

: (9.11)

Using (2.2) and (9.7), it is 
lear that this ve
tor is `
ontained' in
~
x

1;p;0

:

~
x

1;p;0

=

h

~r

1;p

[0℄


1;p

[0℄ � � � ~r

1;p

[K � 1℄


1;p

[K � 1℄

i

=
~
r

1;p

C

1;p

; (9.12)

where 


1;p

[�℄ is the 
ode ve
tor used to spread the DMT subsymbol ~r

1;p

[�℄

(spreading fa
tor N):




1;p

[�℄ =

h




1;p

[(� mod �)N ℄ 


1;p

[(� mod �)N + 1℄ � � � 


1;p

[(� mod �)N +N � 1℄

i

;

and C

1;p

is the K �KN 
ode matrix, de�ned as

C

1;p

=

2

6

6

4




1;p

[0℄

.

.

.




1;p

[K � 1℄

3

7

7

5

: (9.13)

The ve
tor
~
x

1;p;0

is a row of every input matrix from the set f

~

X

red

p;0;a

g

L

1

a=�Q��

and is therefore `
ontained' in every output matrix from the set f

~

Y

p;0;a

g

L

1

a=�Q��

.

The problem addressed here is to 
ompute
~
r

1;p

from f

~

Y

p;0;a

g

A

2

a=A

1

, with �Q�

� � A

1

� A

2

� L

1

(A = A

2

�A

1

+1), based only on the knowledge of the 
ode

sequen
e 


1;p

[�℄. The solutions we will des
ribe for this problem are based on

the following assumptions:

Assumption 9.2.1 The 
hannel matrix G

red

p;a

has full 
olumn rank r

red

a

(r

red

a

is then 
alled the delay-a system order), for a = A

1

; A

1

+ 1; : : : ; A

2

. 2

Assumption 9.2.2 The input matrix

~

X

red

p;0;a

has full row rank r

red

a

, for a =

A

1

; A

1

+ 1; : : : ; A

2

. 2

The �rst assumption requires that

(Q+ 1)M � r

red

a

; for a = A

1

; A

1

+ 1; : : : ; A

2

: (9.14)

The se
ond assumption, on the other hand, requires that

KN � r

red

a

; for a = A

1

; A

1

+ 1; : : : ; A

2

:
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Example 9.2.3 Assume that Æ

j

= 0, for j = 1; 2; : : : ; J (syn
hronous users).

Further, assume that L

j

� �, for j = 1; 2; : : : ; J

0

, and L

j

> �, for j = J

0

+1; J

0

+

2; : : : ; J . For j = 1; 2; : : : ; J

0

, we then know that the ve
tors f
~
x

j;p;�;�l

g

L

j

l=0

are

all rows of the r

j

�KN matrix

~

X

j;p;�;0

and hen
e

~

X

red

j;p;�;0

will 
ontain r

j

�L

j

rows: r

red

j;0

= r

j

�L

j

. For j = J

0

+1; J

0

+2; : : : ; J , on the other hand, we then

know that the ve
tors f
~
x

j;p;�;�l

g

�

l=0

are all rows of the r

j

�KN matrix

~

X

j;p;�;0

and hen
e

~

X

red

j;p;�;0

will 
ontain r

j

� � rows: r

red

j;0

= r

j

� �. It is therefore 
lear

that r

red

0

= r � (J � J

0

)� �

P

J

0

j=1

L

j

. Hen
e, for a = 0, it seems as if the


hannel order of the jth user is redu
ed to 0 (if L

j

� �) or redu
ed with � (if

L

j

> �). Taking A

1

= A

2

= 0 (A = 1), (9.14) 
an be written as

(Q+ 1)M � r � (J � J

0

)��

J

0

X

j=1

L

j

:

Sin
e r =

P

J

j=1

r

j

= (Q+ 1)J +

P

J

j=1

L

j

, this is equivalent with

(Q+ 1)(M � J) �

J

X

j=J

0

+1

(L

j

� �): (9.15)

2

The above blo
k pro
essing problem is similar to the blo
k pro
essing problem

presented in se
tion 7.2. Hen
e, to solve this problem, we 
an follow the same

ideas as presented in se
tions 7.2.1 and 7.2.2 and use the same blo
k pro
essing

methods as dis
ussed in se
tions 7.3 and 7.4.

9.2.1 Comparison with DS-CDMA

In this se
tion, we examine how the 
omplexity of the blo
k pro
essing methods,

presented in 
hapter 7, behave when they are 
arried out for a tone of a DMT-

DS-CDMA system w.r.t. the 
ase they are 
arried out for the related DS-CDMA

system.

First of all, note that, for the part of a subspa
e blo
k pro
essing method


orresponding to pro
essing delay a, with A

1

� a � A

2

, and 
arried out for

the pth tone of the DMT-DS-CDMA system, we make use of a possibly a-

dependent estimate r̂

red

a

of the delay-a system order r

red

a

, while, for the part

of a subspa
e blo
k pro
essing method 
orresponding to the same pro
essing

delay a and 
arried out for the related DS-CDMA system, we make use of an

a-independent estimate r̂ of the system order r. In the 
omplexity formulas of

se
tion 7.6 we should therefore repla
e Ar̂ by

P

A

2

a=A

1

r̂

red

a

.
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Assume now that for the DMT-DS-CDMA system as well as for the related

DS-CDMA system we use the same values for K and A (remember that for

the DMT-DS-CDMA system K represents the per tone burst length, while for

the related DS-CDMA system K represents the burst length) and that KN is

very large. Further, assume that we always take the minimal required value for

Q and that we take r̂

red

a

= r

red

a

, for a = A

1

; A

1

+ 1; : : : ; A

2

, for the DMT-DS-

CDMA system, and r̂ = r, for the related DS-CDMA system. Finally, assume

that there is a redu
tion of the ICI (

P

A

2

a=A

1

r

red

a

< Ar), su
h that the minimal

required value for Q for the DMT-DS-CDMA system is smaller than the one

for the related DS-CDMA system. To illustrate that this is possible, 
ompare

for instan
e (9.15) with (7.12).

It is then 
lear that the BP subspa
e prepro
essing step for the pth tone of the

DMT-DS-CDMA system has a smaller 
omplexity than the one for the related

DS-CDMA system (this is true for both approa
hes; see (7.48) and (7.49)). It

is then also 
lear that the indire
t versions of method BM1 with 
onstraint C2

and method BM3 with 
onstraint C3 for the pth tone of the DMT-DS-CDMA

system have a smaller 
omplexity than the ones for the related DS-CDMA

system (see (7.29)). The same holds for the 
omplexity of the dire
t version

of method BM3 with 
onstraint C3 (see (7.35)). The 
omplexity of the dire
t

version of method BM1 with 
onstraint C2, on the other hand, stays more or

less the same (see (7.27)). The same holds for the 
omplexity of method BM1

with 
onstraint C1 (see (7.25)).

Fo
using on the non-subspa
e blo
k pro
essing methods, it is then 
lear that

method BM4 with 
onstraint C3 for the pth tone of the DMT-DS-CDMA sys-

tem has a smaller 
omplexity than the one for the related DS-CDMA system

(see (7.41)). The same holds for the methods BM2 and BM5 with 
onstraint

C1 (see (7.31)).

In 
on
lusion, 
onsidering the s
enario mentioned above, all the dis
ussed blo
k

pro
essing methods for the pth tone of the DMT-DS-CDMA system are 
heaper

than the ones for the related DS-CDMA system.

Remark 9.2.4 In all the above 
omplexity 
omparisons, we have not taken

into a

ount the 
omplexity of the DFT and IDFT operations, that have to be

performed in a DMT-DS-CDMA system. However, note in this 
ontext that a

DFT respe
tively IDFT 
an be implemented easily by means of a fast Fourier

transformation (FFT) respe
tively inverse fast Fourier transformation (IFFT).

Further, note that when
~
y

dmt(m)

[�;n℄ (see (9.2)) is known,
~
y

dmt(m)

[�;n + 1℄


an easily be 
omputed using a sliding FFT (see [VALM

+

99℄). 2

Remark 9.2.5 The ideas and methods dis
ussed in se
tions 7.7, 7.8 and 7.9


an also be applied on a DMT-DS-CDMA system. 2
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9.3 Simulation Results

In this se
tion, we will perform some simulations on the DMT-DS-CDMA sys-

tem related to system 1 of se
tion 7.10 (M = 4, J = 2, N = 2, L

1

= 2, L

2

= 4

and Æ

1

= Æ

2

= 0). We assume that the data symbol sequen
es fs

j

[k℄g

J

j=1

are mutually independent and zero-mean white. We further assume that the

additive noises fe

(m)

[n℄g

M

m=1

are mutually independent and zero-mean white

Gaussian with varian
e �

2

e

. Finally, we assume that all users have the same

re
eived power. The SNR at the input of the re
eiver is de�ned as in (7.58). We

apply s
enario 1 (see se
tion 7.10) and assume that the delay-0 system order

is exa
tly estimated (r̂

red

0

= r

red

0

). We take P = 20 and 
onsider a per tone

burst length of K = 100. We will 
onsider three values of �: � = 0 (no 
y
li


pre�x), � = 2 and � = 4. From example 9.2.3, we 
an then 
al
ulate for ea
h of

these values of � the minimal required value for Q. When � = 0 (we then have

J

0

= 0), the minimal required value for Q is 2 (same minimal required value for

Q as for system 1 of se
tion 7.10). When � = 2 (we then have J

0

= 1) or � = 4

(we then have J

0

= 2), the minimal required value for Q is 0. For � = 0, we

take two values of Q: Q = 2 (we then have r

red

0

= (Q+ 1)M = 12) and Q = 4

(we then have r

red

0

= 12 < (Q+1)M = 20). For � = 2 or � = 4, we take Q = 0

(for � = 2 we then have r

red

0

= (Q + 1)M = 4 and for � = 4 we then have

r

red

0

= 2 < (Q+1)M = 4). We only 
onsider method BM1 with 
onstraint C2

and method BM3 with 
onstraint C3. The results are shown in �gure 9.1. In

this �gure, we also repeat some results, presented in the �gures 7.7 and 7.8,

generated for system 1 of se
tion 7.10. Remember that these results are also

obtained by method BM1 with 
onstraint C2 and method BM3 with 
onstraint

C3, assuming that the system order is exa
tly estimated (r̂ = r) and 
onsider-

ing a burst length of K = 100. First of all, we observe that in
reasing Q does

not have a positive e�e
t on the performan
e for the DMT-DS-CDMA system

taking � = 0, while in
reasing Q does improve the performan
e for the related

DS-CDMA system. In
reasing � and taking the minimal required value for

Q, on the other hand, does improve the performan
e for the DMT-DS-CDMA

system quite a bit. The performan
e for the DMT-DS-CDMA system taking

� = 4 and Q = 0 is even better than the performan
e for the related DS-CDMA

system taking Q = 4 and 
onsidering s
enario 4.

9.4 Con
lusions

In this 
hapter, we have shown how the deterministi
 blind ST-RAKE re-


eivers based on blo
k pro
essing, presented in 
hapter 7, 
an also be applied

on a DMT-DS-CDMA system (similar reasonings are possible for the deter-

ministi
 blind ST-RAKE re
eivers based on adaptive pro
essing, presented in


hapter 8). We have shown that the use of a 
y
li
 pre�x redu
es the ICI in
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Figure 9.1: Average BER per user as a fun
tion of SNR for method BM1 with


onstraint C2 and method BM3 with 
onstraint C3 applied on a DMT-DS-

CDMA system and the related DS-CDMA system (DMT-DS-CDMA: system

related to system 1, s
enario 1, r̂

red

0

= r

red

0

, P = 20, K = 100; DS-CDMA:

system 1, r̂ = r, K = 100).

a DMT-DS-CDMA system and that, as a result of this redu
tion of ICI, the


omputational 
omplexity of the blo
k pro
essing methods, presented in 
hap-

ter 7, 
an be redu
ed when they are 
arried out for a tone of a DMT-DS-CDMA

system w.r.t. the 
ase they are 
arried out for the related DS-CDMA system.

Moreover, simulation results have shown that this redu
tion in 
omputational


omplexity even 
omes with a performan
e improvement.
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Chapter 10

Con
lusions and Further

Resear
h

This 
hapter 
onsists of two se
tions. In se
tion 10.1, we summarize the main


on
lusions of this thesis. Se
tion 10.2 gives some suggestions for further re-

sear
h.

10.1 Con
lusions

For a DS-CDMA and DMT-CDMA system, multi-user re
eivers a
hieve high

performan
es. However, they are rather 
omplex. In part I, we have therefore

developed new alternatives to multi-user re
eivers, yielding a lower 
omputa-

tional 
omplexity and a 
omparable performan
e. These alternatives, whi
h

are based on the 
on
ept of blo
k spreading, have been derived in the 
ontext

of a single re
eive antenna and an ICI-limited quasi-syn
hronous propagation

model.

For a DS-CDMA system based on blo
k spreading (DS-CDMA-BS system),

we have introdu
ed the MUI-free re
eiver, whi
h 
ompletely removes the MUI,

without using any 
hannel information. We have then 
ompared this re
eiver

with the linear multi-user equalizer developed for a DS-CDMA system. It

has been shown that the 
omplexity of the MUI-free re
eiver is mu
h smaller

than the 
omplexity of the linear multi-user equalizer, if the re
eiver design

is based on the appropriate subspa
e deterministi
 blind 
hannel estimation

algorithm. Moreover, the 
omplexity of a 
omplete bank of MUI-free re
eivers

is also mu
h smaller than the 
omplexity of a 
omplete bank of linear multi-

user equalizers, although the latter is of the same order as the 
omplexity of

185
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only one linear multi-user equalizer. Next, simulation results have shown that

the performan
e of the MUI-free re
eiver with ZF respe
tively MMSE linear

blo
k 
ombining is 
omparable with the performan
e of the ZF respe
tively

MMSE linear multi-user equalizer. This for the 
ase the 
hannels and the noise

varian
e (ne
essary for both MMSE re
eivers) are known as well as for the


ase the 
hannels are estimated using the appropriate subspa
e deterministi


blind 
hannel estimation algorithm and the noise varian
e is estimated as a

byprodu
t from the appropriate blind 
hannel gain estimation algorithm. We

have also 
ompared the MUI-free re
eiver with the 
orresponding FFT-based

VL-AMOUR trans
eiver [WSGB99℄. We have shown that the latter uses a

transmitter s
heme that is more 
omplex in operation than the spreading op-

eration used in a DS-CDMA-BS system and uses a re
eiver s
heme that is more


omplex in operation than the MUI-free re
eiver. For the 
ase the 
hannels are

known, simulation results illustrate that the performan
e of the MUI-free re-


eiver with ZF linear blo
k 
ombining is 
omparable with the performan
e of

the 
orresponding FFT-based VL-AMOUR trans
eiver with ZF linear blo
k


ombining.

For a DMT-CDMA system based on blo
k spreading (DMT-CDMA-BS sys-

tem), we have introdu
ed the MUI-free re
eiver, whi
h 
ompletely removes

the MUI, without using any 
hannel information, and the MUI/ITI-free re-


eiver, whi
h 
ompletely removes the MUI and ITI, without using any 
hannel

information. We have then 
ompared these re
eivers with the linear multi-

user equalizer developed for a DMT-CDMA system. The 
omplexity of the

MUI-free re
eiver is mu
h smaller than the 
omplexity of the linear multi-user

equalizer, if the re
eiver design is based on the appropriate subspa
e determin-

isti
 blind 
hannel estimation algorithm. Further, note that the MUI/ITI-free

re
eiver is 
heaper than the MUI-free re
eiver, be
ause the use of the linear

blo
k 
ombiner is avoided. Next, simulation results have shown that the per-

forman
e of the MUI-free re
eiver and the MUI/ITI-free re
eiver, 
onsidering a

s
enario where the power of every DMT subsymbol sequen
e is adjusted to the

power of the 
hannel at the 
orresponding frequen
y (best s
enario for these

re
eivers), is respe
tively better than and 
omparable to the performan
e of the

linear multi-user equalizer, 
onsidering a s
enario where the power of every

DMT subsymbol sequen
e is the same (best s
enario for this re
eiver).

In part II, we have given a general des
ription of deterministi
 blind ST-

RAKE re
eivers for a DS-CDMA system with multiple re
eive antennas. First,

we have developed deterministi
 blind ST-RAKE re
eivers based on blo
k pro-


essing. We have 
onsidered a subspa
e framework as well as a non-subspa
e

framework. Dire
t blind symbol estimation methods as well as dire
t blind

equalizer estimation methods have been des
ribed, with eye for 
omputational


omplexity. Furthermore, we have revealed some interesting relations between

the proposed methods, on one side, and the SSI methods of [LX97, vdVTP97℄

and the MRE method of [GDM97℄, whi
h are all developed for a TDMA system
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(no 
oding), on the other side.

The developed blo
k pro
essing methods are appli
able for any modulation

format. However, when the data symbols belong to a real 
onstellation, we 
an

adapt these methods to exploit the real 
hara
ter of the data symbols. The

methods obtained in this way are referred to as RC methods.

We have also des
ribed how the developed blo
k pro
essing methods 
an be

adapted when transmit diversity is used (multiple transmit antennas per user).

We then spread the same data symbol sequen
e with di�erent 
ode sequen
es

and transmit the resulting 
hip sequen
es through di�erent antennas. The

methods obtained in this way are referred to as TD methods.

Next, we have dis
ussed the 
ase for whi
h the spreading fa
tor N is equal

to 1 (
ode modulation). We have showed that the methods with a polynomial


onstraint should not be applied forN = 1. The RC methods with a polynomial


onstraint, on the other hand, should also not be applied for N = 1, if the 
ode

sequen
es are real, but they 
an be applied for N = 1, if the 
ode sequen
es are


omplex. Finally, the TD methods with a polynomial 
onstraint 
an always be

applied for N = 1.

Simulation results have shown that the proposed methods render robustness

against system order overestimation. Moreover, we have seen that, although


hannel order information is not really ne
essary, it 
an lead to an improved

performan
e. Finally, we have illustrated that, when no ICI is present, the pro-

posed RC or TD methods based on 
ode modulation 
onstitute 
heap and rea-

sonably well performing alternatives to existing blind sour
e separation meth-

ods that are not based on 
oding, su
h as ILSP [TVP96℄ and RACMA [vdV97℄.

Then, we have developed some deterministi
 blind ST-RAKE re
eivers based

on adaptive pro
essing. First, windowed adaptive pro
essing has been dis-


ussed. We have 
onsidered a subspa
e framework as well as a non-subspa
e

framework. We have only fo
used on dire
t blind symbol estimation. Se
-

ond, exponentially weighted adaptive pro
essing has been dis
ussed. This type

of adaptive pro
essing only makes sense in a non-subspa
e framework. Like

before, we have only fo
used on dire
t blind symbol estimation.

We have shown that there is a potential 
omputational advantage of adaptive

pro
essing over blo
k pro
essing. Moreover, simulation results have illustrated

that the presented adaptive pro
essing methods perform well both in a time

invariant and a time varying environment. Note that in this time varying

environment the performan
e of blo
k pro
essing on a large blo
k of re
eived

samples is not satisfa
tory anymore.

Finally, we have shown how the deterministi
 blind ST-RAKE re
eivers based

on blo
k pro
essing 
an also be applied on a DMT-DS-CDMA system (similar

reasonings are possible for the deterministi
 blind ST-RAKE re
eivers based on
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adaptive pro
essing). We have shown that the use of a 
y
li
 pre�x redu
es the

ICI in a DMT-DS-CDMA system and that, as a result of this redu
tion of ICI,

the 
omputational 
omplexity of the blo
k pro
essing methods 
an be redu
ed

when they are 
arried out for a tone of a DMT-DS-CDMA system w.r.t. the 
ase

they are 
arried out for the related DS-CDMA system. Moreover, simulation

results have shown that this redu
tion in 
omputational 
omplexity even 
omes

with a performan
e improvement.

10.2 Further Resear
h

The new re
eivers for blo
k spreading systems, developed in part I, are based

on the use of a single re
eive antenna. It would be interesting to investigate

the extension to multiple re
eive antennas, aiming at an in
rease of the user


apa
ity of the system. Note that this extension is not that straightforward

sin
e the number of shift-orthogonal 
odes we 
an use in a blo
k spreading

system is only determined by the spreading fa
tor and not by the number of

re
eive antennas.

Remember from part I that the MUI-free operation of an MUI-free re
eiver is

obtained by the use of a shift-orthogonal set of 
ode sequen
es. From su
h a set

of 
ode sequen
es we 
an easily derive an orthogonal set of 
ode sequen
es. At

�rst sight the orthogonal 
ode sequen
es belonging to su
h a set allow a more

uniform spreading than, for instan
e, Walsh-Hadamard 
ode sequen
es, whi
h

are also orthogonal. Hen
e, it 
an be expe
ted that they are good 
andidates

for asyn
hronous DS-CDMA 
ommuni
ation. The question now is if they are

better 
andidates than, for instan
e, Gold 
ode sequen
es.

W-CDMA proposals [OP98℄ foresee the use of training sequen
es to dete
t a

user. In this perspe
tive, it would be meaningful to investigate determinis-

ti
 semi-blind ST-RAKE re
eivers, whi
h would 
ombine elements of the de-

terministi
 blind ST-RAKE re
eivers, developed in part II, with elements of

training-based approa
hes.

Another interesting resear
h topi
 is the extension of the deterministi
 blind

ST-RAKE re
eivers based on transmit diversity, whi
h we have dis
ussed in

part II, to blind re
eivers for systems based on other (more optimal) spa
e-time


oding te
hniques, su
h as the spa
e-time 
oding te
hnique of Fos
hini [Fos96℄

(also known as V-BLAST) and the spa
e-time 
oding te
hnique of Naguib et

al [NTSC97℄.
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