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Abstra
tThe use of multiple transmit and multiple re
eive antennas in mobile
ommuni
ations o�ers a high potential to improve the bit rate and the linkquality. This 
an be a
hieved by using a higher multiplexing rate and byexploiting the diversity 
ontained in the 
hannel, under the 
onstraint of a
-
eptable 
omplexity. The 
hannel knowledge availability has an importantimpa
t on the system design. In fa
t, the Channel State Information (CSI)at the transmitter (Tx) has an impa
t on the 
oding, whereas the quality ofthe 
hannel knowledge at the re
eiver (Rx) side has an impa
t mainly on thedete
tion and the 
hannel estimation.The �rst part of this thesis 
onsiders the 
ase of absen
e of CSI at the Txand perfe
t at the Rx. We propose the Spa
e-Time Spreading (STS), whi
h isa spa
e-time 
oding s
heme based on linear pre
oding that use a MIMO 
onvo-lutive pre�lter. STS a
hieves full multiplexing rate and is optimized to exploitmaximum diversity and 
oding gains and to save the ergodi
 
apa
ity. STSallows to use various re
eiver stru
tures of low 
omplexity. The StrippingMIMO De
ision Feedba
k Equalizer (DFE), is a non-iterative re
eiver thatdete
ts the streams su

essively. The performan
es of the Stripping are eval-uated in term of diversity versus multiplexing tradeo�. Another non-iterativere
eiver is the Conventional DFE applied to the MIMO 
ase. It dete
ts jointlysymbols for di�erent streams but pro
eed su

essively in time. The third pro-posed re
eiver is an iterative one. It takes advantage of the presen
e of thebinary 
hannel 
ode, and iterates between the linear equalizer and the binary
hannel de
oder. Simulations are provided to evaluate its performan
e.In the se
ond part we 
onsider 
hannels with partial CSI at the Tx andperfe
t CSI at RX. The partial knowledge in these 
ases 
an 
ome from thede
omposition of the 
hannel in slow varying and fast varying parameters. It
an also be the result of the re
ipro
ity of the downlink and uplink physi
al
hannels. For those 
ases we provide suitable 
hannel models and study theiii



iv Abstra
tergodi
 
apa
ity.In the last part, the 
ase of absen
e of CSI at both Tx and Rx is 
onsidered.The 
apa
ities of two 
hannel models, blo
k fading and time sele
tive, arestudied. Due to the absen
e of CSI at Rx in this 
ase the 
hannel needsto be estimated in pra
ti
al systems. We propose semi-blind estimators that
ombine training and blind information. Identi�ability 
onditions are derivedand simulations are presented to evaluate performan
es.



R�esum�eL'utilisation d'antennes multiple �a la transmission et r�e
eption dans les
ommuni
ations mobiles, o�re d'importantes perspe
tives pour a

rô�tre led�ebit et am�eliorer la qualit�e du lien. Cela peut être e�e
tu�e en utilisant unplus important multiplexage spatial et en exploitant la diversit�e 
ontenue dansle 
anal, tout en gardant une 
omplexit�e a

eptable. L'�etat de 
onnaissan
esur le 
anal a un impa
t important sur la 
on
eption de la 
haine de trans-mission. En e�et, l'information sur l'�etat du 
anal (CSI) au transmetteur(Tx) a un impa
t sur le 
odage alors que la qualit�e du CSI au r�e
epteur (Rx)a prin
ipalement un impa
t sur la d�ete
tion et l'estimation du 
anal.Dans la premi�ere partie de 
ette th�ese nous avons 
onsid�er�e le 
as d'absen
ede CSI au Tx et un parfait CSI au Rx. On propose la dispersion spatio-temporelle (STS), qui est un s
h�ema de 
odage spatio-temporel bas�e sur lepr�e
odage lin�eaire en utilisant un �ltre multi-entr�ee multi-sortie (MIMO).Le STS e�e
tue un multiplexage de 
ux maximal, qui est optimis�e pour ex-ploiter une diversit�e maximale, atteindre un bon gain 
odage et 
onserverla 
apa
it�e ergodique. Un autre avantage du STS est qu'il permet d'utiliserune vari�et�e de r�e
epteurs de 
omplexit�e r�eduite. Le Stripping MIMO ave
�egalisation a retour de d�e
ision, est un r�e
epteur non-it�eratif qui d�ete
te les
ux d'une mani�ere su

essive. Les performan
es du Stripping sont donn�eesen terme du 
ompromis entre diversit�e et multiplexage. Un autre r�e
epteurnon-it�eratif est l'�egaliseur �a retour de d�e
ision appliqu�e au 
as MIMO. Il per-met la d�ete
tion des symboles des di��erents 
ux d'une mani�ere 
onjointe maissu

essivement dans le temps. Le troisi�eme r�e
epteur propos�e est it�eratif.Il pro�te de la pr�esen
e d'un 
odage 
anal binaire et it�ere entre l'�egaliseurlin�eaire et le d�e
odeur 
anal binaire. Des simulations sont pr�esent�ees pour�evaluer les performan
es.Dans la se
onde partie on 
onsid�ere des 
anaux ave
 un CSI partiel au Txet parfait au Rx. La 
onnaissan
e partiale dans 
es 
as peut être le r�esultat dev



vi R�esum�ela d�e
omposition du 
anal en param�etres lents et rapides. Elle peut aussi êtrele r�esultat d'une r�e
ipro
it�e du 
anal physique entre la liaison montante etdes
endante. A 
es di��erents 
as on pr�esente des mod�eles de 
anaux adapt�eset on �etudie la 
apa
it�e ergodique.Dans la derni�ere partie on traite du 
as d'absen
e de CSI aux Tx et Rx.La 
apa
it�e de deux mod�eles de 
anaux, �evanes
ent par blo
 et s�ele
tif entemps, est �etudi�ees. A 
ause de l'absen
e de CSI au Rx le 
anal doit êtreestim�e dans les syst�emes utilis�es en pratique. On propose des estimateurssemi-aveugle qui 
ombinent l'information de la s�equen
e d'apprentissage et
elle de la partie aveugle. Les 
onditions d'identi�abilit�e sont obtenues et dessimulations sont propos�ees pour �evaluer les performan
es.
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Chapter 1
Introdu
tion
In this 
hapter we introdu
e the prin
iple of multiple transmit antennas andmultiple re
eive antennas used in wireless 
ommuni
ation, whi
h 
an be seenmore generally as Multiple Input Multiple Output (MIMO) system. We �rstde�ne the general 
hannel model, and spe
ify the 
apa
ity for the di�erent
ases of 
hannel knowledge. We present some basi
s on the design of spa
e-time 
odes in the 
ase of absen
e of 
hannel knowledge at the transmitter(Tx). We introdu
e then some notions on the diversity vs. multiplexing ofZheng & Tse and 
on
lude this 
hapter by an overview of the di�erent partsof this report.

1



2 Chapter 1 Introdu
tionSin
e the introdu
tion, independently, of spatial multiplexing by A. Paulrajin a Stanford University patent and by Fos
hini [1℄ at Bell Labs in 1994, theuse of multiple transmit and multiple re
eive antennas has be
ome the fo-
us of a lot of works. The reason behind this big interest of the s
ienti�

ommunity is related to the ability of MIMO systems to o�er a new spatialdimension, other than the time and frequen
y dimensions, that in
reases theergodi
 (average) 
apa
ity of the 
hannel by a multiplying fa
tor equal tothe minimum between the number of transmit vs. re
eive antennas (Ntx vs.Nrx) [2℄, and allows to lower the outage probability by the 
ontribution ofNtx:Nrx diversity 
omponents 
orresponding to all the 
hannel 
oeÆ
ients.Unlike SISO 
at 
hannel, MIMO 
at 
hannel (with absen
e of 
hannel stateinformation at the transmitter) su�ers from interferen
e between di�erenttransmit antennas. The re
ent attempts to exploit this high potential forwireless 
ommuni
ation have to make a 
ompromise in order to handle anin
rease in rate and take advantage of the available diversity to 
ombat fadingand destru
tive interferen
e whithin a

eptable 
omplexity limits.This 
hapter is an introdu
tion to the general framework. We presentthe general MIMO linear model in wireless 
ommuni
ation, and detail theunderlying models for spe
i�
 situations. The 
apa
ities of su
h as 
hannelsare also introdu
ed. We present the 
lassi
al multi-antenna re
eive diversityand the spa
e-time 
oding for MIMO systems. The diversity and multiplex-ing as de�ned by Zheng & Tse are also introdu
ed. Finally we provide anoverview of this thesis.1.1 General MIMO Channel ModelConsider linear digital modulation over a linear 
hannel with additive Gaus-sian noise. The number of antennas is Ntx at the transmitter side and Nrxat the re
eiver as represented in �g. 1.1. We assume a linear time invariantmodel for the e�e
t of the 
hannel on the transmitted signals. The re
eivedsignal at Rx antenna i 
an be written in baseband asyi(t) = NtxXn=1 +1Xl=�1xn(l)hin(t� lTp) + vi(t) ; (1.1)where the xn(l) are the transmitted symbols from the antenna sour
e n, Tp isthe 
ommon symbol period, hin(t) is the (overall) 
hannel impulse response
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4 Chapter 1 Introdu
tionfrom transmitter n to re
eiver antenna i. Assuming the fxn(l)g and fvi(t)gto be jointly (wide-sense) stationary, the pro
esses fyi(t)g are jointly (wide-sense) 
y
lostationary with period Tp. If fyi(t)g is sampled with period Tp,the sampled pro
ess is (wide-sense) stationary. Sampling in this way leads toan equivalent dis
rete-time representation. We assume the MIMO 
hannel tobe 
ausal and �nite impulse response (FIR). In parti
ular, after sampling weassume the impulse response to be of length L. The dis
rete-time Rx signal
an be represented in ve
tor form asyk = NtxXn=1 L�1Xl=0 hn(l)xn(k�l) + vk= L�1Xl=0 Hlxk�l + vk ; (1.2)where Hl is Nrx � Ntx with (Hl)in = hin(l) for i = 1; 2; : : : ; Nrx; n =1; 2; : : : ; Ntx andyk = 26664 y1(k)y2(k)...yNrx(k)
37775 ;vk = 26664 v1(k)v2(k)...vNrx(k)

37775 ;hn(l) = 26664 h1n(l)h2n(l)...hNrxn(l)
37775 : (1.3)The noise is assumed to follow a white Gaussian distribution, vk � CN(0; �2vINrx),the transmitted signal is 
hara
terized by its power spe
tral density fun
tion(psdf) Sxx(z) with 12�j H dzz trSxx(z) = Ntx�2x, j = p�1, and the signal-to-noise ratio is SNR = Ntx�2x�2v = Ntx�. The notation tr(:) denotes the tra
efun
tion.Let q denote the time shift operator: (q�1 x)k = xk�1, and H(q) = L�1Xl=0 Hlq�l.The re
eived signal is then yk = H(q)xk + vk ; (1.4)and the psdf of the re
eived signal isSyy(z) = H(z)Sxx(z)Hy(z) + �2vI ; (1.5)



1.1 General MIMO Channel Model 5where H(z) is z-transform of the 
hannel impulse response.We 
ould also obtain multiple 
hannels in the dis
rete time domain by over-sampling the 
ontinuous-time re
eived signals w.r.t. the symbol rate (in the
ase of the presen
e of ex
ess bandwidth), the antennas 
ould also be gener-alized sensors (polarization, 4 EM 
omponents [3, 4, 5℄), and in the 
ase ofpassband transmission of real symbol 
onstellations we 
an also double thenumber of 
hannels by taking the in-phase and in-quadrature 
omponents ofthe re
eived signal.We assume here the 
hannel to be 
onstant for the duration of one frame (orblo
k), however the 
hannel 
an vary from blo
k to blo
k, this is the reasonwhy this model is 
alled blo
k fading 
hannel model, whi
h is the most 
om-mon 
hannel model used in papers dealing with wireless MIMO systems.Two 
lasses of 
hannels are to be distinguished, 
at 
hannels (L = 1) and fre-quen
y sele
tive 
hannels (L > 1). The 
ase L > 1 is also 
alled Inter-SymbolInterferen
e (ISI) 
hannel. In most of the papers on MIMO the 
hannel isassumed to be 
at, the impulse response being simply then H = H0.In the di�erent parts of this thesis report we will deal with di�erent 
on�g-uration of the Channel State Information (CSI): presen
e at Rx vs. Tx andabsen
e vs. perfe
t or partial.In the absen
e of CSI at Tx we still assume the knowledge of the averagepower of the 
hannel EtrfHHHg (by normalization = Nrx:Ntx) [2℄, in orderto be able to 
onstru
t a statisti
al model. This model is 
hosen to be amaximum entropy model to re
e
t the absen
e of CSI, it leads to Gaussiani.i.d. 
omponents and 
orresponds hen
e to the Rayleigh 
at fading MIMO
hannel model.1.1.1 Rayleigh Flat Fading MIMO Channel ModelThis model has i.i.d. 
entered Gaussian 
omponents (H)mk � CN(0; 1) for1 � m � Nrx and 1 � k � Ntx.We denote p = min(Nrx; Ntx) and q = max(Nrx; Ntx). Let USUH = HHHbe the eigenve
tor de
omposition of HHH, where S = diagfs1; : : : ; spgwhere the eigenvalues are organized in in
reasing order (s1 � s2 � : : : � sp),and U = [u1; : : : ;up℄ : Ntx � p 
ontains the eigenve
tors.In [2℄, Telatar has shown thatU is uniformly distributed over the Grassmannmanifold and that the eigenvalues follow a Wishart distribution with a joint



6 Chapter 1 Introdu
tionpdf p(s1; : : : ; sp) = K�1q;p pYi=1 sq�pi Yi<j (si � sj)2e�Pi si ; (1.6)where Kq;p is a normalizing 
onstant.1.1.2 Separable Spatial Channel Model (Partial CSIat Tx)In the 
ase of partial CSI at the Tx, the MIMO 
hannel is often modeled asa spatially separable 
hannel model. In this model the 
hannel is given byH = �1=21 W�1=22 ; (1.7)where W is a Nrx � Ntx random matrix of i.i.d. 
omplex 
ir
ular Gaussianelements with mean 0 and varian
e 1.The matrix �1 is the re
eive array 
ovarian
e matrix and �2 is the transmitarray 
ovarian
e matrix: E fHHHg = trf�1g�2; E fHHHg = trf�2g�1.For �1 = INrx;�2 = INtx we re
over the Rayleigh 
at fading MIMO 
hannelmodel. In fa
t, the separable 
hannel model is 
onstru
ted as a generalizationof the Rayleigh MIMO 
hannel model used in 
ase of no CSI at the Tx tothe 
ase when the se
ond order statisti
s of the 
hannel are present at theTx.1.1.3 Frequen
y Sele
tive Rayleigh Fading MIMOChan-nel ModelWe 
onstru
t this model as a generalization of the Rayleigh MIMO 
hannelmodel to the 
ase of frequen
y sele
tivity, it in
orporates the power delaypro�le knowledge for �nite delay spread L. For this modelHl; l = 0; : : : ; L�1 are independent, and ea
h Hl has i.i.d Gaussian 
omponent (Hl)mk �CN(0; �2l ) for 1 � m � Nrx and 1 � k � Ntx. �2l ; 0 � l � L � 1; re
e
t thepower delay pro�le of the 
hannel and are assumed to be non-zero.



1.2 Capa
ity of MIMO Channel 71.2 Capa
ity of MIMO Channel1.2.1 Flat Channel with Perfe
t CSIFor a 
at 
hannel with perfe
t CSI at the Tx and the Rx, the 
apa
ity is themaximum a
hievable rate under the power 
onstraint, and is a
hieved by afrequen
y 
at and zero-mean inputC(H) = maxtrfSxxg�P ln det(INrx + 1�2v HSxxHH) ; (1.8)where P is the power 
onstraint limit, Sxx(z) = Sxx is now simply the
ovarian
e and the solution is obtained by water�lling on the eigenvalues ofHHH (spatial water�lling) [2℄. The 
apa
ity is given in nats/se
ond/Hz.In the 
ase of a MIMO frequen
y sele
tive 
hannel the solution is a water-�lling over the two dimensions spa
e and frequen
y, the solution in this 
aseis not trivial.1.2.2 Ergodi
 Capa
ity (Imperfe
t CSI at Tx )In the 
ase of imperfe
t CSI (no or partial CSI) at the Tx and perfe
t CSI atRx the 
hannel has apriori distribution. The instantaneous 
apa
ity is nowa sto
hasti
 quantity, a 
ommon measure is the average or ergodi
 
apa
ityC = max12�j H dzz trfSxxg�P EH 12�j I dzz ln det(INrx + 1�2v H(z)Sxx(z)Hy(z)) ;(1.9)where the expe
tation EH is here w.r.t. the 
hannel, and12�j H dzz g(z) = R 12� 12 g(ej2�f)df is the integral over the unit 
ir
le for a fun
tiong(:).The ergodi
 
apa
ity is hen
e the average of the instantaneous 
apa
ity, ittakes its full sense if we are able to en
ode the information to transmitover several 
hannel realizations (independent blo
ks). Finally it be
omesa
hievable if the transmitted 
odewords experien
e an in�nite number of
hannel realizations.In the 
ase of Rayleigh 
at fading MIMO 
hannel model, Telatar has shown in[2℄ that the ergodi
 
apa
ity is a
hieved by a white input (Sxx(z) = �2xINtx,�2x = PNtx ) C = EH ln det(INrx + �HHH) : (1.10)



8 Chapter 1 Introdu
tionIn fa
t in this 
ase the 
hannel distribution is invariant by any permutationof the Tx antennas, they play symmetri
al roles and hen
e there is no prefer-able dire
tion of transmission, yielding to a spatially white input.High SNR :Asymptoti
ally for high SNR it is shown in [2℄ thatC = O (min(Ntx; Nrx) ln �), or equivalently that the MIMO 
hannel performsasymptoti
ally as well as an equivalent number of parallel AWGN 
hannelsequal to the rank ofH. These asymptoti
 performan
es of the ergodi
 
apa
-ity are the same as the one of the 
apa
ity for a MIMO 
hannel with perfe
tCSI at Tx.The ergodi
 
apa
ity formula 
an be generalized to the frequen
y sele
tive
ase, the following theorem gives the desired result.Theorem 1: For a 
hannel with a frequen
y sele
tive Rayleigh fading model(se
tion 1.1.3) the ergodi
 
apa
ity isC = EH 12�j I dzz ln det(INrx + �H(z)Hy(z)) ; (1.11)where � = PNtx�2vProof : By applying the result of the 
at 
hannel 
ase to ea
h frequen
y, we
on
lude that for ea
h frequen
y the psdf is spatially white, hen
e Sxx(z) =sxx(z)INtx, with 12�j H dzz sxx(z) � PNtx . On the other hand, for every z1 onthe unit 
ir
le Hlz�l1 ; l = 0; : : : ; L � 1 have the same joint distribution asHl; l = 0; : : : ; L� 1, and by 
onsequen
e H(zz1) as H(z), thenEH ln det(INrx + sxx(z)�2v H(z)Hy(z))= EH ln det(INrx + sxx(z)�2v H(zz1)Hy(zz1)) 8z1 withjz1j = 1= 12�j H dz1z1 EH ln det(INrx + sxx(z)�2v H(zz1)Hy(zz1)) ; (1.12)and the ergodi
 
apa
ity12�j H dzz EH ln det(INrx + sxx(z)�2v H(z)Hy(z))= 12�j H dzz 12�j H dz1z1 EH ln det(INrx + sxx(z)�2v H(zz1)Hy(zz1))= 12�j H dz2z2 12�j H dzz EH ln det(INrx + sxx(z)�2v H(z2)Hy(z2))� 12�j H dz2z2 EH ln det(INrx + 12�j H dzz sxx(z)�2v H(z2)Hy(z2))� 12�j H dz2z2 EH ln det(INrx + �H(z2)Hy(z2)) ; (1.13)



1.2 Capa
ity of MIMO Channel 9in the se
ond equality we operate a variable 
hange zz1 ! z2, whereas in thethird inequality we exploit the 
on
avity of the ln det fun
tion over the setof positive de�nite matri
es. The �nal inequality shows thatEH 12�j H dzz ln det(INrx + �H(z)Hy(z)) is an upper bound on the 
apa
ity,however this bound is a
hieved for Sxx(z) = �2xINtx. �1.2.3 Outage Capa
ity (Imperfe
t CSI at Tx)For a 
hannel with imperfe
t CSI at the Tx, and in the 
ase where the en
odersees a limited number of 
hannel realizations (for instan
e we 
onsider the
ase of one 
hannel realization) the ergodi
 
apa
ity makes no sense, theoutage 
apa
ity is then more appropriate. In fa
t, for a given SNR and rateR, it expresses the probability that the transmitted rate is larger then theinstantaneous 
apa
ity (transmission failure)Pout(R) = P (C(H) < R)= P ( 12�j H dzz ln det(INrx + �H(z)Sxx(z)Hy(z)) < R) ; (1.14)where Sxx(z) is normalized here to have ( 12�j H dzz trSxx(z) = Ntx).For a given level � (0 � � � 1) of the outage, the outage 
apa
ity is de�nedas Cout(�) = (Pout)�1 (�) ; (1.15)the 
hoi
e of Sxx(z) is the one that maximizes Cout, papers like [6, 7, 8℄ stud-ied this problem. They show that for separable spatial 
at 
hannel modelwith well 
onditionned �2, and for low outage (small �) the transmitter op-timal input 
olor tends to be white Sxx(z) = �2xINtx.An other important result for 
at 
hannel is shown in [9℄, where for asymp-toti
ally high SNR, Rayleigh 
at fading 
hannel and for any 
onstant and�nite rate R we have Pout(R) = O ���Ntx:Nrx� : (1.16)The exponent of the SNR Ntx:Nrx is 
alled the diversity gain and is related tothe diversity gain that arise in the spa
e-time 
ode design (se
tion 1.4). Thediversity gain 
orresponds to the asymptoti
 slope of the error probability (oroutage probability), and is equal to the total number of independent diversitysour
es.



10 Chapter 1 Introdu
tion1.2.4 Asymptoti
 Behavior in Blo
k TransmissionLet us assume that we transmit over a blo
k of length T , the re
eived signal
an then be written as Y = AT (H)X+V ; (1.17)where Y = [yT1 ;yT2 ; : : : ;yTT+L�1℄T , X = [xT1 ;xT2 ; : : : ;xTT ℄T andV = [vT1 ;vT2 ; : : : ;vTT+L�1℄T . AT (H) is a Nrx(T +L�1)�NtxT blo
k toeplitzmatrix with �rst blo
k 
olumn [HT0 ;HT1 ; : : : ;HTL�1℄T .
AT (H) =

2666666666664
H0 0 : : : 0H1 H0 . . . ...... H1 . . . 0HL�1 ... . . . H00 HL�1 ... H1... . . . . . . ...0 : : : 0 HL�1

3777777777775 : (1.18)
The instantaneous 
apa
ity (per input symbol) of the blo
k transmission forwhite input is CT (H) = 1T ln det(INrxT + �AT (H)(AT (H))H) : (1.19)The following lemma gives an important result on the limit of CT (H) forlarge T .Lemma 1: The limit of the 
apa
ity CT (H) islimT!+1CT (H) = C(H) = 12�j I dzz ln det(I+ �H(z)Hy(z)): (1.20)Proof: This is a generalization of the SISO 
ase shown in [10, 11℄, the proofis similar.Corollary 1: CT (H) 
onverges in distribution to C(H).Proof: The limit in eq.(1.20) implies that CT (H) 
onverges almost surelyto C(H), and hen
e CT (H) 
onverges in distribution to C(H).



1.3 Conventional Multi-Antenna Re
eive Diversity 11The prin
ipal 
onsequen
e of Corollary 1 is that asymptoti
ally for largeblo
k length T >> L, CT (H) have the same distribution as the one of C(H),then all the stated results for the 
ontinuous 
apa
ity C(H) apply asymp-toti
ally to CT (H).1.3 Conventional Multi-Antenna Re
eive Di-versityThe 
lassi
al Multi-antenna diversity te
hnique is well-known to improve thequality of the wireless link [12, 13, 14, 15℄. The 
hannel in these 
ases isSIMO (Ntx = 1), for 
at 
hannel the re
eived signal is writtenyk = hxk + vk ; (1.21)where h = 26664 h1h2...hNrx
37775 ; (1.22)and the transmitted signal xk is a s
alar now.By applying a Maximum Ratio Combining (MRC) re
eiveryk = hHjjhjjyk= jjhjjxk + vk ; (1.23)where jjhjj = qPNrxi=1 jhij2 and vk = hHjjhjjvk follows a zero-mean Gaussiandistribution with varian
e �2v .The result is a SISO fading 
hannel with instantaneous 
apa
ity C(�jjhjj2) =ln(1 + �jjhjj2), a
hieved for Gaussian white input.The instantaneous 
apa
ity C(�jjhjj2) is an in
reasing and not bounded fun
-tion of the e�e
tive SNR: �jjhjj2. Then for a given R > 0 there exists � > 0that veri�es � = C�1(R) and su
h thatPout(R) = P (C(�jjhjj2) < R) = P (jjhjj2 < �� ) : (1.24)
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tionThe quality of the wireless link is related to the e�e
tive SNR (�jjhjj2) dis-tribution, P (jjhjj2 < �� ) is a measure of this quality, and the above equalitiesshow the tight relation between the outage 
apa
ity and this measure.jjhjj2 has a Chi-square pdf with 2Nrx degrees of freedom, we 
an then evalu-ate Pout(R; �) analyti
ally. However, we 
an also apply the Cherno� boundto derive an upper bound, this method is simpler and applies for the 
asewhere the 
omponents of h are still Gaussian but not i.i.d.P (jjhjj2 < �� ) = E 1f�jjhjj2��g<0 ; (1.25)and 1fjjhjj2<�� g is upper bounded by e��(�jjhjj2��), for any � > 0, thenP (jjhjj2 < �� ) � min�>0 E e��(�jjhjj2��)= min�>0��(�)= min�>0 e�� R e���jjhjj2f(h)dh ; (1.26)where f(H) is the pdf of h, � = �jjhjj2�� and ��(�) = E e��� is the 
har-a
teristi
 fun
tion of �. The se
ond inequality 
orresponds to the Cherno�upper bound.The 
hannel 
omponents are assumed to be Gaussian with 
ovarian
eChh =UDUH and rank r(= number of diversity sour
es). D is an r � r positivede�nite diagonal matrix 
ontaining the eigenvalues and U is Nrx� r unitarymatrix of the eigenve
tors (UHU = Ir). The integral is1det(�D) Z e���hHUUHhe�hHUD�1UHhdh = det(��Ir +D�1)�1det(D) ; (1.27)where we use equality jjhjj2 = hHUUHh. By taking � = 1 the upper boundis �nally P (jjhjj2 < �� ) � e�det( �D+Ir)= O (��r) : (1.28)This shows that the MRC exploits all the available sour
es of diversity in aSIMO 
hannel.1.4 Spa
e-Time Coding for MIMO SystemThe MIMO 
hannel 
apa
ity as we have seen in se
tion 1.2, shows a highbandwidth potential and o�ers big diversity advantage to improve the wire-



1.4 Spa
e-Time Coding for MIMO System 13less link. The main problem is how to deal with the inter-antennas inter-feren
e, the �rst response was given in [1℄. The proposed s
heme, 
alledV-BLAST, transmits independent streams on the di�erent antennas and useSu

essive Interferen
e Can
ellation (SIC) at the re
eiver side. Even if thiss
heme allows to a
hieve a high data rate, it is far from exploiting all the di-versity advantage of the MIMO 
hannel. In [16℄ Tarokh et al proposed to usenew 
odes, 
alled later Spa
e-Time Codes (STC), that 
ombine the 
hannel
ode with the multiple transmit antenna aspe
t, and they also introdu
ed anew design 
riteria for there 
onstru
tion.Spa
e-Time Code Design CriteriaThe STC design applies for non-adaptive s
heme, non-adaptive in the SNR,the rate is then 
onstant and the number of 
odewords is �nite.We 
onsider the transmission of the 
oded symbols for a duration of T symbolperiods over a 
at MIMO 
hannel. The spa
e-time 
ode 
an be then rep-resented in Ntx � T matrix form: C = 1�x [x1;x2; : : : ;xT ℄. The a

umulatedre
eived signal is Y = �xH C+V ; (1.29)where Y = [y1;y2; : : : ;yT ℄ and V = [v1;v2; : : : ;vT ℄ are Nrx � T matri
es.We 
onsider a Rayleigh 
at fading i.i.d. MIMO 
hannel, and a MaximumLikelihood (ML) re
eiver. The 
hannel is unknown at the Tx (no CSI at Tx)and perfe
tly known at the Rx (perfe
t CSI at Rx). For a transmitted C,the union bound gives us an upper bound on the error probabilityP (error=C) � XC02fC�fCggP (C! C0) ; (1.30)where P (C! C0) is the Pairwise Error Probability (PEP) or the probabilityof de
iding erroneously C0 for transmitted C. C is the 
ode book.The STC design tries to minimize the error probability by minimizing thePEP.The ML de
ision rule is given byĈ = arg minC2C jjY� �xHCjjF ; (1.31)where jjMjj2F = tr fMHMg is the Frobenius norm of M. Then the 
ondi-tional PEP of C and C0 is given byP (C! C0=H) = P (Æ � 0) ; (1.32)
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tionwhere Æ is the de
ision metri
 di�eren
eÆ = jjY� �xHC0jj2F � jjY� �xHCjj2F= jj�xH(C�C0) +Vjj2F � jjVjj2F= �2xjjH(C�C0)jj2F � 2�x<trfVHH(C�C0)g : (1.33)Let d = jjH(C�C0)jj2F and a = 2�x<trfVHH(C�C0)g � N(0; 2�2x�2vd). <denotes the real part and = will denote the imaginary part. By applying theCherno� bound we getP (C! C0=H) � mins>0 E(e�sÆ=H) : (1.34)E(e�sÆ=H) is the 
hara
teristi
 fun
tion of Æ and equals e�(s�s2�2v )�2xd, theminimum of whi
h is a
hieved for s = 12�2v . The Cherno� upper bound isthen P (C! C0=H) � e�� d4 : (1.35)The PEP is the average of P (C! C0=H) over the 
hannel distribution. LetU�U be the eigenve
tor de
omposition of the hermitian of C�C0, thend = trfH(C�C0)(C�C0)HHHg= trfHU�UHHg= trfH0�H0Hg ; (1.36)where H0 = HU has the same distribution as H. We 
an write thenP (C! C0) = E P (C! C0=H)� E exp ���4PNtxl=1PNrxk=1 �ljh0klj2�= QNtxl=1QNrxk=1 E exp ���4�ljh0klj2�= QNtxl=1 �1 + �4�l��Nrx : (1.37)Whi
h 
onstitutes the desired Cherno� bound on the PEP.The eigenvalues �l; l = 1; : : : ; Ntx are sorted in de
reasing order. Let r bethe number of the non-zero values (= rank of C � C0). Less-tight upperbound is then given byP (C! C0) � ��4��r:Nrx  rYl=1 �l!�Nrx : (1.38)
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Diversity Gain

Coding Gain SNR(dB)

Error Probability(logarithmi
 s
ale)Figure 1.2: PEP vs. SNRFor high SNR this bound be
omes tightP (C! C0) � ��4��r:Nrx  rYl=1 �l!�Nrx : (1.39)Diversity Gain : The total diversity order is the exponent of the SNR andis given by r:Nrx. Over the all 
odebook the diversity is given by rmin:Nrx,where rmin is the minimum rank of � over all the possible 
ode words di�er-en
es in C. rmin:Nrx is 
alled the diversity gain.Coding Gain : Moreover the PEP is a de
reasing fun
tion of the produ
tQrl=1 �l, this last one should be made as large as possible for the error eventswith rank rmin. minQrminl=1 �l is 
alled the 
oding gain. For rmin = Ntx, � isfull rank and QNtxl=1 �l = det �(C�C0)(C�C0)H�.In a plot that represents the PEP as fun
tion of the SNR in a logarithmi
s
ale, the 
urve be
omes asymptoti
ally a line with a negative slope that
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orresponds to the diversity gain, where the 
oding gain 
orresponds to theposition of the line (see �g. 1.2).1.5 Diversity and Multiplexing as De�ned byZheng & TseIn [9℄ Zheng and Tse give a new de�nition of the diversity and spatial mul-tiplexing that 
onsiders adaptive SNR s
hemes. In fa
t, a s
heme C(�) is afamily of 
odes of blo
k length T (one for ea
h SNR level), that supports abit rate R(�).This s
heme is to a
hieve spatial multiplexing r and diversity gain d if thedata rate veri�es lim�!1 R(�)ln(�) = r ; (1.40)and the average error probability veri�eslim�!1 lnPe(�)ln(�) = �d : (1.41)For blo
k length T ! +1 the error probability be
omes the outage 
apa
ity.For ea
h r, d�(r) is de�ned to be the supremum of the diversity advantagea
hieved over s
hemes. The maximal diversity gain is de�ned by d�max = d�(0)and the maximal spatial multiplexing gain is r�max = supfr : d�(r) > 0g.We will use the spe
ial symbol := to denote the exponential equality, i.e., wewrite f(�) := �b to denote lim�!1 ln f(�)ln(�) = b : (1.42)Zheng & Tse 
onsidered a Rayleigh 
at MIMO 
hannel model, and usingresults on the distribution of the eigenvalues (se
tion 1.1.1) they showed thefollowing results.Optimal Tradeo� Curve : Assume T � Nrx + Ntx � 1. The optimaltradeo� 
urve d�(r) is given by the pie
ewise-linear fun
tion 
onne
ting thepoints (k; d�(k)), k = 0; 1; : : : ; p, whered�(k) = (p� k)(q � k) : (1.43)
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(2; (Nrx � 2)(Ntx � 2))

(0; NrxNtx)
(1; (Nrx � 1)(Ntx � 1))

(r; (Nrx � r)(Ntx � r))
(min(Nrx; Ntx); 0)Diversi

tyGain
:d� (r)

Spatial Multiplexing Gain: rFigure 1.3: Diversity vs. multiplexing optimal tradeo�Re
all that p = minfNrx; Ntxg; q = maxfNrx; Ntxg. In parti
ular d�max =Ntx:Nrx and r�max = min(Nrx; Ntx).1.6 Thesis Overview and OutlineThis thesis is 
omposed of three parts. The �rst one deals with absen
e of
hannel state information at the transmitter (and perfe
t CSI at the re
eiver),the se
ond with partial CSI at the Tx (perfe
t CSI at the Rx) and the lastone 
onsiders the absen
e of CSI at both Tx and Rx. A brief overview ofthe general framework of this thesis and of ea
h part is given in this se
tion.An abstra
t and an introdu
tion is provided at the beginning of ea
h 
hapter.The CSI availability is a fundamental link between the several 
hapters of thisthesis. For ea
h CSI 
on�guration however, spe
i�
 problems are treated. In



18 Chapter 1 Introdu
tionsome 
ases, pra
ti
al solutions are proposed and analyzed; in other 
ases,theoreti
al performan
es and fundamental limits are investigated. Our workdeals with di�erent \hot" topi
s in MIMO: Spa
e-Time Coding (STC) andde
oding, MIMO 
hannel modeling, 
apa
ity studies and MIMO 
hannel es-timation. Other works that were done during the thesis period in
lude theuse of multiple antennas in the UMTS standard [17, 18, 19, 20℄, the 
hannelin these 
ases is either SIMO or MISO (with Ntx = 2). Being out of the fo
usof this thesis, these works are not reported here.1.6.1 Part One: Absen
e of CSI at Tx (and Perfe
tCSI at Rx)This 
ase is the most popular in the literature and has been the �rst one to be
onsidered e.g. [1, 16, 21, 2℄. The Tx has no knowledge of the 
hannel, whi
his modeled as Rayleigh fading MIMO 
hannel, either 
at (subse
tion 1.1.1)or frequen
y sele
tive (subse
tion 1.1.3). At the Rx side, the 
hannel is as-sumed to be perfe
tly known; in pra
ti
e this means that there is enoughtraining to provide a good 
hannel estimate.In 
hapter 2, we propose a new STC s
heme that is based on linear pre
od-ing using a MIMO pre�lter to exploit diversity. The inputs of the pre�lterare 
alled streams, and ea
h symbol from any stream gets spread over spa
e(antennas) and time by the a
tion of the pre�lter. This s
heme is 
onse-quently named Spa
e-Time Spreading (STS). STS is shown to preserve theergodi
 
apa
ity and to a
hieve full rate and full diversity. The optimiza-tion of the MIMO pre�lter is done in order to maximize the Mat
hed FilterBound (MFB) and the 
oding gain. This s
heme was the �rst to show su
hgood properties1. In addition we show that this s
heme 
an easily be gen-eralized to the 
ase of a frequen
y sele
tive 
hannel, preserving the aboveproperties, and being therefore is highly attra
tive. The optimal de
oderof the STS s
heme is the ML de
oder. However, this dete
tor has a highnumeri
al 
omplexity and o�ers no possibility for 
ombination with binary
hannel de
oding. This problem is handled in 
hapter 3 and 4.In 
hapter 3, we propose two low 
omplexity non-iterative re
eiver strate-gies. Non-ML re
eivers have in general an impa
t on the diversity and 
oding1later other s
hemes were proposed in [22, 23℄



1.6 Thesis Overview and Outline 19gains, and even on the 
hannel 
oding setup. The Stripping MIMO De
isionFeedba
k Equalizer (DFE) is a Su

essive Interferen
e Can
ellation (SIC)re
eiver for the di�erent streams. In fa
t, the streams are pro
essed su
-
essively, ea
h stream is equalized, de
oded, and then its 
ontribution getssubtra
ted from the re
eived signal before pro
essing the next stream. TheStripping DFE re
eiver is shown to be a very performant re
eiver for SNRadaptive s
hemes, espe
ially for the diversity vs. multiplexing tradeo�. Infa
t, we generalize in this 
hapter the diversity vs. multiplexing tradeo� ofZheng & Tse to the frequen
y sele
tive 
hannel with �nite delay spread. Weshow also that the Stripping DFE allows to rea
h an important portion ofthis tradeo�. To a
hieve the optimal diversity vs. multiplexing tradeo� of theStripping DFE, the study suggests to use stream-dependent rates and hen
edi�erent 
onstellation sizes. However, for the non-adaptive SNR 
ase, thestreams experien
e di�erent diversity and 
oding gains, and the binary 
han-nel 
oding is stream dependent and should 
ompensate this non-symmetry.Another re
eiver strategy is the Conventional MIMO DFE. In this 
ase thestreams are de
oded jointly and in a 
ausal manner. The past dete
ted sym-bols 
ontribution are subtra
ted using feedba
k. To avoid performan
e lossdue to error propagation, Per Survivor Pro
essing (PSP) 
an be used. The
onventional MIMO DFE re
eiver a
hieves the same diversity and 
odinggain for all streams.In 
hapter 4, we propose an iterative turbo re
eiver strategy. This re
eiveris a turbo dete
tor as it iterates between a Parallel Interferen
e Can
ella-tion (PIC) linear estimator of the streams (pre�lter-
hannel 
as
ade, seen asan inner 
ode), and a binary 
hannel de
oder (binary 
hannel 
oder, seenas an outer 
ode). This te
hnique has the same 
omplexity as the turbore
eiver for the bit interleaved te
hnique applied to MIMO systems or itsvariant (Threading), and shows an important gain in performan
e over thislast te
hnique. This re
eiver is also very adapted to exploit multi-blo
k di-versity if present and is very 
exible, in parti
ular for the 
ase of less re
eiveantennas than transmit antennas (Nrx < Ntx).
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tion1.6.2 Part Two: Partial CSI at Tx (and Perfe
t CSIat Rx)In this part the 
hannel knowledge at the Tx side is based on feedba
k fromthe Rx, or is due to re
ipro
ity of the uplink and the downlink if both sharethe same 
arrier frequen
y. However, this knowledge is often partial be
auseof the delay in the feedba
k and the limited (or absen
e of) 
alibration ofantennas. To study these 
ases, an adapted 
hannel model will be formu-lated in 
hapter 5. In the �rst 
ase, we will use the pathwise 
hannel modela

ounting for the de
omposition of the 
hannel into a long term part (patharray responses, known from the feedba
k) and the unknown short term part(
omplex path gains). In the se
ond 
ase, the limited re
ipro
ity will bere
e
ted in the 
hannel model by introdu
ing a random s
alar per antenna.For ea
h of these partial CSI 
hannel models, we will analyze the MIMOergodi
 
apa
ity, and show that our results present important 
onsequen
esfor the Tx design.1.6.3 Part Three: Absen
e of CSI at Rx (and none atTx)In this 
ase both Tx and Rx have no CSI. We will take the approa
h in whi
hthe 
hannel will be estimated at the Rx. To this end, we will assume thatsome training/pilot symbols are present, but not ne
essarily enough to havea high quality estimate.In 
hapter 6, will be 
onsidered two popular fading 
hannel models. The�rst one is the blo
k-fading model and the se
ond is the time sele
tive model.We will show that the average Mutual Information (MI) over a transmissionburst 
an be de
omposed into symbol position dependent 
ontributions. TheMI 
omponent at a 
ertain symbol position optimally 
ombines semi-blindinformation at that symbol position (exploiting perfe
t 
ausal input re
overyup to that position 
ombined with blind information from the rest (future)of the burst). We will also analyze the asymptoti
 regime for whi
h we willbe able to formulate optimal 
hannel estimates, and to evaluate the 
apa
ityloss with respe
t to the 
ase of perfe
t CSI at the Rx. Asymptoti
ally, thede
rease in MI involves Fisher information matri
es 
orresponding to 
ertain
hannel estimation problems.



1.6 Thesis Overview and Outline 21The mutual information de
omposition suggests to 
ombine the trainingand blind parts to estimate the 
hannel. Chapter 7 proposes semi-blindapproa
hes whi
h exploit the information from the two parts. These te
h-niques have a 
omplexity not (immensely) mu
h higher than that of trainingbased te
hniques. For the 
at 
hannel 
ase, the presented te
hnique a
hievesthe Cram�er-Rao Bound. In the frequen
y sele
tive 
hannel 
ase, we will usea quadrati
 semi-blind 
riterion that 
ombines a training based least-squares
riterion with a blind 
riterion based on linear predi
tion.
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Chapter 2
Linear Convolutive Spa
e-TimePre
oding
The use of multiple transmit and re
eive antennas allows to transmit multiplesignal streams in parallel and hen
e to in
rease 
apa
ity. In this 
hapter weintrodu
e a simple 
onvolutive linear pre
oding s
heme that we 
all Spa
e-Time Spreading (STS). This s
heme spreads the transmitted symbols in timeand spa
e, involving spatial spreading and delay diversity. Su
h linear pre-
oding allows to attain full diversity without loss in ergodi
 
apa
ity. Weshow that the generalization of STS to the frequen
y sele
tive MIMO 
hannela
hieve full diversity, and investigate the 
omplexity of the ML dete
tor.

25



26 Chapter 2 Linear Convolutive Spa
e-Time Pre
oding2.1 Introdu
tionThe use of MIMO systems o�ers a new spatial dimension, and in
reases theergodi
 
apa
ity of the 
hannel by a multipli
ative fa
tor equals to the rankof the 
hannel (subse
tion 1.2.2). It lowers the outage probability by the 
on-tribution of Ntx:Nrx diversity 
omponents 
orresponding to all the 
hannel
oeÆ
ients in 
at 
hannel 
ase. However, the MIMO 
hannel (with imper-fe
t CSI at Tx) su�ers from interferen
e between di�erent transmit antennas.The re
ent attempts that try to exploit this high potential for wireless 
om-muni
ation have to make a 
ompromise in order to handle an in
rease in rate.They need to take advantage of the available diversity to 
ombat fading anddestru
tive interferen
e while keeping an a

eptable 
omplexity. Trellis 
odeintrodu
ed by Tarokh et al [16℄ takes a SISO-like solution using a binary
hannel 
oding designed to map dire
tly on transmit antennas and adaptedto the use of the ML de
oder (Viterbi de
oder). The binary 
hannel 
ode inthis te
hnique has to be very powerful to be able to exploit multi antennadiversity, time diversity and to handle high bit rate leading to a fundamentallimit on performan
e under the 
onstraint of 
omplexity. New approa
hesthen appeared aiming to exploit diversity of the 
hannel by linear transfor-mation of symbols. In this 
ategory spa
e-time blo
k 
odes from OrthogonalDesign [21℄ transform the MIMO 
hannel in one SISO 
oeÆ
ient that 
ap-tures all the diversity and by then use the binary 
hannel 
odes designedfor Gaussian 
hannel. This te
hnique, even if it su

eeds to exploit all theavailable diversity, is far from a
hieving the potential multiplexing rate.More re
ent s
hemes [22, 23, 24℄ based on 
onstellation rotating, su

eedsto exploit all the diversity without a loss of rate but need to perform a MLde
oding leading to an exponential (in Ntx and the 
onstellation size) 
om-plexity that limits its use. The present 
hapter presents the STS te
hniquethat we have introdu
ed �rst in [25℄, this s
heme is based on Linear Pre
od-ing with a MIMO paraunitary �lter, and allows to exploit all the availablediversity. As we will see in 
hapter 3 this s
heme 
an be 
ombined with
onventional and non-
onventional low 
omplexity re
eivers. In 
hapter 4 weshow how STS 
an be 
ombined with the binary Channel Code (CC) to usea turbo dete
tor and to exploit the multi-blo
k diversity if present. Theseproperties allow to avoid the ML dete
tor 
omplexity and make the s
hemevery attra
tive.Approa
hes proposed so far deal with 
at 
hannel, however this is far to bethe 
ase in existing mobile systems. In fa
t, multipaths that arise in mobile



2.2 Linear Pre�ltering Approa
h 27environments leads to frequen
y sele
tive 
hannel with �nite delay spread.The STS approa
h applies as well for frequen
y sele
tive 
hannel as for 
at
hannel. It leads to full diversity [26℄, and is then the �rst te
hnique that itis shown to exploit full diversity in the frequen
y sele
tive 
ase (within TimeDivision Multiple A

ess 
ontext).In most of this 
hapter we assume the 
hannel to be 
at, however the statedresults are valid for sele
tive 
hannels as well unless denoted.We begin this 
hapter by presenting the linear pre�ltering approa
h. Wethen introdu
e the design 
riteria: 
apa
ity, mat
hed �lter bound and pair-wise error probability, in order to spe
ify our STS s
heme. We study thein
uen
e of the 
ir
ular 
onvolution and the frequen
y sele
tivity of the
hannel. We end the 
hapter by a dis
ussion on the ML dete
tor for theSTS s
heme.Results presented in this 
hapter were published in [25, 26, 27, 28℄.2.2 Linear Pre�ltering Approa
h
coding

& mapping

channel
+

demapper
& channel

decoder
T(z) H R(z)

RX

vk
xk akbk

MIMO 
hannel

TX
Ns Ntx bxkNrxyk

Figure 2.1: General ST 
oding setup.A general Spa
e-Time (ST) 
oding setup is sket
hed in �g. 2.1. Thein
oming stream of bits gets transformed to Ns symbol streams through a
ombination of binary 
hannel 
oding, interleaving, symbol mapping and de-multiplexing. The result is a ve
tor stream of symbols bk 
ontaining Nssymbols per symbol period. The Ns streams then get mapped linearly tothe Ntx transmit antennas and this part of the transmission is 
alled linearST pre
oding. The output is a ve
tor stream of symbols ak 
ontaining Ntx
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e-Time Pre
odingsymbols per symbol period. The linear pre
oding is spatiotemporal sin
e alinear fun
tion of bk may appear in multiple 
omponents (spa
e) and multipletime instan
es (time) of ak. The ve
tor sequen
e ak gets transmitted over aMIMO 
hannel H with Nrx re
eive antennas, leading to the symbol rate ve
-tor re
eived signal yk after sampling. The linear pre
oding 
an be 
onsideredto be an inner 
ode, while the binary 
hannel 
oding et
. 
an be 
onsideredto be an outer 
ode. As the number of streams is a fa
tor in the overall
ode-rate, we shall 
all the 
ase Ns = Ntx the full rate 
ase, while Ns = 1 
or-responds to the single rate 
ase. Instead of multiple antennas, more generalmultiple 
hannels 
an be 
onsidered by oversampling, by using polarizationdiversity or other EM 
omponent variations, by working in beam-spa
e, orby 
onsidering in-phase and in-quadrature (or equivalently real and 
omplex)
omponents. In the 
ase of oversampling, some ex
ess bandwidth should beintrodu
ed at the transmitter, possibly involving spreading whi
h would thenbe part of the linear pre
oding.As we shall see below, 
hannel 
apa
ity 
an be attained by a full rate sys-tem without pre
oding (T(z) = I). In that 
ase, the binary 
hannel 
odinghas to be fairly intense sin
e it has to spread the information 
ontained inea
h transmitted bit over spa
e (a
ross Tx antennas) and time, as pi
turedon the left part in �g. 2.2 and [29℄. The goal of introdu
ing the linear pre-
oding is to simplify (possibly going as far as eliminating) the binary 
hannel
oding part [16℄. In the 
ase of linear dispersion 
odes [30℄,[31℄, transmissionis not 
ontinuous but pa
ket-wise (blo
k-wise). In that 
ase, a pa
ket of Tve
tor symbols ak (hen
e a Ntx�T matrix) gets 
onstru
ted as a linear 
om-bination of �xed matri
es in whi
h the 
ombination 
oeÆ
ients are symbolsbk. A parti
ular 
ase is the Alamouti 
ode [32℄ whi
h is a full diversity singlerate 
ode 
orresponding to blo
k length T = Ntx = 2, Ns = 1.The STS s
heme fo
uses on 
ontinuous transmission, large blo
ks (T >>1), in whi
h linear pre
oding 
orresponds to MIMO pre�ltering. This linear
onvolutive pre
oding 
an be 
onsidered as a spe
ial 
ase of linear disper-sion 
odes (making abstra
tion of the pa
ket boundaries) in whi
h the �xedmatri
es are time-shifted versions of the impulse responses of the 
olumnsof T(z) (see �g. 2.1). Whereas in the absen
e of linear pre
oding, the lastoperation of the en
oding part is spatial demultiplexing (Serial-to-Parallel(S/P) 
onversion) (see left part of �g. 2.2), this S/P 
onversion is the �rstoperation in the 
ase of linear pre
oding (see the right part of �g. 2.2). Afterthe S/P 
onversion, we have a mixture of binary 
hannel 
oding, interleav-ing and symbol mapping, separately per stream. The existing V-BLAST
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... bNs;ksymbol stream NsFigure 2.2: Two 
hannel 
oding, interleaving, symbol mapping and demulti-plexing alternatives.systems are spe
ial 
ases of this approa
h. V-BLAST is a full rate sys-tem with T(z) = INtx whi
h leads to quite limited diversity. The delaytransmit diversity used in the UMTS standard is a single rate system withT(z) = [1 z�1; : : : ; z�(Ntx�1)℄T whi
h leads to full diversity. We would liketo introdu
e a pre�ltering matrix T(z) without taking a hit in terms of 
a-pa
ity, while a
hieving full diversity. The MIMO pre�ltering will allow us to
apture all diversity (spatial, and frequential for 
hannels with delay spread)and will provide some 
oding gain. The optional binary 
hannel 
oding perstream then serves to provide additional 
oding gain and possibly (with in-terleaving) to 
apture the temporal diversity (Doppler spread) if there is any.Finally, though time-invariant �ltering may evoke 
ontinuous transmission,the pre�ltering approa
h is also immediately appli
able to blo
k transmissionby repla
ing 
onvolution by 
ir
ulant 
onvolution.2.3 Capa
ityConsider the MIMO 
at AWGN 
hannelyk = Hak + vk = HT(q) bk + vk ; (2.1)where the noise power spe
tral density matrix is Svv(z) = �2v INrx, q�1 bk =bk�1. The ergodi
 
apa
ity with absen
e of CSI at the Tx and perfe
t CSIat the Rx is given byC(Saa) = EH 12�j H dzz ln det(I + 1�2v HSaa(z)HH)= EH 12�j H dzz ln det(I + 1�2v HT(z)Sbb(z)Ty(z)HH)= EH 12�j H dzz ln det(I + �HT(z)Ty(z)HH) ; (2.2)
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e-Time Pre
odingwhere we assume that the 
hannel 
oding and interleaving per stream leadsto spatially and temporally white symbols: Sbb(z) = �2b INtx, and � = �2b�2v =SNRNtx . The 
hannel is modeled as Rayleigh 
at fading, see subse
tion 1.1.1.As we have shown in se
tion 1.2 for su
h a 
hannel model, the optimizationof the 
apa
ity subje
t to the Tx power 
onstraint12�j H dzz tr(Saa(z)) � Ntx�2b leads to the requirement of a white (and Gaus-sian) ve
tor transmission signal Saa(z) = �2b I. Combined with the white-ness of the ve
tor stream bk resulting from the 
hannel en
oding, this leadsto the requirement for the pre�lter to be paraunitary: T(z)Ty(z) = I inorder to avoid 
apa
ity loss.Motivated by the 
onsideration of diversity also (see below), we proposeto use the following paraunitary pre�lterT(z) = D(z) QD(z) = diagf1; z�1; : : : ; z�(Ntx�1)g ; QHQ = I ; jQikj = 1pNtx ; (2.3)where Q is a (
onstant) unitary matrix with equal magnitude elements (ex-ample of those in
lude: Walsh Hadamard and the Dis
rete Fourier Transformmatri
es). Note that for a 
hannel with delay spread, the pre�lter 
an beimmediately adapted by repla
ing the elementary delay z�1 by z�L for a
hannel of length (delay spread) L. For the 
at propagation 
hannel H 
om-bined with the pre�lter T(z) in (2.3), symbol stream n (bn;k) passes throughthe equivalent SIMO 
hannelNtxXi=1 z�(i�1)H:;iQi;n ; (2.4)whi
h now has memory due to the delay diversity introdu
ed by D(z). It isimportant that the di�erent 
olumns H:;i of the 
hannel matrix get spreadout in time to get full diversity; otherwise the streams just pass througha linear 
ombination of the 
olumns, as in V-BLAST, whi
h o�ers limiteddiversity. The delay diversity only be
omes e�e
tive by the introdu
tionof the mixing/rotation matrix Q, whi
h has equal magnitude elements foruniform diversity spreading. The pre�lter introdu
ed in [33℄ is essentiallythe same as the one in eq.(2.3). However, the symbol stream bk in [33℄ is asub-sampled stream, sub-sampled by a fa
tor Ntx. As a result, the systemis single rate. The advantage in that 
ase though is that no interferen
ebetween the rotated streams o

urs, whi
h simpli�es dete
tion.



2.4 Mat
hed Filter Bound and Diversity 312.4 Mat
hed Filter Bound and DiversityThe Mat
hed Filter Bound (MFB) is the maximum attainable SNR forsymbol-wise dete
tion, when the interferen
e from all other symbols has beenremoved. Hen
e the multi-stream MFB equals the MFB for a given stream.For V-BLAST (T(z) = I), the MFB for stream n isMFBn = �jjH:;njj22 ; (2.5)hen
e, diversity is limited to Nrx. For the proposed T(z) = D(z)Q on theother hand, stream n has MFBMFBn = � 1Ntx jjHjj2F ; (2.6)hen
e thisT(z) provides the same full diversityNtxNrx for all streams. Largerdiversity order leads to larger outage 
apa
ity.2.5 Pairwise Error Probability PeThis se
tion studies the pairwise error probability of the STS s
heme. Thestudy will allow us to 
omplete the spe
i�
ation of the pre
oding matrixT(z) and derive some interesting optimality results. We will also study thein
uen
e of the introdu
tion of the 
ir
ular 
onvolution and the e�e
t offrequen
y sele
tive 
hannels on the error probability.The re
eived signal isyk = H T(q) bk + vk = H D(q) Q bk + vk = H D(q) 
k + vk ; (2.7)where 
k = Q bk = [
1(k); 
2(k); : : : ; 
Ntx(k)℄T . We 
onsider now the trans-mission of the 
oded symbols over a duration of T symbol periods. Thea

umulated re
eived signal is thenY = �bH C+V ; (2.8)where Y and V are Nrx � T matri
es and C is Ntx � T . The stru
ture of Cis detailed belowC= 1�b26664
1(1) : : : : : : : : : : : : 
1(T�Ntx+1) 0 : : : 00 . . . : : : : : : : : : : : : . . . . . . ...... . . . . . . : : : : : : : : : : : : . . . 00 : : : 0 
Ntx(1) : : : : : : : : : : : : 
Ntx(T�Ntx+1)
37775(2.9)
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odingDuring the duration of the pa
ket only T �Ntx+1 symbols ve
tor are trans-mitted. This results into the loss of a fra
tion Ntx�1T of the 
ontinuous trans-mission 
apa
ity (se
tion 2.3). However we assume the pa
ket length largeenough for this loss to be negligible.Over a Rayleigh 
at fading i.i.d. MIMO 
hannel, the probability of de
id-ing erroneously C0 for transmitted C is upper bounded by (see se
tion 1.4)P(C! C0) � rYi=1(1 + �4�i)�Nrx � ( rYi=1 �i)�Nrx(�4)�Nrx r ; (2.10)where r and �i are rank and eigenvalues of (C � C0)(C � C0)H .Let i be the time index of the �rst error, and introdu
eek = [e1(k); e2(k); : : : ; eNtx(k)℄T = 1�b (
k � 
0k); thenC � C0 = 264 0 : : : 0 e1(i) : : : : : : : : : : : :... . . . . . . . . . . . . : : : : : : : : :0 : : : : : : : : : 0 eNtx(i) : : : : : : 375 : (2.11)We denote C � C0 = [E1;E2;E3℄, where E1 is the Ntx� (i� 1) zeros matrixthat 
ontains the �rst (i� 1) 
olumns of C � C0. E2 is a Ntx �Ntx matrixC � C0 = 26664 e1(i) : : : : : : :0 e2(i) . . . ...... . . . . . . ...0 : : : 0 eNtx(i)
37775 ; (2.12)and E3 
ontains the remaining 
olumns.Under the 
ondition NtxYn=1 en(i) 6= 0 (2.13)the rank r = Ntx, andQNtxi=1 �i = det[(C � C0)(C � C0)H ℄= det(E2EH2 +E3EH3 )� det(E2EH2 )= QNtxn=1 jen(i)j2: (2.14)
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an then �nd a new and less tight upper bound on the pairwise errorprobability P(C! C0) � (NtxYn=1 jen(i)j2)�Nrx : (�4)�NrxNtx : (2.15)This upper bound is the same as the one in eq.(2.10) i� the ith error is theonly error in the blo
k.Under the 
ondition in eq.(2.13) the full diversity NrxNtx is guaranteed, andthe 
oding gain is: minei 6=0 NtxYn=1 jen(i)j2.The 
ondition of eq.(2.13) is well known in the design of latti
e 
onstellations(see [34, 35℄), a �eld based on the theory of numbers.2.5.1 Choi
e of QCase Ntx = 2kFor Ntx = 2k; k 2 Z+; a solution that satis�es our 
riteria of unitary matrixand equal magnitude 
omponents of Q, is the Vandermonde matrixQs = 1pNtx 266641 �1 : : : �1Ntx�11 �2 : : : �2Ntx�1... ... ...1 �Ntx : : : �NtxNtx�1 37775 ; (2.16)where the �i are the roots of �Ntx�j = 0 ; j = p�1. Qs 
an be also fa
torizedto a produ
t of the Ntx-point Inverse Dis
rete Fourier Transform matrix bya diagonal matrixQs = IDFTNtx diag f1; �1; �21; : : : ; �Ntx�11 g: (2.17)This 
hoi
e of the Q matrix for Ntx = 2k veri�es the 
ondition of eq.(2.13),and as we will show in the next subse
tion allows to a
hieve the maximumpossible 
oding gain under the 
onstraint of the SPS s
heme.Fig. 2.5.1 shows the STS of one stream, where �g. 2.5.1 shows the STS of allthe streams.
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2.5 Pairwise Error Probability Pe 35Case Ntx 6= 2kIn [22℄ a solution of the same form of eq.(2.17) has been proposed, with�1 = ej2� pP . P is an integer 
hosen to veri�es �(P ) = 2mNtx, where �(P ) isthe Euler number and m is a positive integer. p is sele
ted from [1; P=Ntx)su
h that g
d(P=Ntx(n� 1) + p; P ) = 1; 8n.This solution veri�es the 
ondition in eq.(2.13). In order to maximize the
oding gain, P need to be sele
ted so that m is as small as possible.2.5.2 Optimality for QAM Constellations in the CaseNtx = 2kForNtx = 2k(k 2 Z+),Qs leads to the satisfa
tion of (2.13) (see [34℄). It guar-antees for any Ntx � 1 ve
tor x from a 
onstellation X with x 2 (Z[j℄)Ntx=0)(Z[j℄ = fa + jb j a; b 2 Zg) and z = Qsx, that (NtxNtx=2QNtxn=1 zn) 2 Z[j℄=0,and hen
e NtxYn=1 jznj2 � � 1Ntx�Ntx : (2.18)For �nite QAM 
onstellations with (2M)2 points, any symbol 
an be writtenas: bn(i) = df(2l � 1) + j(2p � 1)g where d 2 R+� , l; p 2 f�M + 1;�M +2; : : : ;Mg and �2b = 2(4M2�1)d23 .For n = 1; : : : ; Ntx, 1�b (bn(i)� b0n(i)) = 2d�b (l0+ jp0), l0; p0 2 f�2M +1;�2M +2; : : : ; 2M�1g. The �rst error ei = 1�bQs(bi�b0i) veri�es �b2dei 2 (Z[j℄)Ntx=0).The lower bound of (2.18), whi
h is valid in fa
t for any Vandermonde matrixQ of the form in (2.16) built with roots of a polynomial of order Ntx with
oeÆ
ients in Z[j℄ and satisfying a 
ertain number of 
onditions [34℄ (hen
eQs is a spe
ial 
ase of this family), be
omesminei 6=0 NtxYn=1 jen(i)j2 � �4d2�2b �Ntx� 1Ntx�Ntx = � 4d2Ntx�2b �Ntx : (2.19)In what follows, we derive an upper bound for the 
oding gain for any matrixQ with normalized 
olumns. The minimal produ
t of errors Qn jen(i)j2 isupper bounded by a parti
ular error instan
e 
orresponding to a single errorin the b's, when 1�b (bi�b0i) = 2d�bwn0, where wn0 is the ve
tor with one in the
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odingnth0 
oeÆ
ient and zeros elsewhere, hen
eminei 6=0 NtxYn=1 jen(i)j2 � �4d2�2b �Ntx NtxYn=1 jQn;n0j2 : (2.20)Now, given thatPNtxn=1 jQn;n0j2 = 1, then by applying Jensen's inequality, weget NtxYn=1 jQn;n0j2 � � 1Ntx�Ntx : (2.21)Hen
e, minei 6=0 NtxYn=1 jen(i)j2 � �4d2�2b �Ntx� 1Ntx�Ntx = � 4d2Ntx�2b �Ntx (2.22)is an upper bound for the 
oding gain for any matrix Q with normalized
olumns. Now, the interse
tion of the sets of matri
es that lead to the lowerbound (2.19) and the upper bound (2.22) in
ludes the unitary matrix Qsgiven in (2.16), whi
h hen
e a
hieves the upper bound on the 
oding gain:minei 6=0 NtxYn=1 jen(i)j2 = � 4d2Ntx�2b �Ntx = � 6(4M2 � 1)Ntx�Ntx.Remark 1: Jensen's inequality (2.21) be
omes an equality i� all the 
oeÆ-
ients Qn;n0 ; n = 1; : : : ; Ntx have the same module 1=pNtx. This holds forany n0 = 1; : : : ; Ntx. Hen
e we 
on
lude that a ne
essary 
ondition on anyunitary matrix Q to maximize the 
oding gain is to have equal magnitude
oeÆ
ients. This is equivalent to our 
ondition to a
hieve the same maxi-mum MFB for all streams (full diversity).Remark 2: In the 
ase when Ntx 6= 2k, the 
oding gain is 
losely relatedto the size of the used QAM 
onstellation, and is in general lower then theupper bound given above.Remark 3: For QPSK 
onstellation (M = 1): �2b = 2d2 and the 
oding isminei 6=0 NtxYn=1 jen(i)j2 = � 2Ntx�Ntx.Remark 4: To a
hieve the diversity regime, whi
h 
orresponds to the SNRregion where the error probability de
ays exponentially with an exponentequals to the full diversity, the following 
ondition needs to be satis�ed:� >> 4 1mini �i = 2(4M2�1)Ntx3 = 4� 1
odinggain� 1Ntx , this follows from the error
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eNtx(T �Ntx + 1)

e2(T � 1)e1(T )e1(T � 1)
...... . . .. . . . . .eNtx(T �Ntx + 2)

e1(2)
eNtx(1)eNtx(T ): : :

. . . . . .
: : : : : : : : :

: : : : : :
. . . . . . . . . . . . . . . . . . ......

e1(1)C�C0 =
probability upper bound in (2.10).In what follow we assume Q = Qs.2.5.3 Cir
ular ConvolutionThe size of the blo
k is T symbol periods. Even if T � Ntx the insertionof a guard interval leads to a non-zero Ntx�1T fra
tion loss in the originalrate. A way to avoid this is to use 
ir
ular 
onvolution (or wrapping). Thein
onvenien
e of this though is that the 
odeword di�eren
e matrix C�C0is no longer triangular matri
e; the study of the 
oding gain hen
e gets moreinvolved. For m > i, e(i) 6= 0 and e(m) 6= 0 are two su

essive errors if theyverify one of the following two 
onditions� 8k 2 1; : : : ; m� i� 1; e(i+ k) = 0� or 8k 2 1; : : : ; T �m + i� 1; e((m+ k)modT ) = 0The 
odeword di�eren
e matrix is
Let Fe = f(i;m) jm > i ; e(i) and e(m) are 2 su

essive errorsg be the �eldof su

essive errors.If there exists (i0; m0) 2 Fe with m0 � i0 � Ntx, then in the same way ashas been argued in the previous se
tion we 
an bound the error probabilityby the single error probability of e(i0) (equivalently of e(m0)); this yields thesame result for diversity and 
oding gain as stated before. Now, for the eventwhen there are no su

essive errors separated by more than Ntx � 1, there
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odingare at least TNtx�1 nonzero errors e(i). From (2.10) a bound for the errorprobability of this event is given byP(C! C0) �Qri=1(1 + �4�i)�Nrx � (1 + �4Pri=1 �i)�Nrx= (1 + �4 1�2b jjC�C0jj2F )�Nrx = (1 + �4PT�1i=0 jje(i)jj22)�Nrx� (1 + �4 TNtx�1 mine(i)6=0 jje(i)jj22)�Nrx= (1 + �4 TNtx�1 64M2�1)�Nrx : (2.23)The probability of su
h an error event is less than the upper bound given in(2.15), and hen
e this bound remains valid whenSNR � 13N2tx(4M2 � 1)T 1Ntx�1 . This interval 
ontains the SNR range ofinterest for most appli
ations.2.5.4 Frequen
y Sele
tive Channel CaseThe multipaths 
hannel now has a �nite delay spread of L symbol periods:H(z) =PL�1i=0 Hiz�i. We assume the 
hannel to follow the frequen
y sele
tiveRayleigh fading MIMO model of subse
tion 1.1.3. We propose as pre
oding�lter T(z) = D(zL)Q. The re
eived signal is thenY = �b �H �(C) +V ; (2.24)where �H = [H0;H1; : : : ;HL�1℄ and �(C) is a blo
k Toeplitz matrix with Cas the �rst blo
k row, where C isC= 1�b26664
1(1) : : : : : : : : : 
1(T�NtxL+ 1) 01�(Ntx�1)L01�L 
2(1) : : : : : : : : : ...... . . . . . . : : : 
Ntx�1(T �NtxL+1) 01�L01�(Ntx�1)L 
Ntx(1) : : : 
Ntx(T�NtxL+1)
37775(2.25)and �(C) = 2666664 C 0Ntx�(L�1)0Ntx�1 C 0Ntx�(L�2)... . . . . . . . . . ...0Ntx�(L�2) C 0Ntx�10Ntx�(L�1) C

3777775 : (2.26)



2.5 Pairwise Error Probability Pe 39Let S = diagf�0INtx; : : : ; �L�1INtxg, then �H S�1 has i.i.d. normalized Gaus-sian elements. The upper bound for the pairwise error probability givenin (2.15) is still valid, where r and �i are now the rank and eigenvalues ofS[�(C) � �(C0)℄[�(C) � �(C0)℄HSH .Let us de�ne the permutation matrix P of size NtxL � NtxL su
h that:Puk = up(k) where uk is the NtxL � 1 ve
tor with 1 in the kth positionand zeros elsewhere, p(k) = ((k� 1)modNtx)L+(k div Ntx)+ 1. Permutingthe rows of �(C) � �(C0) givesP (�(C) � �(C0)) = 2666664 E10L�L E20L�2L E3... ...0L�(Ntx�1)L ENtx
3777775 ; (2.27)where Ek = 26664 ek(1) ek(2) : : : : : : : : : : : :0 . . . . . . : : : : : : : : :... . . . . . . . . . : : : : : :01�(L�1) ek(1) ek(2) : : :

37775 : (2.28)As stated for the 
at 
hannel 
ase, the pairwise error probability P(C! C0)is upper bounded by L�1Yk=0 �2k!�NrxNtx  NtxYn=1 jen(i)j2!�Nrx L ��4��NrxNtx L ; (2.29)where i is the time index of the �rst error. From the exponent of � we
an 
on
lude that the proposed s
heme exploits the full diversity (degreeNrxNtx L).The Q matrix proposed in the previous se
tion is still optimal for Ntx = 2k,as it maximizes the 
oding gain mine(i)6=0 NtxYn=1 jen(i)j2 � N�N (N = Ntx: size ofQ). An alternative approa
h to handle the frequen
y sele
tive 
hannel 
aseuses OFDM and involves a Q of size N = Ntx : L. The in
rease in size of Qleads to a substantial de
rease in 
oding gain though.For the 
ase when we use 
ir
ular 
onvolution with a blo
k of size T , thesame analysis holds as for the 
ase of a 
at 
hannel. The upper bound of the
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odingerror probability is now valid for SNR � 13LN2tx(4M2�1)T 1NtxL�1 , where wehave assumed a 
at power delay pro�le for the 
hannel:�2i = 1L ; i = 0; : : : ; L� 1.2.6 ML Re
eptionIn prin
iple, we 
an perform Maximum Likelihood re
eption sin
e the delaydiversity transforms the 
at 
hannel into a 
hannel with �nite memory andin
reases this memory for frequen
y sele
tive 
hannel. One 
an then assumea Viterbi de
oder to a
hieve the ML performan
es, its number of states beingthen the produ
t of the 
onstellation sizes of the Ntx streams to the powerNtxL� 1. Hen
e, if all the streams have the same 
onstellation size jAj, thenumber of states would be jAjNtx(NtxL�1), whi
h will be mu
h too large intypi
al appli
ations. Suboptimal ML re
eption 
an be performed in the formof sphere de
oding [36℄. The 
omplexity of this 
an still be too large thoughand therefore suboptimal re
eiver stru
tures will be 
onsidered in the nextse
tions.Moreover, the use of the ML de
oder doesn't allow to take advantage of thepresen
e of the binary 
hannel 
ode in typi
al appli
ation.For these reasons, less 
omplex re
eivers are to be 
onsidered in the nextse
tions. These re
eivers are of two types, iterative and non-iterative, theytakes advantage of the presen
e of the binary CC and have some in
iden
eon the transmitter 
oding setup.In [37℄ it is shown that there exist good latti
e 
odes that a
hieve the optimaldiversity vs. multiplexing tradeo� (se
tion 1.5), under the assumption of theuse of a sphere de
oder. Our STS 
heme 
an be seen as a stru
tured latti
e
ode. Hen
e a way to show that the STS with ML de
oder a
hieves theoptimal diversity vs. multiplexing tradeo� is then to show that STS veri�esthe 
onditions of a good latti
e 
ode [37℄.2.7 Con
lusionIn this 
hapter we have presented our STS s
heme based on linear 
onvo-lutive pre
oding. We motivated our 
hoi
e and we have presented the ni
eproperties exhibited by this s
heme su
h as the preservation of the ergodi
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apa
ity, the full diversity and the maximum 
oding gain. The STS is alsoeasily generalized to the 
ase of frequen
y sele
tive 
hannels and saves theseni
e properties.On the other hand we haven't been able to study the diversity vs. multiplex-ing tradeo� a
hieved by STS, when using a ML de
oder. A way to do it, is tosee this s
heme as a stru
tured latti
e 
ode and to use elements introdu
edin [37℄.
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Chapter 3
Non-Iterative Rx: DesignAlternatives
In this 
hapter we propose two types of re
eiver stru
ture for the Spa
e-TimeSpreading (STS) s
heme proposed in 
hapter 2. The �rst re
eiver is theStripping MIMO DFE also 
alled Su

essive Interferen
e Can
ellation. Itis a generalization of the V-BLAST Re
eiver to the STS s
heme. For thisRx stru
ture we propose a suitable binary 
hannel 
oding and investigate thediversity vs. multiplexing tradeo� a
hieved by the STS s
heme. We 
omparethese performan
es with the optimal tradeo� obtained in the 
ase of frequen
ysele
tive MIMO 
hannel. Another 
hoi
e for the re
eiver is the ConventionalMIMO DFE, generalization of the SISO DFE Rx to the MIMO 
ase. In this
ase we study the impa
t on the 
oding and diversity gains and investigatethe 
onsequen
es on the binary 
hannel 
ode.

43



44 Chapter 3 Non-Iterative Rx: Design Alternatives3.1 Introdu
tionIn the previous 
hapter we have seen that the optimal ML dete
tor for theSTS s
heme leads to high numeri
al 
omplexity. In order to redu
e the Rx
omplexity, this 
hapter proposes two new non-iterative re
eivers for STS.The �rst one is the Stripping MIMO DFE Rx. It uses a su

essive dete
tionand 
an
ellation of streams, hen
e it is a SIC Rx. In ea
h stream the de
oderpro
eeds in a 
ausal manner, dete
ting and 
an
eling the symbols sequen-tially. The 
ombination of the Tx and Rx, 
oding and de
oding, de
omposesvirtually the MIMO 
hannel into Ns parallel SISO frequen
y sele
tive 
han-nels (Ns is the number of used streams). These virtual 
hannels are notequivalent in the sense that they experien
e di�erent diversity and 
odinggains. The de
omposition of the MIMO 
hannel in several SISO 
hannelsallows to use binary 
hannel 
oding and de
oding te
hniques developed forthe SISO 
ase. Another advantage of Stripping is the possibility to a
hievehigh multiplexing rates when adapting ea
h stream en
oding to the SNR.Conventional 
oding and diversity gain 
riteria are not adapted to the Strip-ping Rx evaluation. In fa
t, the performan
e in the 
ase of a non-adaptive
onstant rate is dominated by the SISO virtual 
hannel that experien
es thelowest diversity. However, Stripping is very suitable for SNR adaptive rates.Performan
es in this 
ase 
an be studied using the diversity vs. multiplex-ing tradeo� 
riterion introdu
ed by Zheng & Tse in [9℄. The generalizationof this 
riterion to the frequen
y sele
tive 
ase is provided in this 
hapter,and a 
omparison of the diversity vs. multiplexing tradeo� a
hieved by theStripping MIMO DFE and other popular s
hemes is given.The se
ond proposed Rx is the Conventional MIMO DFE. The en
oded sym-bol ve
tors bk are now dete
ted sequentially and the streams are hen
e pro-
essed jointly. For the dete
tion of bk di�erent 
hoi
es are possible, one ofthem is the weighted minimum distan
e dete
tor. For this 
hoi
e, the dif-ferent streams experien
e the same diversity and 
oding gains. However,in the 
ase of large blo
k length the error propagation 
an deteriorate theperforman
e. To 
ombat error propagation, the Rx 
an take advantage ofthe presen
e of a binary 
hannel 
ode. Per-Survivor-Pro
essing (PSP) is a
onvenient way to 
ombine the Conventional MIMO DFE Pro
essing and thede
oder of a 
onvolutive binary 
hannel 
ode if present.This 
hapter begins by presenting the Stripping MIMO DFE applied tothe STS s
heme. We then investigate the in
uen
e of this Rx pro
essingon the streams 
apa
ities. These results allow us to generalize the diversity



3.2 Stripping MIMO DFE (Su

essive Interferen
e Can
ellation) Re
eiver45vs. multiplexing tradeo� of Zheng & Tse to the frequen
y sele
tive 
hannel
ase. We also investigate the tradeo� 
urve a
hieved by the Stripping MIMODFE Rx. In the se
ond part of this 
hapter we introdu
e the ConventionalMIMO DFE for our s
heme, and study the diversity gain a
hieved by thisRx te
hnique. We �nally provide a 
omparison between the Conventionaland the Stripping and present some open problems.Part of the results presented in this 
hapter were published in [25, 38, 39℄.However, the results on diversity vs. multiplexing tradeo� are re
ent and notyet published.3.2 Stripping MIMO DFE (Su

essive Inter-feren
e Can
ellation) Re
eiverThis se
tion introdu
es the Stripping MIMO DFE Rx for our STS s
heme.We detail the MMSE ZF and the MMSE design for this Rx. The matrixspe
tral fa
torization, the 
omparison with the V-BLAST and the pra
ti
alimplementation are also dis
ussed.
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Figure 3.1: Stripping MIMO DFE re
eiver.This approa
h is the extension of the V-BLAST re
eiver to the spatiotem-poral 
ase. In fa
t, we use a SIC that nulls the interferen
e from the remain-



46 Chapter 3 Non-Iterative Rx: Design Alternativesing interfering streams, dete
ts and de
odes the present stream, 
an
els its
ontribution in the re
eived signal and pro
eeds to the next stream. This al-lows to in
orporate binary 
hannel de
oding before 
an
ellation, whi
h leadsto the stripping approa
h of Verdu & M�uller or Varanasi & Guess [40, 41, 42℄.In fa
t, the streams need to be en
oded independently, to be able to de
odethem su

essively.Let G(z) = H(z)T(z) = H(z)D(z)Q be the 
as
ade transfer fun
tionof 
hannel and linear pre
oding. Q is a Ntx � Ns matrix 
ontaining Ns(Ns � Ntx) �rst 
olumns of the matrix de�ned in eq. (2.16). The mat
hed�lter Rx iszk = Gy(q)yk = Gy(q)G(q) bk +Gy(q) vk = RZF (q) bk +Gy(q) vk ; (3.1)where RZF (z) = Gy(z)G(z), and the psdf of Gy(q) vk is �2v RZF (z). TheStripping DFE Rx is then of the formbbk = � L(q)|{z}feedba
k bk + F(q)|{z}feedforward zk ; (3.2)whereI+ L(z) = L(z) = 26666664 L11(z) 0 : : : 0 0L21(z) L22(z) 0 . . . 0... L32(z) . . . . . . ...... . . . . . . LNs�1;Ns�1(z) 0LNs1(z) LNs2(z) : : : LNs;Ns�1(z) LNsNs(z)
37777775(3.3)The feedba
k L(z) = L(z)� I is stri
tly \
ausal" [43℄. This means that L(z)is lower triangular, with diagonal elements, Lii(z); i = 1; : : : ; Ntx, 
ausal,moni
1 and minimum phase2 [44℄. The lower triangular elements Lij(z); i >j, are arbitrary (non 
ausal) transfer fun
tions. W.r.t. a 
lassi
al 
ausalMIMO spe
tral fa
tor, the degrees of freedom of the stri
tly 
ausal uppertriangular elements have been transferred to the anti
ausal part of the lowertriangular elements.By L we refer in general to a lower diagonal matrix.1A moni
 SISO �lter has �rst 
oeÆ
ient equal to 12A rational f(z) is said to be minimum phase if all of its poles and zeros are inside theunit 
ir
le



3.2 Stripping MIMO DFE (Su

essive Interferen
e Can
ellation) Re
eiver47The main di�eren
e between the Stripping MIMO DFE and the 
lassi
alMIMO DFE is the priority between the streams 
ausality and the time 
ausal-ity. In fa
t, in the Stripping we use �rst the 
ausality between streams in thepro
essing order then the time 
ausality for the pro
essing inside the stream.In the 
lassi
al MIMO DFE, the pro
essing order is �rst done on the basisof the time 
ausality, then on the basis of the streams 
ausality.Two design 
ritera for feedforward and feedba
k �lters are possible: MMSEZF and MMSE.3.2.1 Stripping MMSE ZF DFE Rx DesignIn the Zero-For
ing (ZF) design we 
an
el all the interferen
e. To han-dle the ZF design the overall 
hannel has to be invertible or equivalentlyG(z) must be full 
olumn rank. This 
onstrains the number of streams toNs � minfNtx; Nrxg. In order to satisfy this 
ondition we 
hoose Ns =minfNtx; Nrxg. Consider the Upper Diagonal Lower (UDL) triangular ma-trix spe
tral fa
torization of RZF (z)RZF (z) = Gy(z)G(z) = Ly(z) �L(z) ; (3.4)where L(z) =Xk Lk z�k with diag (L0) = I (moni
), � > 0 is diagonal and
onstant, and L(z) is stru
tured as in (3.3).This fa
torization is the analog of the UDL fa
torization applied to HHH inthe 
ase of V-BLAST [45℄. Then F(z) = ��1 L�y(z), L(z) = L(z)� I.The total feedforward �lter is a s
aled Whitened Mat
hed Filter (WMF)F(z)Gy(z) = �� 12 �� 12L�y(z)Gy(z) = �� 12 U(z) ; (3.5)where U(z) is a paraunitary, lossless WMF.The forward �lter outputF(q) zk = L(q)bk + F(q)Gy(q)vk = L(q)bk + ek ; (3.6)where See(z) = �2v ��1. Assuming perfe
t feedba
k to be 
orre
t, thea
tual symbol estimate isbbk = �L(q)bk + F(q)zk = (L(q)� L(q))bk + ek = bk + ek : (3.7)



48 Chapter 3 Non-Iterative Rx: Design AlternativesAt the equalizer output n: SNRn = ��nn.We 
an dete
t the bk elementwise by ba
ksubstitution (feedba
k) and symbol-by-symbol dete
tion.Using 
oding arguments similar to the one used for the SISO 
ase in [46, 47℄,the 
apa
ity of the nth pro
essed stream is thenCMMSEZF DFEn = ln(1 + SNRMMSEZFn ) : (3.8)3.2.2 Stripping MMSE DFE Rx DesignThe MMSE design makes a 
ompromise between interferen
e 
an
ellationand noise enhan
ement. For this design the number of stream is �xed toNs = Ntx.Consider now the ba
kward 
hannel model based on LMMSE [45℄bbk = bk + ebk ) bk = bbk � ebk= Sbz(q)S�1zz(q) zk � ebk : (3.9)bbk is the LMMSE estimate of bk based on zk, whereSbz(z) = Sbb(z)Gy(z)G(z)Szz(z) = Gy(z)G(z)Sbb(z)Gy(z)G(z) + �2vGy(z)G(z) (3.10)Hen
e the LMMSE MIMO estimator �lter isSbz(z)S�1zz(z) = R�1(z) ; (3.11)with R(z) = Gy(z)G(z) + �2v S�1bb(z) = Gy(z)G(z) + 1� I.Now bk = R�1(q)zk � ebk. The MMSE estimate satis�es the orthogonalityprin
ipleSbb(z) = Seb eb(z) + S bbbb(z)) S eb eb(z) = Sbb(z)� Sbz(z)S�1zz(z)Szb(z)= �2v R�1(z) : (3.12)Apply again matrix spe
tral fa
torizationR(z) = Ly(z) �L(z) ; (3.13)then bk = L�1(q) ��1 L�y(q) zk � ebk. The forward �lter output is nowF(q) zk = ��1 L�y(q) zk = L(q)bk + L(q) ebk = L(q)bk + ek ; (3.14)



3.2 Stripping MIMO DFE (Su

essive Interferen
e Can
ellation) Re
eiver49where See(z) = �2v L(z)R�1(z)Ly(z) = �2v ��1.Assuming the feedba
k to be 
orre
t, the a
tual symbol estimate is thenbbk = �L(q)bk + F(q)zk = (L(q)� L(q))bk + ek = bk + ek : (3.15)At the equalizer output n again: SNRn = ��nn.In general the following property is veri�ed [46℄�MMSE > �MMSEZF ) SNRMMSEn > SNRMMSEZFn ; (3.16)and even SNRUMMSEn = SNRMMSEn � 1 > SNRMMSEZFn where UMMSErefers to Unbiased MMSE.The 
apa
ity of the nth pro
essed stream under the MMSE design isCMMSEDFEn = lnSNRMMSEn = ln(1 + SNRUMMSEn ) : (3.17)3.2.3 Matrix Spe
tral Fa
torization ConsiderationsConventionally: L(z) = +1Xk=0 Lk z�k, where L0 is unit diagonal and lowertriangular. Consider a generalization with relative delays via linear predi
tionP(z) = L�1(z) applied to ebk: the 
onventional linear predi
tor P
(z) appliedto Z(q) ebk = 26664 eb1;keb2;k�d1...ebNtx;k�dNtx�1
37775 (3.18)leads to the generalized predi
tor: P(z) = Z�1(z)P
(z)Z(z). We 
an ob-tain the triangular spe
tral fa
tor or predi
tor as the limiting 
ase as delays(0 < d1 < d2 < : : : < dNtx�1, and d2 � d1; d3 � d2; : : : ; dNtx�1 � dNtx�2)! +1. Stri
tly lower triangular elements of P(z) are non-
ausal Wiener�lters to estimate a signal 
omponent in terms of the previous signal 
ompo-nents, the diagonal elements are SISO predi
tion error �lters of the resultingresidual signals [43℄.With triangular spe
tral fa
tors and feedba
k �lters: we dete
t one symbolstream over all time and then pass to the next symbol stream. With a 
on-ventional feedba
k �lter: we pro
ess all symbols one after another at a given



50 Chapter 3 Non-Iterative Rx: Design Alternativestime instant, and then pass to the next time instant. The advantage of trian-gular fa
tors/feedba
k: the Rx 
an in
orporate binary 
hannel de
oding indete
tion before the use of symbols in feedba
k. It allows mu
h more reliablefeedba
k and 
orresponds to the stripping approa
h of Verdu & M�uller orVaranasi & Guess [40, 41, 42℄. In pra
ti
e, a �nite relative delays betweenstreams (3.18) suÆ
e.3.2.4 Stripping DFE and V-BLASTThe Stripping DFE works as follows (see �g. 3.1):1. A SIMO DFE applied to dete
t a stream, the design of the SIMO DFE
onsiders the remaining streams as 
olored noise, this 
an take advantage ofa binary 
hannel 
ode independent for ea
h stream. Binary CCs suitable forfrequen
y sele
tive 
hannels and DFE Rx exist [48, 49℄.2. The dete
ted and de
oded stream is substra
ted from the Rx signal andpassed on to the next stream.For the �rst stream, all remaining streams are interferen
e, whereas the laststream gets dete
ted in the single stream s
enario. Hen
e, triangular MIMODFE is an extension of V-BLAST to the dynami
 
ase. Here, the dynami
s(temporal dispersion) have been introdu
ed by linear 
onvolutive pre
oding(introdu
ing delay diversity) plus the 
hannel dynami
 if present (nonzerodelay spread). The advantages are:� no ordering issue: the streams 
an be pro
essed in any order,� higher diversity order.The ordering issue of the Stripping Rx has been treated in [38℄. The se
ondpoint that 
onsiders diversity will be studied in se
tion 3.4.2 dealing with thediversity vs. multiplexing tradeo�.3.2.5 Pra
ti
al Implementation of SIC Re
eiverAlthough the 
omplexity of a suboptimal re
eiver like the Stripping DFE
an still be 
onsidered quite high, a pra
ti
al approximation is possible asfollows. One should 
onsider the Noise Predi
tive DFE form [50, 51℄. Inthis 
ase, the forward �lter is in fa
t the Linear MMSE (LMMSE) re
eiver.The ba
kward �lter is then a MIMO noise predi
tion �lter. We suggest touse the triangular MIMO predi
tor stru
ture for reasons already mentioned.



3.3 SIC Re
eiver Pro
essing and Capa
ity Issues 51The 
omplexity of the MIMO predi
tor 
an be adjusted by adjusting thepredi
tion order. This gives performan
e in between that of the LMMSEre
eiver and that of the DFE. The LMMSE re
eiver/forward �lter 
an beapproximated by polynomial expansion.3.3 SIC Re
eiver Pro
essing and Capa
ity Is-suesIn this se
tion we study the in
uen
e of the proposed Stripping approa
h.We derive the 
apa
ity and investigate the in
uen
e of SIC pro
essing onstreams 
apa
ities for both designs: MMSE and MMSE ZF.3.3.1 Stripping MMSE DFE RxWe 
onsider the Stripping re
eiver with MMSE DFE design of se
tion 3.2.2.This re
eiver performs a su

essive dete
tion of the steams. We 
hoosef1; 2; : : : ; Ntxg to be the order of dete
tion of the streams.At step n, the re
eiver has already dete
ted and 
an
eled steams f1; 2; : : : ; n�1g. We denote Vn = [en; en+1; : : : ; eNtx℄, where en is the Ntx� 1 ve
tor with1 at the nth position and all other entries are zeros.In se
tion 3.2.2 we have shown that the 
apa
ity of the nth pro
essed streamdenoted CMMSEDFEn satis�esCMMSEDFEn = lnSNRMMSEn = ln ��nn ; (3.19)where � is the diagonal part of the UDL spe
tral fa
torization of R(z) i.e.L(z)y�L(z) = R(z). By identi�
ation we 
an show that ([VHnR(z)Vn℄�1)11 =1�nnLnn(z)Lnn(z)y , where the diagonal 
oeÆ
ient L(z)nn is 
ausal, moni
 andminimum phase, hen
e it satis�es 12�j H dzz ln(L(z)nnL(z)ynn) = 0 (see argu-ments developed in appendix 3.A, and [44℄)3. The 
apa
ity of the nth pro-
essed stream is �nallyCMMSEDFEn = ln(��nn) = � 12�j I dzz ln([VHn �R(z)Vn℄�1)11 : (3.20)3 12�j H dzz ln(f(z)f(z)y) = 0 for f(z) 
ausal, moni
 and minimum phase



52 Chapter 3 Non-Iterative Rx: Design AlternativesCapa
ity de
omposition :For a given 
hannel realizationC(H) = 12�j H dzz ln det(INtx + �Gy(z)G(z))= 12�j H dzz ln det(� R(z))= 12�j H dzz ln det(�L(z)y�L(z))= ln det(��MMSE)= NtxXn=1 CMMSEDFEn ; (3.21)
where in the third equality we repla
ed R(z) by its UDL matrix spe
tral fa
-torization, and in the fourth we exploit the fa
t that det(L(z)) =QNtxn=1 Lnn(z)is 
ausal, moni
 and minimum phase.This shows that the total 
apa
ity is the sum of the 
apa
ities of Ntx streamsoutput, and hen
e Stripping with a MMSE DFE design preserves the 
apa
-ity.Bounds on the stream-wise 
apa
ities for the MMSE design:The following lemma provides useful bounds on the 
apa
ities.Lemma 1: The nth pro
essed stream 
apa
ity in the MMSE design isbounded by 
1n � CMMSEDFEn � ln( 1L + �sNtx(L�1)+n) � 
2n ; (3.22)where
1n = ( ln( 1Ntx
NtxL ) + (Ntx � n) ln� Ntx�n(Ntx�n+1)
NtxL� ; 1 � n � Ntx � 1ln( 1Ntx
NtxL ) ; n = Ntx (3.23)
2n = ( (Ntx � n) ln� 
NtxL(Ntx�n+1)Ntx�n �+ lnL ; 1 � n � Ntx � 1lnL ; n = Ntx (3.24)(sn; n = 1; : : : ; NtxL) are the eigenvalues of �HH �H sorted in the in
reasingorder where �H = [H0;H1; : : : ;HL�1℄. 
NtxL = NtxL�1Xl=0 � lNtxL� 1 �2.



3.3 SIC Re
eiver Pro
essing and Capa
ity Issues 53Proof : see appendix 3.B.
3.3.2 Stripping MMSE ZF DFE RxAs denoted in subse
tion 3.2.1 the number of streams for this 
ase is Ns =minfNtx; Nrxg. Again the pro
essing order of the streams is f1; 2; : : : ; Nsg,and denote Vn = [en; en+1; : : : ; eNs℄ where en is the Ns � 1 ve
tor with 1 atthe nth position and all other entries are zeros.Using the same arguments as for the 
ase of MMSE DFE design we 
an showthat ln(SNRMMSEZFn ) = � 12�j I dzz ln([VHn �RZF (z)Vn℄�1)11 : (3.25)Re
all that CMMSEZF DFEn = ln(1 + SNRMMSEZFn ), then by pro
eeding as inthe MMSE 
ase we 
an bound the 
apa
ity of ea
h steam.Bounds on the stream-wise 
apa
ities for the MMSE ZF design:The following lemma gives the desired results.Lemma 2: The nth pro
essed stream SNR in the MMSE ZF design isbounded by 
1n � ln(SNRMMSEZFn )� ln(�sNtxL�Ns+n) � 
2n ; (3.26)and the 
apa
ity is bounded byln(1 + e
1n�sNtxL�Ns+n) � CMMSEZF DFEn � ln(1 + e
2n�sNtxL�Ns+n) ; (3.27)where now
1n = ( ln( 1Ntx
NtxL ) + (Ns � n) ln� Ns�n(Ns�n+1)
NtxL� ; 1 � n � Ns � 1ln( 1Ntx
NtxL ) ; n = Ns (3.28)
2n = ( (Ns � n) ln� 
NtxL(Ns�n+1)Ns�n � + lnL ; 1 � n � Ns � 1lnL ; n = Ns (3.29)



54 Chapter 3 Non-Iterative Rx: Design AlternativesAgain, (sn; n = 1; : : : ; NtxL) are the eigenvalues of �HH �H sorted in in
reasingorder where �H = [H0;H1; : : : ;HL�1℄.Proof : To bound the SNR we pro
eed similarly as for the MMSE 
ase(see appendix 3.B) but we apply the all reasoning to ln(SNRMMSEZFn ) (3.25)rather then CMMSEDFEn (3.20). We then use the obtained bounds to expressthe 
apa
ity (3.8). �3.4 Diversity vs. Multiplexing Tradeo�In this se
tion we seek to study the diversity vs. multiplexing tradeo� (asde�ned by Zheng & Tse). Their work was applied to the MIMO 
at 
ase, wewill generalize this notion to the frequen
y sele
tive 
ase and then we studythe tradeo� a
hieved by the Stripping DFE.3.4.1 Optimal Tradeo� Curve for the Frequen
y Sele
-tive ChannelFor the 
at 
hannel, it was shown in Theorem 2 of [9℄ that for T � Nrx +Ntx� 1 the optimal tradeo� 
urve of the error probability d�(r) (se
tion 1.5)
orresponds to dout(r), where the outage probability satis�es Pout(r ln �) :=��dout(r).The equality d�(r) = dout(r) (3.30)
an be generalized to the frequen
y sele
tive 
ase by using the result derivedin subse
tion 1.2.4. In fa
t, we have shown that the instantaneous 
apa
ity ofa �nite blo
k length transmission, CT (H), has asymptoti
ally for large blo
klength T the same distribution as C(H), whi
h is the instantaneous 
apa
ityin the 
ontinuous transmission. This 
an be used in the proof of Theorem 2in [9℄ to generalize eq. (3.30) to the 
ase of frequen
y sele
tive 
hannel withT >> L.In the sequel we study the outage 
apa
ity whi
h will allow us to �nd theoptimal tradeo� 
urve d�(r) = dout(r).For simpli
ity we assume that �H = [H0;H1; : : : ;HL�1℄ follows a Rayleigh
at fading MIMO distribution (subse
tion 1.1.1). This 
onstrains the power



3.4 Diversity vs. Multiplexing Tradeo� 55delay pro�le to be 
at �0 = �1 = : : : = �L�1 = 1. The results derived belowapply also for general power delay pro�le as long as �l 6= 0 ; l = 0; : : : ; L� 1(bounded away from zero). �H �HH has m = minfNrx; NtxLg nonzero eigen-values �1 � �2 � : : : � �m. These eigenvalues follow the Wishart dis-tribution given in subse
tion 1.1.1, in whi
h minfNrx; Ntxg is repla
ed byminfNrx; NtxLg and maxfNrx; Ntxg by maxfNrx; NtxLg. We observe that�n = sNtxL�m+n, for n = 1; : : : ; m where (sn; n = 1; : : : ; NtxL) are all theeigenvalues of �H �HH (in
luding zeros) that were introdu
ed before.We 
ontinue in the foot steps of [9℄ and use the following variable 
hange�n , ���n . At high SNR we have (1 + ��n) := �(1��n)+, where (x)+ denotesmaxf0; xg and the symbol := was introdu
ed in se
tion 1.5.We denote p = minfNrx; Ntxg; q = maxfNrx; Ntxg.From the bounds given in eq. (3.22) and (3.27), we 
an show thateCMMSEZF DFEp�Ntx+n := eCMMSEDFEn := �(1��(m�Ntx+n))+ for (Ntx�p+1) � n � Ntx :(3.31)If Nrx � Ntx: p = Nrx and sNtx(L�1)+n = 0 for 1 � n � Ntx �Nrx. Then for1 � n � Ntx � p CMMSEDFEn is bounded by a 
onstant (3.22)eCMMSEDFEn := 1 for 1 � n � Ntx � p : (3.32)Theorem 1: For a 
hannel with a frequen
y sele
tive Rayleigh fadingmodel (subse
tion 1.1.3), let the data rate be R = r ln � (0 � r � p =minfNrx; Ntxg). Then the outage probability satis�esPout(r ln �) := ��dout(r) ; (3.33)where dout(r) is given by the pie
ewise-linear fun
tion 
onne
ting the points(k; dout(k)), k = 0; 1; : : : ; p, wheredout(k) = (Lq � k)(p� k) : (3.34)Re
all that p = min(Nrx; Ntx); q = max(Nrx; Ntx). In parti
ular d�max =L:Ntx:Nrx and r�max = min(Nrx; Ntx).Proof : see appendix 3.C.As stated above, for T >> L this theorem gives the optimal tradeo� ofthe frequen
y sele
tive MIMO fading 
hannel: d�(r) = dout(r) (see �g. 3.2for Ntx � Nrx).
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(2; (LNrx � 2)(Ntx � 2))(r; (LNrx � r)(Ntx � r))
(Ntx; 0)Diversi

tyGain
:d� (r)

Spatial Multiplexing Gain: r

(1; (LNrx � 1)(Ntx � 1))
(0; LNrxNtx)

Figure 3.2: Diversity vs. multiplexing optimal tradeo� for frequen
y sele
tive
hannel with Ntx � Nrx.3.4.2 Tradeo� Curve for the SIC RxWe will �rst study the outage probability behavior of the SIC Rx applied toour STS s
heme. Then we show that the Stripping DFE Rx 
oupled witha QAM 
onstellation a
hieves this upper bound tradeo� 
urve for any blo
klength as long as T >> NtxL.An outage event o

urs if the 
apa
ity of one of the streams is less thenthe allo
ated rate, when the previous streams were 
orre
tly de
oded. Theoutage probability of a SIC re
eiver that uses Ns streams and for a data rateR is thenP SICout (R) = minR=PNsk=1 Rk NsXi=1 P (Ci < Ri; C1 � R1; C2 � R2; : : : ; Ci�1 � Ri�1) ;(3.35)



3.4 Diversity vs. Multiplexing Tradeo� 57where Ci is the 
apa
ity of the ith stream.As we have seen before, the 
apa
ity is a
hieved by the MMSE DFE re
eiver,i.e. Ci = CMMSEDFEi . The outage probability as formulated is the minimumover all the di�erent allo
ations Ri; i = 1; : : : ; Ns.In the multiplexing 
ase the total rate is R = r ln � and the di�erent streamsrates are Ri = ri ln �; ri � 0; i = 1; : : : ; Ns. We then write P SICout (r ln�) :=��dSICout (r).The following lemma is a preliminary result for the study of the outage:Lemma 3: The outage probability 
hara
teristi
 for SIC: dSICout (r) is a
hievedby transmitting only on Ns = p = minfNrx; Ntxg streams. And is equallya
hieved by the MMSE DFE and the MMSE ZF DFE re
eivers.Proof : We have shown in eq. (3.22) that for 1 � i � Ntx�p, CMMSEDFEiis upper bounded by a 
onstant. Hen
e lim�!1P (CMMSEDFEi < ri ln �) = 1 forri > 0, and the outage probability is then a
hieved i� ri = 0 for 1 � i � Ntx�p. This last 
ondition is equivalent to the use of Ns = p = minfNrx; Ntxg.On the other hand and as we have seen in eq. (3.31) for 1 � i � p:eCMMSEZF DFEi := eCMMSEDFENtx�p+i := �(1��(m�p+i))+ ; (3.36)where m = minfNrx; NtxLg. The behavior of the MMSE DFE and theMMSEZF DFE streams 
apa
ities is then the same for large SNR. As a 
on-sequen
e, it is suÆ
ient to study the outage probability of the MMSEZFDFE Rx to �nd dSICout (r). �Theorem 2: For a 
hannel with a frequen
y sele
tive Rayleigh fadingmodel (subse
tion 1.1.3), the outage probability of the SIC Rx for the STSs
heme satis�es P SICout (r ln �) := ��dSICout (r) ; (3.37)where dSICout (r) is given by the pie
ewise-linear fun
tion 
onne
ting the points(rtk; dSICout (rtk)), k = 0; : : : ; p,rtk = k � (m� k)(n� k) kXi=1 1(m� k + i)(n� k + i) ; k = 0; : : : ; p� 1rtk = p ; k = p (3.38)



58 Chapter 3 Non-Iterative Rx: Design Alternativesand dSICout (rtk) = (m� k)(n� k) ; k = 0; : : : ; p� 1dSICout (rtk) = 0 ; k = p (3.39)where m = minfNrx; NtxLg, n = maxfNrx; NtxLg and p = minfNrx; Ntxg.For the 
orresponding optimal rate allo
ation, and for r 2 [rtk; rtk+1℄; k =0; : : : ; p� 1, only k + 1 streams are used.The nonzero multiplexing rates are ri; p� k � i � p, and satisfy8><>:(m� k)(n� k)(1� rp�k)=(m� k + 1)(n� k + 1)(1� rp�k+1)= : : :=mn(1� rp)pXi=p�k ri = r (3.40)Proof : see appendix 3.D.The following theorem shows that the Stripping MMSE ZF DFE Rx, withadapted en
oding 
onstellations a
hieves the outage tradeo� dSICout (r).Theorem 3: For blo
k length T , T >> NtxL, the use of QAM 
on-stellations with adapted rates by stream, allows the Stripping MMSE ZFDFE Rx applied for the STS s
heme to a
hieve a diversity vs. multiplexingtradeo� equal to the outage tradeo� d�; SICout (r).d�; SIC(r) = dSICout (r) : (3.41)Proof : see appendix 3.E.Consequen
e of Theorem 3� Theorem 3 gives a simple 
oding/de
oding s
heme (STS, QAM/ Strip-ping MIMO DFE), and shows that it a
hieves a high performan
ein term of the diversity vs. multiplexing tradeo�. In parti
ular thiss
heme a
hieves the maximum rate and the maximum diversity d�; SICmax =d�max = L:Ntx:Nrx and r�; SICmax = r�max = min(Nrx; Ntx).� Eq. (3.31) shows that the optimal diversity vs. multiplexing tradeo�sa
hieved by the Stripping MMSE ZF DFE and MMSE DFE design arethe same.
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Spatial Multiplexing Gain: r1 2 3 401
4
9

16 Optimal tradeo�

V-BLAST
Orthogonal Design

Diversity
Gain:d(
r) STS/Stripping

Figure 3.3: Diversity vs. multiplexing tradeo� of di�erent s
hemes. Ntx =Nrx = 4, L = 1.� To improve the performan
e of the s
heme, and to limit the errorpropagation, we 
an substitute the stream-wise de
ision feedba
k bya Viterbi de
oder. If a binary 
hannel 
ode is used, we 
an also 
ouplethe stream-wise DFE equalizer with a PSP 
hannel de
oder.� STS 
ombined with the Stripping DFE Rx and SNR adaptive QAM
onstellation outperforms the popular s
hemes of orthogonal designand V-BLAST (see �g. 3.3, Ntx = Nrx = 4, L = 1). In fa
t, theperforman
es of these two s
hemes have been studied in [9℄ for the 
aseof 
at 
hannel. The orthogonal design a
hieves maximum diversitybut is limited to a multiplexing rate of 1 (the multiplexing rate that
an be a
hieved is even smaller then 1 for Ntx > 2). Whereas theV-BLAST 
an a
hieve the maximum rate but has poor diversity. TheSTS/Stripping a
hieves better diversity vs. multiplexing tradeo� for
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ular it a
hieves the two extreme pointsof r�max and d�max.3.5 Conventional MIMO DFE Re
eiverThe di�erent streams in the Stripping re
eiver enjoy di�erent diversity gains.For �xed non-adaptive rates as it is the 
ase in the 
onventional design of STC(se
tion 1.4) the performan
e is dominated by the stream that experien
esthe lowest diversity. To avoid this situation we propose a new re
eiver thattreats the di�erent streams equally. The 
onsidered Rx is the 
lassi
al MIMOde
ision feedba
k equalizer, in whi
h the symbol ve
tors bk are pro
essedsequentially in time (see �g. 3.4).
++

-
decoderyk F(z)
B(z)

zkGy(z) b̂k

Figure 3.4: Convetional MIMO DFE re
eiverThe DFE output is thenbbk = � B(q)|{z}feedba
k bk + F(q)|{z}feedforward zk ; (3.42)where the feedba
k �lter B(z) = Xi�1 Biz�i is su
h that B(z) = I + B(z)is 
ausal, moni
 and minimum phase. We shall 
onsider the MSE as �lterdesign 
riterion.3.5.1 Conventional MMSE MIMO DFE RxAs for the Stripping Rx (se
tion. 3.2) the ZF and MMSE design hold. Wedetail the MMSE design below.



3.5 Conventional MIMO DFE Re
eiver 61The linear MMSE estimate satis�esbk = bbk � ebk = Sbz(q)S�1zz(q) zk � ebk : (3.43)The development is the same as in se
tion 3.2.2 but using the minimum andmaximum phase fa
torization ofR(z) = Gy(z)G(z)+ 1� I (see [52℄). Let B(z)be the unique 
ausal, moni
 minimum phase fa
tor of R(z), thenR(z) = By(z)MB(z): (3.44)where M is a 
onstant positive de�nite hermitian matrix.Then bk = B�1(q)M�1B�y(q) zk � ebk.By 
hoosing F(q) =M�1B�y(q), we getF(q) zk = M�1B�y(q) zk= B(q)bk +B(q) ebk= B(q)bk + ek= bk +B(q)bk + ek ; (3.45)where See(z) = B(z)R�1(z)By(z) = �2vM�1.B(z) = B(z) � I is tightly related to the MIMO predi
tion error �lterP(z) of the spe
trum R(z), Py(z)R(z)P(z) = Constant Matrix. Indeed,P(z) = B�1(z) obviously. The following Theorem gives B(z) in the 
ase ofMIMO 
at 
hannel.Theorem 4: For MIMO 
at 
hannel the feedba
k �lter isB(z) = T(z)y LH T(z) ; (3.46)for whi
h 
orresponds M = QHDQ ; (3.47)where L andD results from the LDU de
omposition ofHHH+ 1�I = LDLH .Proof :We need to show thatB(z) = T(z)yLH T(z) = QHD(z)y LH D(z)Qis minimum phase 
ausal moni
 �lter and satis�es B�y(z)R(z)B�1(z) =M.LH is upper triangular, then due to the diagonal stru
ture of D(z),
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ausal �lter. Q is unitary, hen
e B(z) in also 
ausalmoni
 �lter.detB(z) = detLH = 1, this shows that B(z) is a minimum phase 
ausalmoni
 �lter. To 
omplete the proof of the theorem it is suÆ
ient to verifythat B�y(z)R(z)B�1(z) = QHDQ =M. �Conventional Unbiased MMSE MIMO DFE Rx :F(q) zk �B(z)bk is a biased estimate of bk, sin
eF(q) zk �B(q)bk = [M�1B�y(q)Gy(q)G(q)�B(z)℄bk +M�1B�y(q)Gy(q)vk= [I� 1�M�1B�y(q)℄bk +M�1B�y(q)Gy(q)vk= (I� 1� M�1)bk + ~ek ; (3.48)where ~ek =M�1B�y(q)Gy(q)vk � 1� M�1 (B�y(q)� I)bk.After some manipulations, the 
ovarian
e of ~e is writtenC~e~e = �2vM�1(I� 1� M�1).The feedforward UMMSE �lter isFU(q) = (I� 1�M�1)�1M�1B�y(q)(M� 1� I)�1Py(q) ; (3.49)whereas the 
orresponding feedba
k �lter isBU(q) = (I� 1�M�1)�1(P�1(q)� I) : (3.50)The 
apa
ity of su
h a Tx system with UMMSE DFE Rx, assuming perfe
tfeedba
k and joint de
oding of the 
omponents of bk, is after some simplemanipulations C = 12�j I dzz ln det(�M) : (3.51)In order to show that C is equal to the 
apa
ity of the MIMO 
hannel,let us noti
e that for a minimum/maximum phase moni
 MIMO �lter A(z)(A0 = I), 12�j H dzz log det(A(z)) = 0. This leads toC = 12�j H dzz ln det(�By(z)MB(z))= 12�j H dzz ln det(I + �Hy(z)H(z)) : (3.52)Hen
e this de
oding strategy preserves the 
apa
ity.



3.5 Conventional MIMO DFE Re
eiver 633.5.2 Conventional MMSE ZF MIMO DFE RxAs we have done for the MMSE, the MMSE ZF design 
an be determinedsimilarly to se
tion 3.2, where again for this design to hold we need to haveNs = minfNtx; Nrxg.We assume in below that Nrx � Ntx, then Ns = Ntx. Under the assumptionthat dete
ted symbols are 
orre
t (perfe
t feedba
k), we getbbk = F(q)zk �B(q)bk= bk + ek ; (3.53)where See(z) = �2vM�1, B(z) = T(z)y LH T(z), M = QHDQ, and L, Dresult from the LDU de
omposition of HHH = LDLH .For the dete
tion of the symbol ve
tor bk di�erent 
hoi
es are possible.For example a V-BLAST-like dete
tor 
an be used, however su
h a pro
ess-ing degrades performan
e. The optimal 
hoi
es in this 
ase is the weightedminimum distan
e dete
tor whi
h has an a

eptable 
omplexity espe
iallyfor small number of transmit antennas and small 
onstellation size. The
omplexity 
an be further redu
ed by the use of sphere de
oding.Diversity Considerations:Theorem 5: In the 
ase of 
at 
hannel andNrx � Ntx, the use of a weightedminimum distan
e dete
tor allows the MMSE ZF DFE Rx to a
hieve diver-sity gain of Ntx:(Nrx � Ntx�12 ).Proof : see appendix 3.F.In the 
ase of the MMSE MIMO DFE Rx we 
an not analyze the 
odinggain as done in the proof of Theorem 5. In fa
t, for this Rx the noise ek
ontains a part of the interferen
e. The interferen
e is non-Gaussian, hen
eek is non-Gaussian.However, the MMSE MIMO DFE makes a 
ompromise between interferen
e
an
ellation and noise enhan
ement, its performan
es are then better thanthose of the MMSE ZF MIMO DFE. We 
on
lude that the MMSE MIMODFE a
hieves at the least the same diversity gain as the MMSE ZF MIMODFE.
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oding StrategyPreviously in Theorem 5 we have shown that the MMSE ZF MIMO DFEa
hieves a high diversity gain of Ntx:(Nrx � Ntx�12 ). However, the problemof the DFE Rx is error propagation, it degrades the error probability or the
oding gain (this 
orresponds to a translation of the error probability 
urveto the right). To redu
e this e�e
t, PSP 
an be used to robustify the re
eiverby saving several survivors (possibilities) that are the more likely as has beendone in [53℄. PSP typi
ally uses a binary 
onvolutional 
hannel 
ode, 
oupledwith a Viterbi de
oder at the re
eiver. For de
oding, only a redu
ed numberof survivors are saved, they are used as feedba
k in the equalizer and hen
ein
rease the number of distan
es to be evaluated. The number of survivorsis 
hosen in a manner to keep the 
omplexity a

eptable.Another possibility of binary 
oding is to allow inter-blo
k 
oding, the de
od-ing progress is then done serially in one blo
k but in parallel in the di�erentblo
ks, for symbols that have the same index k. For the approa
h to besmoothly 
ombined with the Conventional MIMO DFE Rx, it is desirablethat the symbol 
omponents of the ve
tor symbol bk belong to the samestream and that 
onse
utive bk belong to di�erent streams. To this end,a new type of stream assignment (layering) should be introdu
ed. In this
ase, the frame of data to be transmitted gets partitioned into 
onse
utiveblo
ks. Ea
h stream has one diagonal set of symbols in any given blo
k, andhen
e stream i is 
omposed of diagonal i in every blo
k (for a frequen
y-
at
hannel). Hen
e, every blo
k 
ontains only one ve
tor symbol (diagonal) bkbelonging to a parti
ular stream. The non-iterative re
eption gets performedby running the DFE in parallel over ea
h blo
k and de
oding ea
h 
onse
-utive stream sequentially, before using it in the feedba
k for the dete
tionof the next stream. This approa
h also allows to take advantage of timediversity by distributing the blo
ks over di�erent realization. This strategyalso ensures a high reliability of the feedba
k and hen
e redu
es error prop-agation.In [53℄, simulations are done to evaluate the performan
e of PSP but fora 
ase where no linear pre
oding is used. This approa
h is a pure binary
hannel 
ode approa
h as diversity is exploited only by binary CC. The per-forman
es obtained show that the DFE 
oupled with a PSP exploits all theavailable diversity but with redu
ed 
oding gain when 
ompared to an iter-ative de
oder. This degradation is due to the redu
ed number of survivorsand 
an hen
e be removed by in
reasing this number. These results still



3.6 Stripping vs. Conventional MIMO DFE 65apply in our 
ase but we have to point out that the linear pre
oding thatwe use robusti�es the 
oding part when being 
ompared with the approa
hproposed in [53℄. It also exploits the diversity and allows to dedi
ate thebinary 
hannel 
ode to the exploitation of the multi-blo
k diversity and toimprove the 
oding gain. The next 
hapter 
overs these advantages but forRx with an iterative de
oder.3.6 Stripping vs. Conventional MIMO DFEThe Stripping approa
h allows the use of 
onventional SISO de
oders for thedete
tion/de
oding of ea
h stream, redu
ing the problem to the design ofen
oders for equalized streams that experien
e a known diversity but thatare non-symmetri
al in the sense that the earlier the stream is 
an
eled, theless diversity it experien
es. The non-symmetry of the Stripping Rx 
on-strains the Tx to adapt the binary 
hannel 
oding and 
onstellations to ea
hstream, in order to 
ompensate the de�
ien
y of the spatial diversity by thetime diversity and 
oding gains, introdu
ed by the 
onstellation and binary
hannel 
ode.In the 
ase of the 
onventional MIMO DFE, the binary 
hannel 
ode and the
onstellation are unique, but the binary CC have to be 
orre
tly 
hosen toallow inter-blo
k 
oding and/or Per-Survivor-Pro
essing.On the other hand, the Stripping MIMO DFE Rx is very 
onvenient forhigh multiplexing rates. In this 
ase the 
onstellation size grows exponen-tially with the SNR. The per stream SISO de
oder maintains an a

eptable
omplexity in this 
ase. However, this is not the 
ase of the ConventionalMIMO DFE where the joint dete
tion of the 
omponents of bk leads to high
omplexity.3.7 Diversity vs. Multiplexing Tradeo� ofthe Conventional MIMO DFE an OpenProblemIn se
tion 3.5.2, we have shown that the diversity gain a
hieved by theConventional MIMO DFE with a MMSE ZF design and for Nrx � Ntx isNtx:(Nrx � Ntx�12 ) � Ntx:Nrx.
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orresponds to the diversity a
hieved for a multiplexingr = 0 in the 
urve of the diversity vs. multiplexing tradeo�.A se
ond point is the trivial (r = minfNtx; Nrxg; d = 0), sin
e the STSs
heme a
hieves a full multiplexing rate.However, the general problem of the diversity vs. multiplexing tradeo�a
hieved by the Conventional MIMO DFE Rx for the STS s
heme, in afrequen
y sele
tive 
hannel environment is an open problem.The Q matrix 
an be seen as the generator matrix of a latti
e 
ode, we
an then use elements introdu
ed in [37℄ to handle the problem for the MMSEZF design and 
at 
hannel.For the frequen
y sele
tive 
hannel, a preliminary problem have to be solved.In fa
t, we need �rst to 
hara
terize M as has been done in the 
at 
ase.Finally for the MMSE design, a 
ompromise between noise enhan
ementand interferen
e 
an
ellation is done, the noise is then no more Gaussian.This fa
t have to be handled and we suspe
t that it 
ould be the 
ase usingte
hniques for latti
e 
ode analysis used in [37℄. We also believe that theConventional MIMO DFE MMSE Rx for the STS s
heme has the potentialto a
hieve the optimal diversity vs. multiplexing tradeo�.3.8 Con
lusionIn this 
hapter we presented two non-iterative Rx. The Stripping MIMODFE dete
ts the streams su

essively, it allows to use the well studied SISObinary CC te
hniques to improve the performan
es if needed. It a
hieves ahigh diversity vs. multiplexing tradeo�, in parti
ular the maximum diversityand maximum rate. This Rx is parti
ularly suitable for SNR adaptive rate
oding. However, for a �xed rate and symmetri
al streams the ConventionalMIMO DFE is more adapted. It a
hieves a high diversity gain and 
an be
ombined with Per-Survivor-Pro
essing to limit the error propagation.The use of PSP suggests the use of an iterative de
oding s
heme to improvethe performan
es, this is the topi
 of the next 
hapter.The Conventional MIMO DFE performan
es in term of diversity vs. multi-plexing tradeo� haven't been evaluated in this 
hapter. They 
an be studiedby using elements relative to latti
e 
odes introdu
ed in [37℄.



3.A Outage Capa
ity Behavior of SIMO Frequen
y Sele
tive Channel67APPENDIXThe appendix starts by presenting a preliminary result on SIMO fre-quen
y sele
tive 
hannel. Theorem 6 des
ribes the behavior of the outage
apa
ity of su
h a 
hannel. The proof of this theorem provides importanttools that will be used later in the generalization of the diversity vs. multi-plexing tradeo� to the MIMO frequen
y sele
tive 
hannel.3.A Outage Capa
ity Behavior of SIMO Fre-quen
y Sele
tive ChannelTheorem 6: The outage 
apa
ity of a Nrx � 1 SIMO 
hannel with Lsresolvable paths satis�es:Pout(r ln �) := ��Ls(1�r) := ��dout(r) ; (3.54)where dout(r) = Ls(1� r) and R = r ln � (0 � r � 1) is the data rate.Proof :g(z) = L�1Xl=0 glz�l is a Nrx�1 frequen
y sele
tive fading 
hannel. g(z) 
ontainsLs resolvable sour
e of diversity g = Ug s ; (3.55)where g = 264 g0...gL�1 375 represents the ve
torized 
hannel impulse response. Ugis a (LNrx)�Ls (Ls � L :Nrx) 
onstant full 
olumn rank matrix (see model inse
tion 6.5). s = [s1; : : : ; sLs℄T 
ontains the resolvable diversity sour
e gains(path gains). s is assumed to follow a Gaussian distribution s � CN(0; ILs).The instantaneous 
apa
ity of the 
hannel isC(g) = 12�j I dzz ln(1 + �gy(z)g(z)) = 12�j I dzz lnS(z); (3.56)S(z) = 1 + �gy(z)g(z) is the normalized psdf of the re
eived signal (nor-malized w.r.t. to the noise power). Using the spe
tral fa
torization S(z) =
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ausal moni
 fa
torA(z) = 1 + L�1Xl=1 Alz�l = L�1Yl=1 (1� plz�1) jplj < 1 ; for l = 1; : : : ; L� 1 :(3.57)For this fa
torization to exist S(z) should have no zeros on the unit 
ir
le,whi
h is the 
ase here.The instantaneous 
apa
ity is thenC(g) = ln�2 + 12�j I dzz lnA(z)Ay(z) : (3.58)12�j H dzz lnA(z)Ay(z) = 0, in fa
t if we derive C(g) w.r.t. Al (1 � l � L� 1)we get �C(g)�Al = 12�j I dzz z�lA�1(z) : (3.59)A(z) is 
ausal minimum phase then its inverse is 
ausal, and z�lA�1(z) isstri
tly 
ausal and hen
e �C(g)�Al = 0.We 
on
lude that C(g) is 
onstant w.r.t. Al; 1 � l � L� 1, in parti
ular forAl = 0; 1 � l � L� 1 C(g) = ln�2 : (3.60)The 
lose form of �2 is�2 = 12�j H dzz S(z)12�j H dzz A(z)Ay(z) = 1 + �jjgjj2L�1Xl=0 jAlj2 : (3.61)
From eq. (3.57) we noti
e that Al = X1�i1<i2<:::<il�L�1(�1)lpi1pi2 : : : pil, thenorm jAlj is hen
e upper bounded as followsjAlj � X1�i1<i2<:::<il�L�1 jpi1j jpi2j : : : jpilj< X1�i1<i2<:::<il�L�1 1= � lL� 1 � : (3.62)



3.A Outage Capa
ity Behavior of SIMO Frequen
y Sele
tive Channel69We 
an then lower bound �2 by�2 � 1 + �jjgjj2
L ; (3.63)where 
L = L�1Xl=0 � lL� 1 �2. For data rate R = r ln � (0 � r � 1), theoutage 
apa
ity is upper bounded as followsPout(r ln�) = P (C(g) < r ln�)= P (�2 < �r)� P (�1�rjjgjj2 < 
L � ��r)= Ef1�1�r jjgjj2�
L+��r<0g� min�>0 Efe��(�1�r jjgjj2�
L+��r)g= min�>0 e�(
L���r)det(ILs+��1�rUHg Ug)� e
L���rdet(ILs+�1�rUHg Ug) ; (� = 1):= ��Ls(1�r) ;
(3.64)

where in the �fth and the sixth inequalities we use the Cherno� upper boundand in the last inequality we use the fa
t that Ug is full 
olumn rank (theLs paths are resolvable).Eq. (3.64) gives an upper bound on the outage probability.We derive now a lower bound.A lower bound on the 
apa
ity 
an be found by exploiting the 
on
avityof the log fun
tionC(g) � ln� 12�j I dzz S(z)� = ln �1 + �jjgjj2� : (3.65)Then Pout(�) = P (C(g) < r ln �) � P �1 + �jjgjj2 < �r�= P (�jjgjj2 < �r � 1) : (3.66)Let UHg Ug = VDVH , V unitary and D = diag (dl; i = 1; : : : ; Ls), be theeigende
omposition of UHg Ug. We denote t = [t1; : : : ; tLs ℄T = VHs, then



70 Chapter 3 Non-Iterative Rx: Design Alternativesjjgjj2 = LsXl=1 dljtlj2 and the set f(�d1jt1j2 < �r�1Ls ); : : : ; (�dLsjtLsj2 < �r�1Ls )g isa subset of f� LsXl=1 dljslj2 < �r � 1g. We 
an now writePout(�) � QLsl=1 P ��dljtlj2 < �r�1Ls �= QLsl=1 R �r�1dlLs�0 e�xdx� QLsl=1 R �r�1dlLs�0 e� �r�1dlLs�dx= QLsl=1�e� �r�1dlLs� �r�1dlLs��:= ��Ls(1�r) : (3.67)
By 
ombining 3.64 and 3.67 we then show thatPout(r ln �) := ��Ls(1�r) := ��dout(r) ; (3.68)where dout(r) = Ls(1� r). �In the same way as what is done in appendix 3.E, we 
an show that theDFE re
eiver of a SIMO 
hannel 
an a
hieve the diversity vs. multiplexingtradeo� de�ned by dout(r).An important intermediate result we have derived during the proof, givesus a useful bounds that we will use in the next appendi
esln�1 + �jjgjj2
L � � 12�j I dzz ln(1 + �gy(z)g(z)) � ln �1 + �jjgjj2� : (3.69)Similarly, for any SIMO 
hannel we 
an derive the following boundsln 12�j H dzz gy(z)g(z)
L ! � 12�j I dzz ln(gy(z)g(z)) � ln� 12�j I dzz gy(z)g(z)� ;(3.70)where 
L = L�1Xl=0 � lL� 1 �2 and L is the length of the impulse response. Forthe lower bound to exist, we need to verify that g(z) have no zeros on theunit 
ir
le.



3.B Proof of Lemma 1 713.B Proof of Lemma 1Re
all that CMMSEDFEn = � 12�j I dzz ln([VHn �R(z)Vn℄�1)11 ; (3.71)where �R(z) = INtx + �QHDy(z)Hy(z)H(z)D(z)Q and H(z) = L�1Xi=0 Hiz�i.H(z)D(z)Q 
an be rewritten as �H �D(z)Q where �H = [H0;H1; : : : ;HL�1℄,�D(z) = [DT (z); z�1DT (z); : : : ; z�L+1DT (z)℄T andD(z) = diag (1; z�L; z�2L; : : : ; z�(Ntx�1)L).Let �HH �H = USUH be the eigende
omposition of �HH �H where the diagonalvalues of S = diagfs1; s2; : : : ; sNtxLg are sorted in the in
reasing order.We denote Un = [uNtx(L�1)+n;uNtx(L�1)+n+1; : : : ;uNtxL℄,Un = [u1;u2; : : : ;uNtx(L�1)+n�1℄, and rewriteVHn �R(z)Vn = VHnQH �Dy(z)U ( 1LINtxL + �S)UH �D(z)QVn : (3.72)To bound the 
apa
ity CMMSEDFEn we distinguish two 
ases:Case 1: n < NtxThe ordering of the diagonal values of S allows us to bound INtxL + �Sblo
k-diag(0(Ntx(L�1)+n�1)� (Ntx(L�1)+n�1); ( 1L + �sNtx(L�1)+n) INtx�n+1 ) �( 1LINtxL + �S) �blo
k-diag(( 1L + �sNtx(L�1)+n) INtx(L�1)+n; ( 1L + �sNtx(L�1)+n + x)INtx�n) ;(3.73)where blo
k-diag(A;B) = � A 00 B �, and x � �(sNtxL � sNtx(L�1)+n) � 0.Then 1L( 1L+�sNtx(L�1)+n) [INtx�n+1 + xL( 1L+�sNtx(L�1)+n)VHnQH �Dy(z)Un+1UHn+1 �D(z)QVn℄�1�[VHn �R(z)Vn℄�1 �11L+�sNtx(L�1)+n [VHnQH �Dy(z)UnUHn �D(z)QVn℄�1 : (3.74)



72 Chapter 3 Non-Iterative Rx: Design AlternativesUsing the matrix inversion lemma, we 
an show that for x! +1 we havelimx!+1 [INtx�n+1 + x1 + L�sNtx(L�1)+nVHnQH �Dy(z)Un+1UHn+1 �D(z)QVn℄�1 =P?VHnQH �Dy(z)Un+1 ; (3.75)where VHnQH �Dy(z)Un+1 is (Ntx � n + 1)(Ntx � n) matrix, P?A = I � PAand PA is the orthogonal proje
tion on A. We get �nally1L( 1L+�sNtx(L�1)+n)P?VHnQH �Dy(z)Un+1 � [VHn �R(z)Vn℄�1 �11L+�sNtx(L�1)+n [VHnQH �Dy(z)UnUHn �D(z)QVn℄�1 ; (3.76)Let us denote �n = � 12�j H dzz lnfP?VHnQH �Dy(z)Un+1g11 and�n = � 12�j H dzz lnf[VHnQH �Dy(z)UnUHn �D(z)QVn℄�1g11. We 
an now boundthe 
apa
ity byln( 1L +�sNtx(L�1)+n)+�n � CMMSEDFEn � ln( 1L +�sNtx(L�1)+n)+ lnL+�n ;(3.77)where �n and �n are independent of � and S.The bounds 
an be further re�ned, in fa
tP?VHnQH �Dy(z)Un+1 = NtxLYi=Ntx(L�1)+n+1P?VHnQH �Dy(z)ui : (3.78)On the other hand INtx�n+1 � eNtx�n+11 (eNtx�n+11 )H , where eNtx�n+1i is the(Ntx � n + 1) � 1 ve
tor with 1 at the ith position and all other entries arezeros. ThenfP?VHnQH �Dy(z)Un+1g11 � QNtxLi=Ntx(L�1)+n+1(eNtx�n+11 )HP?VHnQH �Dy(z)uieNtx�n+11= QNtxLi=Ntx(L�1)+n+1fP?VHnQH �Dy(z)uig11 ; (3.79)



3.B Proof of Lemma 1 73hen
e�n � NtxLXi=Ntx(L�1)+n+1� 12�j I dzz lnfP?VHnQH �Dy(z)uig11= NtxLXi=Ntx(L�1)+n+1� 12�j I dzz ln 1� fVHnQH �Dy(z)uiuHi �D(z)QVng11uHi �D(z)QVnVHnQH �Dy(z)ui != NtxLXi=Ntx(L�1)+n+1 12�j I dzz ln uHi �D(z)QVnVHnQH �Dy(z)uiuHi �D(z)QVn+1VHn+1QH �Dy(z)ui : (3.80)Using intermediate results derived in appendix 3.A (eq. (3.70)), we 
an showthat 12�j H dzz lnfuHi �D(z)QVnVHnQH �Dy(z)uig �lnf 12�j H dzz uHi �D(z)QVnVHnQH �Dy(z)uig =lnfuHi (Ntx�n+1Ntx INtxL)uig = ln(Ntx�n+1Ntx ) : (3.81)For �H with Gaussian i.i.d. elements, ui follows a uniform distribution overthe Grassmann manifold. The zeros of uHi �D(z)QVn+1VHn+1QH �Dy(z)ui havethen a 
ontinuous distribution over the 
omplex plane. The probability of azero to be on the unit 
ir
le is then 0 [54, 55℄. This allows us to use the lowerbound of eq. (3.70),12�j H dzz lnfuHi �D(z)QVn+1VHn+1QH �Dy(z)uig �lnf 12�j H dzz uHi �D(z)QVn+1VHn+1QH �Dy(z)ui
NtxL g = ln( Ntx�nNtx
NtxL ) ; (3.82)hen
e �n � (Ntx � n) ln�
NtxL(Ntx � n+ 1)Ntx � n � ; (3.83)where 
NtxL =NtxL�1Xl=0 � lNtxL� 1 �2, andNtxL�1 is the degree of uHi �D(z)QVn+1.On the other hand we have that [VHnQH �Dy(z)UnUHn �D(z)QVn℄�111 =�(eNtxn )HQH �Dy(z)UnP?UHn �D(z)QVn+1UHn �D(z)QeNtxn ��1. This result 
an bederived using the QR de
omposition of UHn �D(z)QVnJ, where J is the(Ntx�n+1)� (Ntx�n+1) matrix with ones on the anti-diagonal and zeroselsewhere.



74 Chapter 3 Non-Iterative Rx: Design AlternativesWe have now that�n = 12�j H dzz ln�(eNtxn )HQH �Dy(z)UnP?UHn �D(z)QVn+1UHn �D(z)QeNtxn �.Similarly to what have been done for �n we 
an show that�n � 12�j H dzz lnf(eNtxn )HQH �Dy(z)UneNtx�n+11 (eNtx�n+11 )HUHn �D(z)QeNtxn g+ 12�j H dzz lnf(eNtx�n+11 )HP?UHn �D(z)QVn+1eNtx�n+11 g= 12�j H dzz lnf(eNtxn )HQH �Dy(z)uNtx(L�1)+nuHNtx(L�1)+n �D(z)QeNtxn g+ NtxXi=n+1 12�j I dzz lnfP?UHn �D(z)QeNtxi g11� ln( 1Ntx
NtxL ) + (Ntx � n) ln� Ntx�n(Ntx�n+1)
NtxL� : (3.84)Finally the 
apa
ity is bounded byln( 1Ntx
NtxL ) + (Ntx � n) ln� Ntx�n(Ntx�n+1)
NtxL� �CMMSEDFEn � ln( 1L + �sNtx(L�1)+n) � (Ntx � n) ln� 
NtxL(Ntx�n+1)Ntx�n �+ lnL :(3.85)Case 2: n = NtxIn this 
aseCMMSEDFENtx = 12�j I dzz ln((eNtxNtx)HQH �Dy(z)U ( 1LINtxL+�S)UH �D(z)QeNtxNtx) ;(3.86)due to the ordering of the diagonal ( 1LINtxL + �S), we 
an bound it by( 1L + �sNtxL)eNtxLNtxL(eNtxLNtxL)H � 1LINtxL + �S � ( 1L + �sNtxL)INtxL : (3.87)This allows to bound the 
apa
ity by12�j H dzz ln((eNtxNtx)HQH �Dy(z)uNtxLuHNtxL �D(z)QeNtxNtx) �CMMSEDFENtx � ln( 1L + �sNtxL) � lnL : (3.88)Again using results derived in appendix 3.A, we end to the following boundsln( 1Ntx
NtxL ) � CMMSEDFENtx � ln( 1L + �sNtxL) � lnL : (3.89)



3.C Proof of Theorem 1 753.C Proof of Theorem 1Case Nrx � Ntx : In this 
ase p = m = Nrx and q = Ntx. From the 
apa
ityde
omposition we have that C = NtxXi=1 CMMSEDFEi . Eq. (3.31) and eq. (3.32)lead then to eC := �PNrxi=1 (1��i)+ ; (3.90)and the outage 
apa
ity isPout(R) = P (C < r ln �):= P  NrxXi=1 (1� �i)+ < r! : (3.91)Using the Wishart distribution expression, and as has been done in [9℄, it ispossible to show thatPout(R) := ZA NrxYi=1 ��(2i�1+LNtx�Nrx)�id� ; (3.92)where A = f� : NrxXi=1 (1 � �i)+ < r; �1 � �2 � : : : � �Nrxg \ R+Nrx, and� = (�1; : : : ; �Nrx).By applying the Varadhan's lemma [56℄ we obtaindout(r) = � lim�!+1 lnPout(r ln �)ln �= limt!+1 1t lnZA NrxYi=1 e�t(2i�1+LNtx�Nrx)�id�= inf�2A NrxXi=1 (2i� 1 + LNtx �Nrx)�i : (3.93)
The solution of the last equation 
an be found in [9℄ and turns out to be thepie
ewise-linear fun
tion 
onne
ting the points (k; dout(k)), k = 0; 1; : : : ; Nrx,where dout(k) = (LNtx � k)(Nrx � k) : (3.94)



76 Chapter 3 Non-Iterative Rx: Design AlternativesCase Nrx > Ntx : We observe that 
apa
ity satis�esC = EH 12�j H dzz ln det(I + �H(z)Hy(z))= EH 12�j H dzz ln det(I + �H(z)HH(z))= EH 12�j H dzz ln det(I + �HT (z)H�(z)) : (3.95)In the se
ond equality we repla
e y by H be
ause the integral is done on theunit 
ir
le. We 
on
lude that the 
apa
ity is the same as for a new virtual
hannel HT (z). As a 
onsequen
e the result of the �rst 
ase, Nrx � Ntx,holds also here after inter
hanging Nrx and Ntx.The two 
ases 
an be summarized by taking dout(k) = (Lq�k)(p�k) fork = 0; 1; : : : ; p. �3.D Proof of Theorem 2Lemma 3 allows us to writeP SICout (r ln �) := minr=Ppk=1 rk pXi=1 P �CZFi < ri ln �; CZF1 � r1 ln �; : : : ; CZFi�1 � ri�1 ln �� :=minr=Ppk=1 rk pXi=1P �(1� �m�p+i)+< ri; (1� �m�p+1)+� r1; : : : ; (1� �m�p+i�1)+� ri�1� :(3.96)By CZFi we denote CMMSEZF DFEi .LetAi = f� : (1 � �m�p+i)+ < ri; (1 � �m�p+1)+ � r1; : : : ; (1 � �m�p+i�1)+ �ri�1; �1 � �2 � : : : � �mg \R+m, where � = (�1; : : : ; �m).Ea
h term of the sum 
an be written similarly as in appendix 3.CP ((1� �m�p+i)+ < ri; (1� �m�p+1)+ � r1; : : : ; (1� �m�p+i�1)+ � ri�1) :=RAi mYk=1 ��(2k�1+n�m)�kd� : (3.97)We denote n = maxfNrx; NtxLg.Using Varadhan's lemma we 
an show that if ri � max0�k�i�1 rk (this 
ondition



3.D Proof of Theorem 2 77is always veri�ed for the minimum outage as we will see in the optimization)RAi mYk=1 ��(2k�1+n�m)�kd� := �� inf�2Ai mXk=1(2k � 1 + n�m)�k:= ��(m�p+i)(n�p+i)(1�ri) : (3.98)Hen
e, under the 
ondition ri � max0�k�i�1 rk we getP �CZFi < ri ln �; CZF1 � r1 ln �; : : : ; CZFi�1 � ri�1 ln �� := P �CZFi < ri ln��:= ��(m�p+i)(n�p+i)(1�ri) :(3.99)CZFi is positive quantity, then for Ri = 0P �CZFi < 0; CZF1 � r1 ln �; : : : ; CZFi�1 � ri�1 ln �� = 0 := ��1 : (3.100)Now if we transmit on Ns streams, ri = 0 for i = 1; : : : ; p�Ns, thenpXi=p�Ns+1P �CZFi < ri ln�; CZFp�Ns+1 � rp�Ns+1 ln �; : : : ; CZFi�1 � ri�1 ln �� :=maxi=p�Ns+1;:::; p ��(m�p+i)(n�p+i)(1�ri) := ��mini=p�Ns+1;:::; p (m�p+i)(n�p+i)(1�ri) :(3.101)The number of streams is then also an argument of the optimization of theoutagedSICout (r) = � lim�!1 lnP SICout (r ln �)ln�= maxNs=1;:::; p minr=Pk=p�Ns+1;:::; p rk pmini=p�Ns+1(m� p+ i)(n� p + i)(1� ri) :(3.102)The 
oeÆ
ient (m � p + i)(n � p + i) that multiplies 1 � ri represents thediversity of ea
h stream i. We observe that the diversity is an in
reasingfun
tion of i. The optimal solution that maximizes dSICout (r) has to allo
atemore rate to the stream that has the more diversity in order to maximize theminimum of (m � p + i)(n � p + i)(1 � ri). We 
an then 
on
lude that theoptimal solution satis�es r1 � r2 � : : : � rp.Let Pk denotes the point where we start transmitting on k streams (p� k +1; : : : ; p). At this point rp�k+1 = 0+. For the optimal solution the value of



78 Chapter 3 Non-Iterative Rx: Design AlternativesdSICout (r) at this point is (m�p+p�k+1)(n�p+p�k+1) = (m�k+1)(n�k+1).The optimization of this point 
onstrains that(m�k+1)(n�k+1)=(m�k+2)(n�k+2)(1� rp�k+2)= : : := mn(1� rp) ;(3.103)the multiplexing rate at this point is thenrtk = k � 1� (m� k + 1)(n� k + 1) kXi=2 1(m� k + i)(n� k + i) : (3.104)We use a variable 
hange k� 1! k. The optimal solution for dSICout (r) turnsout to be the pie
ewise-linear fun
tion 
onne
ting the points (bk; dSICout (bk)),k = 0; : : : ; p, wherertk = k � (m� k)(n� k) kXi=1 1(m� k + i)(n� k + i) ; k = 0; : : : ; p� 1rtk = p ; k = p (3.105)and dSICout (rtk) = (m� k)(n� k) ; k = 0; : : : ; p� 1dSICout (rtk) = 0 ; k = p (3.106)For the 
orresponding optimal rate allo
ation, and for r 2 [rtk; rtk+1℄ (0 � k �p� 1), only k + 1 streams are used. With rates ri; p� k � i � p(m� k)(n� k)(1� rp�k)=(m� k + 1)(n� k + 1)(1� rp�k+1)= : : : =mn(1� rp)pXi=p�k ri = r (3.107)�3.E Proof of Theorem 3We 
onsider the Stripping MMSE ZF DFE Rx des
ribed in subse
tion 3.2.1.After streams 1; : : : ; i � 1 have been dete
ted and 
an
eled, the symbols ofthe a
tual pro
essed ith stream are dete
ted sequentially. We denote byP ie the probability of erroneous dete
tion of the ith stream, and by P ie(bik)



3.E Proof of Theorem 3 79the probability of making an error when dete
ting the kth symbol of thea
tual stream (assuming the symbols 1; 2; : : : ; k�1 were 
orre
tly dete
ted).Whenever there is an error on any of the dete
ted symbols, the stream issaid to be in error. The error probability on stream i is the union of theprobabilities of the events of making an error on the symbols k, where theprevious symbols were 
orre
tly dete
ted and 
an
eled. These events aredisjoint sets, we have thenP ie = T�LNtx+1Xk=1 P (Eik; �Ei1; : : : ; �Eik�1); (3.108)where Eik is the event of making an error on bik, and �Eik is its 
omplement.Obviously P ie � P (Ei1), in the other hand, for ea
h iP (Eik; �Ei1; : : : ; �Eik�1) = P (Eikj �Ei1; : : : ; �Eik�1)P ( �Ei1; : : : ; �Eik�1)� P (Eikj �Ei1; : : : ; �Eik�1) ; (3.109)hen
e P ie � T�LNtx+1Xk=1 P (Eikj �Ei1; : : : ; �Eik�1) (3.110)For the ZF design and for perfe
t feedba
k, the noise experien
ed by thesequen
e of symbols, that belong to the same stream, is an AWGN (see sub-se
tion 3.2.1). The 
ondition �Ei1; : : : ; �Eik�1 is equivalent to 
orre
t feedba
k,then P (Eikj �Ei1; : : : ; �Eik�1) = P (Ei1), k = 2; 3; T � LNtx + 1. Finally if wedenote P (Ei1) by P ie(bi1) we haveP ie(bi1) � P ie � (T � LNtx + 1)P ie(bi1) : (3.111)We 
on
lude that P ie := P ie(bi1).Eq. (3.7) allows us to write the output of the linear �lterbbi1 = bi1 + ei1 ; (3.112)where ei1 is a 
entered white Gaussian noise of varian
e�2ei = �2v �ii = �2b (SNRMMSEZFi )�1. bi1 
omes from a QAM 
onstellation ofsize �ri ; (0 < ri < 1) with minimum distan
e di su
h as d2i = 3�2b2(�ri�1) (seese
tion 2.5.2).



80 Chapter 3 Non-Iterative Rx: Design AlternativesFor the pro
essed stream 1, let b110 be one of the nearest neighbors of b11, thePEP is P (b11 ! b110) := P ( 1�2e1 d21 � 1):= P (SNRMMSEZF1 ��r1 � 1):= P (SNRMMSEZF1 � �r1):= P (1 + SNRMMSEZF1 � �r1):= P (ln(1 + SNRMMSEZF1 ) � r1 ln �):= P (CZF1 � r1 ln �) ; (3.113)
where in the �rst equation we used a result derived in equation (21) of [9℄.For QAM 
onstellation there is at most four nearest neighbors to b11, theoverall error event is upper bounded by the union of all the error events
orresponding to the nearest neighbors. We 
an then writeP 1e := (T � LNtx + 1)P (b11 ! b110):= P (CZF1 � r1 ln �) ; (3.114)Similarly we 
an show that the overall error probability for a given rateallo
ation satis�esPe := pXi=1 P ie:= pXi=1 P �CZFi < ri ln �; CZF1 � r1 ln �; : : : ; CZFi�1 � ri�1 ln �� ;(3.115)where the right hand side of the se
ond equation is the same as the outageprobability for a given rate allo
ation. The optimization of Pe w.r.t. the rateallo
ation gives the same solution as the outage oned�; SIC(r) = dSICout (r) : (3.116)�3.F Proof of Theorem 5To prove Theorem 5 we have to study the error probability.Similarly to what has been done in appendix 3.E we 
an show that the error



3.F Proof of Theorem 5 81probability veri�es Pe � (T �Ntx + 1)P 1e ; (3.117)where P 1e is the probability to make an error on the �rst symbol. P 1e is upperbounded by P 1e � Xb1 6=b01 P (b1 ! b01) ; (3.118)where P (b1 ! b01) is the probability to transmit b1 and to dete
t b01.For a �xed rate, the number of terms in the sum (3.118) is �nite. As has beendone in se
tion 1.4, the diversity gain is then given by the worst diversitygain between the P (b1 ! b01)'s.Consider a weighted minimum distan
e dete
tor, P (b1 ! b01) is the prob-ability that jjbb1�b1jj2M � jjbb1�b01jj2M. Denote �b = b01�b1, jjbb1�b1jj2M�jjbb1 � b01jj2M = ��bHM�b + 2<f�bHMe1g. � = 2<f�bHMe1g has aGaussian distribution � � N(0; 2�2v�bHM�b)P (b1 ! b01jH) = P (� � �bHM�bjH)= QG(r�bHM�b2�2v )� e��bHM�b4�2v= e��bHQHDQ�b4�2v= e��
HD�
4�2v ; (3.119)
where QG(:) is the Gaussian tail fun
tion, �
 = Q�b, and the third in-equality 
orresponds to the Cherno� bound.We use the MMSE ZF DFE with Nrx � Ntx. D is identi�able from the QRfa
torization of H = UR. In fa
t, U is a Nrx�Ntx unitary matrix and R isa Ntx �Ntx upper triangular matrix, then LDLH = RHR and Di = jRiij2.Denote Hi = [h1; : : : ;hi�1℄ and hi = (INrx�PHi)hi the proje
tion of hi overthe orthogonal 
omplement of Hi. Then jRiij = jjhijj andDi = jjhijj2 = hHi hi.The dependen
e between hi; i = 1; : : : ; Ntx, 
omes only from the dire
tions,hen
e the norms jjhijj; i = 1; : : : ; Ntx, are independent.



82 Chapter 3 Non-Iterative Rx: Design AlternativesDi; i = 1; : : : ; Ntx have then independent Chi-square distributions with2(Nrx � i + 1); i = 1; : : : ; Ntx, degrees of freedom. The error probability isthenP (b1 ! b01) = EHP (b1 ! b01jH) � QNtxi=10�R e� j�
ij2Di4�2v fi(Di)dDi1A= QNtxi=1 �1 + j�
ij24�2v ��(Nrx�i+1)� QNtxi=1 � j�
ij24�2v ��(Nrx�i+1) ;(3.120)where fi(:); i = 1; : : : ; Ntx are the pdf of the Chi-square distributions with2(Nrx � i+ 1); i = 1; : : : ; Ntx, degrees of freedom.We have shown in subse
tion 2.5.2 that due to the 
hoi
e of the pre
odingmatrix, Q, and for a uniform QAM 
onstellations with (2M)2 points, the fol-lowing property is veri�ed for any possible �
: j�
ij2�2b > 0 for i = 1; : : : ; Ntx.We get �nally thatP (b1 ! b01) � 
g��Ntx(Nrx�Ntx�12 ) : (3.121)where 
g = min�
6=0QNtxi=1 � j�
ij24�2b ��(Nrx�i+1).The SNR exponent Ntx(Nrx � Ntx�12 ) 
orresponds to the diversity gain. �
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The STS s
heme based on linear pre
oding was introdu
ed in 
hapter 2. STSallows to attain full diversity without loss in ergodi
 
apa
ity. However STS
annot provide high 
oding gain. Hen
e, pra
ti
al transmission systems haveto resort to binary 
hannel 
oding. Threading is an example of a MIMOtransmission system in whi
h spatial diversity gets exploited via 
hannel 
od-ing only. Pra
ti
al symbol 
onstellations however only allow the exploitationof a limited diversity order by the binary 
hannel 
oding. Hen
e powerfulyet simple MIMO Tx s
hemes 
an be obtained by 
ombining the 
oding gainand diversity exploitation of 
lassi
al binary 
hannel 
odes with linear pre-
oding to exploit the remaining diversity degrees. A typi
al design woulduse 
hannel 
oding to exploit temporal fading with linear pre
oding to exploitspa
e-frequen
y fading.

83



84 Chapter 4 Iterative Rx4.1 Introdu
tionRe
ent s
hemes [22, 23, 24℄ based on 
onstellation rotating, su

eed to ex-ploit all the diversity without rate loss but require ML de
oding leading toan exponential (in Ntx, size of the blo
k and 
onstellation size) 
omplexitythat limits its use. Constellation rotating doesn't enhan
e the 
oding gainand 
an even worsen it. For pra
ti
al appli
ations it has to be 
oupled witha binary 
hannel 
ode, it leads then to the potential use of a turbo de
odingapproa
h, whi
h redu
es the 
omplexity. Unfortunately, the stru
tures ofthese s
hemes lead to the 
al
ulation of a di�erent equalizers, one by sym-bol, and make 
omplex the use of turbo de
oder. On the other hand, theturbo de
oding approa
h was proposed in [57℄ as a de
oder for the Threadings
heme. Taking advantage of the presen
e of the binary 
hannel 
ode to ex-ploit diversity, this s
heme, even if it su

eeds to a
hieve a good performan
e,is limited by the binary 
hannel 
ode ability to exploit diversity.We propose to 
ombine binary 
hannel 
oding and the linear pre
oding ofSTS to use a turbo de
oder with interferen
e 
an
ellation. The binary 
han-nel 
ode 
an also be used to exploit the blo
k diversity, this 
hapter proposesa pra
ti
al s
heme to this end, analyses the performan
es and is supportedby numeri
al examples.The results presented in this 
hapter are to be published in [58℄.4.2 Combining Linear Pre
oding and BinaryChannel CodingLinear pre
oding was introdu
ed to exploit the transmit diversity, leading toa maximum diversity gain. This gain 
orresponds to the slope of the errorprobability vs. SNR 
urve (in logarithmi
 s
ale), but in order to a
hievethis regime (fast de
aying error probability Pe) we need an SNR su
h that� >> 4� 1
odinggain� 1Ntx = 2(4M2�1)Ntx3 (subse
tion 2.5.2). This SNR range isout of s
ope for pra
ti
al systems. For lower SNR values, it will be impor-tant to improve the position of the Pe 
urve by in
reasing the 
oding gainvia binary 
hannel 
oding, see �g. 4.1. The use of a binary 
hannel 
ode in-
reases the minimum distan
e of the en
oded sequen
e, the by a using a goodinterleaver, the 
oding gain: Cg = minC6=C0 det�(C � C0)(C � C0)H� isin
reased. The 
hoi
e of the interleaver should maximize Cg, however this



4.2 Combining Linear Pre
oding and Binary Channel Coding 85
hapter does not deal with this problem and use a random interleaver. In fa
tthe minimum of det�(C � C0)(C � C0)H� is a
hieved for errors with smalldistan
e (or Frobenius norm), the matrix C � C0 is hen
e sparse, and takinginto a

ount that the determinant is maximized for orthogonal C � C0 rows,using the random interleaver ensures orthogonal or near orthogonal rows and
onsequently optimal or near optimal performan
e.For 
hannel de
oding, we 
onsider an iterative de
oder that 
ombines a SISOde
oder with a MIMO linear �lter and Interferen
e Can
eler (IC), pi
turedin �g. 4.3. This de
oder stru
ture was �rst used for CDMA [59℄, and wasthen proposed for the MIMO re
eption [60, 61, 57℄. It is the analog to theturbo dete
tion when the mapping, Linear pre
oding and the 
hannel (resp.the binary 
hannel 
oding) are seen as Inner 
oding (resp. Outer 
oding).This de
oder stru
ture exhibits good performan
e for small size 
onstella-tions and exploits the diversity when a LMMSE front-end equalizer is used[61℄. In the sequel we give a short overview of iterative 
hannel de
odingwith interferen
e 
an
ellation.
4.2.1 En
odingFig. 4.1 shows the en
oding operation. The binary 
hannel en
oder outputis followed by the interleaver, the output is then mapped into symbols be-fore serial-to-parallel 
onversion. Fig. 4.2 
lari�es how the S/P 
onversionis done, the entries in the array indi
ating the index of the symbols at theoutput of the mapper. The symbols ve
tor bk is then �ltered by T(z).If the iterative de
oder would su

eed 
an
eling all the interferen
e (genieaided de
oder), ea
h symbol would be interfered only by noise. Performan
ewould then rea
h the mat
hed �lter bound, whi
h 
orresponds to full di-versity exploitation. The binary 
hannel 
oder and interleaver are in this
ase only used to lower the error probability (in
rease 
oding gain). Now,by 
onsidering the overall 
hannel and the binary 
hannel 
ode as the two
onstituents of a serial turbo 
ode, then a lower error probability 
an be ob-tained by in
reasing the minimum distan
e. Therefore a good 
hoi
e for theinterleaver for large frame sizes is to 
hoose a random interleaver.
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4.2 Combining Linear Pre
oding and Binary Channel Coding 874.2.2 Iterative De
odingIn this se
tion we propose an iterative de
oding strategy for a general blo
kfading 
hannel. We 
onsider an iterative de
oding s
heme with IC, see �g. 4.3.The �rst blo
k of the s
heme 
ontains the IC operation followed by a MIMOlinear equalizer, and symbol-to-bit demapping and de-interleaving. The se
-ond blo
k of the de
oder is the maximum-a-posteriori (MAP) soft-Inputsoft-Output (sIsO, to distinguish from SISO) de
oder of the binary 
hannel
ode (for instan
e, we use a 
onvolutional 
ode and the 
orresponding BCJRSISO de
oder [62℄) followed by the interleaver and the bit-to-symbol mapper.These two blo
ks ex
hange information in the form of Log-Likelihood Ratios(LLRs) during iterations, the overall de
oder 
an be seen as an appli
ationof the belief propagation prin
iple, also known as the sum-produ
t algorithm[59℄,[60℄. We assume that the residual interferen
e plus noise at the output ofthe equalizer follows a Gaussian distribution. This is 
learly an approxima-tion, however it tends to be valid for large systems (large Ntx and/or delayspread), see [59℄ for the 
ase of CDMA.Re
all that the overall 
hannel H(q)T(q) is denoted by G(q).As linear equalizer we use the Ubiased MMSE (UMMSE) design, wheref(i)n (z) = 112�j H dzz �Gy:;n(z)R(i)(z)�1G:;n(z)Gy:;n(z)R(i)(z)�1 (4.1)is the equalizer �lter for T(z), stream (input) number n of the MIMOsystem at iteration i, R(i)(z) = �2vI + PNtxn=1 ~�2 (i�1)bn G:;n(z)Gy:;n(z) is thespe
trum of the noise plus residual interferen
e and ~�2 (i)bn = E j~b(i)n (k)j2 =E jbn(k) � b̂(i)n (k)j2 is the varian
e of the residual interferen
e of stream n.b̂(i)n (k) = E(bn(k) jEXT(i)2 ) is the MMSE estimate of bn(k) based on the in-formation 
ontained in EXT(i)2 . For the residual interferen
e spe
trum weassume that the residual interferen
e ~bn(k) is temporally and spatially whiteand de
orrelated from the noise. This approximation is again valid for largesystems (and hen
e works better when linear pre
oding is used).Finally, the equalizer output at iteration (i) for stream n at time k iss(i)n (k) = f(i)n (q) �yk �G(q)b̂(i�1)k � + b̂(i�1)n (k) : (4.2)Due to the unbiasedness of f(i)n , b̂(i�1)n (k) does not appear in s(i)n (k). Let'sdenote the bit-to-symbol mapping by � : FP2 ! A, where F 2 is the binary



88 Chapter 4 Iterative Rxalphabet and P = log2(jAj) is the number of 
oded (and interleaved) bitsper symbol: bn(k) = �(x1n;k; : : : ; xPn;k). The extrinsi
 information of the pthbit of the binary mapping of the kth symbol of stream n, evaluated at theoutput of the IC at the (i)th iteration is
EXT(i)2 (xpn;k) = log P (xpn;k=1js(i)n;k;G)P (xpn;k=0js(i)n;k;G)= log Pbn;k2Ajxpn;k=1 P (s(i)n;kjbn;k;G) exp�PPp0=1;6=p EXT(i�1)1 (xp0n;k)�Pbn;k2Ajxpn;k=0 P (s(i)n;kjbn;k;G) exp�PPp0=1;6=p EXT(i�1)1 (xp0n;k)� ;(4.3)where the probability P (s(i)n;kjbn;k;G) is evaluated by assuming that�v(i)n;k = s(i)n;k � bn;k is an AWGN.After de-interleaving, the EXT1 information sequen
e is used as a priori LLRinput to the MAP de
oder of the binary 
hannel 
ode whi
h is a 
onvolu-tional 
ode in our 
ase. Using the forward-ba
kward BCJR algorithm, thea posteriori LLR is 
omputed and the extrinsi
 information is de�ned asEXT(i)2 = MAP(EXT(i)1 ) � EXT(i)1 . Experimentally we observed that thenumber of iterations needed for the 
onvergen
e of this algorithm is small,typi
ally 3 or 4 iterations.Remarks:� For a 
at 
hannel with Ns = Ntx we 
an show by indu
tion that:~�2 (i)bn = ~�2 (i)b ; n = 1; : : : Ntx, and thatf(i)n (z) = Ntx=�trfHHRHgTy:;n(z)HHR; R = ��2vI+~�2 (i�1)b HHH��1. This simpli-�es the equalization: the joint equalizer for all streams 
onsists of a 
hannelequalizer followed by the mat
hed �lter of the pre
oder (= pre
oder inversesin
e T(z) is paraunitary). Even if these results 
annot be generalized to thefrequen
y sele
tive 
hannel 
ase, experiments show that performan
e doesnot degrade when using the suboptimal approa
h. This approa
h 
onsistsin averaging the ~�2 (i)bn 's over streams and using a MIMO equalizer of the fre-quen
y sele
tive 
hannel followed by the mat
hed �lter of the pre
oder.� The stream equalizer 
an be designed using 
riteria other than UMMSE,typi
ally Zero-For
ing or 
hannel Mat
hed Filter. These two alternative de-signs lead to performan
e loss. Espe
ially the MF design leads to an error
oor and therefore doesn't exploit diversity.



4.3 Multi-Blo
k Time Diversity 894.2.3 Complexity Comparison with ThreadingWhereas the proposed STS strategy di�ers from V-BLAST by the insertionof the time-invariant pre
oder �lter T(z), in Threading [57℄ T(z) is repla
edby a periodi
ally time-varying 
y
li
 shift matrix ZkmodNtx where Z is theelementary 
ir
ulant shift matrix. When 
omparing STS to Threading, inthe en
oding part, pre
oding with T(z) leads to an additional 
omplexityO(log2(Ntx)) per symbol period. O(log2(Ntx)) results from the multipli
a-tion of bk by Q whi
h has a DFT-like stru
ture (see se
tion 2.5.1). This isa negligible in
rease 
ompared to the remaining operations su
h as binary
hannel 
oding and pulse shaping. At the re
eiver side the additional 
om-plexity 
omes from the inverse operation, namely the mat
hed �lter Ty(z),with same negligible 
omplexity in
rease.4.3 Multi-Blo
k Time DiversityIn the usual SISO fading 
hannel problem, time diversity of the 
hannel (i.e.the variation from blo
k to blo
k) is used to improve performan
e. We 
anexploit blo
k fading for the MIMO 
hannel as well. Below, we dis
uss howto exploit the diversity sour
es with STS.We 
onsider a blo
k-fading environment with F i.i.d. blo
ks.Case of STS:In the STS approa
h, spa
e-frequen
y diversity is exploited in ea
h blo
kby the linear pre
oding. The problem of additionally exploiting temporaldiversity (from blo
k to blo
k) is then redu
ed to the SISO 
hannel fadingproblem.If we denote by dF the diversity exploited in this latter problem, the overalldiversity exploited by STS is then dSTS = dF NtxNrx L.In order to exploit temporal diversity, we need to �rst use a blo
k interleaveron the ensemble of fading blo
ks (see �g. 4.4), and then apply a randominterleaver within ea
h blo
k. Using a genie-aided reasoning, the temporaldiversity that 
an be a
hieved is limited by the fundamental Singleton Bound(SB) [63℄ dF � 1 + bFd(1� rjAj)
 � Fd ; (4.4)where r is the rate of the binary 
hannel 
ode, b:
 denotes the 
ooring oper-ation, and Fd (= F here) is the number of diversity bran
hes. The diversity
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blo
kFigure 4.4: Blo
k interleaver for F=2.exploited by STS is hen
e bounded bydSTS = dF NtxNrx L � �1 + bF (1� rjAj)
�NtxNrx L : (4.5)Table 4.1 gives the SB and the temporal diversity exploited by a set of 
hannel
onvolutional 
odes with r = 12 and for di�erent symbol 
onstellations anddi�erent number Fd of diversity bran
hes.dF or ds BPSK QPSKStates Generators Fd=2 4 8 2 4 8Singleton Bound 2 3 5 2 4 74 (5,7) 2 3 4 2 3 38 (15,17) 2 3 4 2 3 416 (23,35) 2 3 5 2 3 432 (53,75) 2 3 5 2 3 464 (133,171) 2 3 5 2 3 5Table 4.1: Blo
k diversity for some popular rate 1/2 binary 
onvolutional
odes mapped onto BPSK and QPSK (with Gray labeling). Code generatorsare expressed in o
tal notation [12℄.Case of Threading:In the 
ase of Threading, no linear pre
oding is used to help the binary
hannel 
ode to exploit all the diversity sour
es. The number of diversitybran
hes is here Fd = FNtx[60℄. By applying the same reasoning as before,the (sour
e) diversity ds exploited by the binary 
hannel 
ode is bounded byds � 1 + bFNtx(1� rjAj)
 � FNtx : (4.6)The overall exploited diversity is then dThr = dsNrx L. The overall diversity
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k Time Diversity 91exploited by Threading is thendThr � �1 + bFNtx(1� rjAj)
� Nrx L : (4.7)
Comparison:From table 4.1 we 
an see that for r = 12 and using 
onvolutional 
ode thee�e
tively exploited diversity degree ds, in the Threading 
ase, is far fromthe available one (FNtx).For example, for Ntx = Nrx = 4; F = 2; L = 1, (5,7) 
ode and QPSK 
on-stellation, the binary CC exploits all the diversity bran
hes in the STS 
asedF = 2; Fd = F = 2, and only ds = 3 over Fd = NtxF = 8 bran
hes forthe Threading 
ase. The total exploited diversity by ea
h te
hnique are thendSTS = 32 > dThr = 12. The only way to exploit higher diversity in theThreading 
ase are then by lowering the rate and in
reasing the 
onstella-tion size. This leads to high de
oding 
omplexity and low performan
e in
omparison with the 
ase of STS.Remarks:� Using the SB we 
an explain why the proposed STS a
hieves full diversityfor a single blo
k MIMO 
hannel. In fa
t, pre�ltering the QAM 
onstella-tion in
reases the 
onstellation size at the 
hannel input from jAj to jAjNtx.Therefore the SB be
omes: 1 + bNtx(1 � 1jAjNtx )
 = 1 + bNtx � 2nt�P 2nt
where nt = log2(Ntx) � 1 as Ntx � 2 and P = log2(jAj) � 1. These twolast 
onditions imply that nt � P : 2nt < 0 and hen
e 0 � 2nt�P : 2nt < 1.FinallybNtx� 2nt�P 2nt
 = Ntx� 1 and the SB equals Ntx. The bound on thea
hievable diversity by STS is then NrxNtx.� Two other re
ent approa
hes are the Complex Field Coding approa
hof Giannakis [22℄ and the Universal Coding approa
h of El Gamal [23, 24℄.These approa
hes, similar to earlier work by Bel�ore [31℄, 
orrespond to lin-ear dispersive blo
k 
odes with blo
k length equal to Ntx. As a result, ea
htransmitted symbol sees a di�erent SINR and symbol-independent equaliza-tion or residual interferen
e varian
e in a turbo dete
tion approa
h do notapply. That's why these authors 
onsider other ML dete
tion approxima-tions in the form of sphere de
oding.
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e AnalysisWe 
ompare the performan
e of STS and Threading via simulation. We usefor both a rate 1/2, (5,7) four states 
onvolutional 
ode, to take advantageof the availability of 
omputationally eÆ
ient sIsO de
oders (BCJR). Perfor-man
e is evaluated in terms of frame error rate (FER) as a fun
tion of Eb=N0(SNR = REb=N0; R = rNs log2 jAj; � = SNR=Ns). We run simulations foran input frame of 512 information bits for Ntx = 2; 4, and 1024 for Ntx = 8.We �x the number of de
oding iterations to 5. We use QPSK with Graylabeling.
4.4.1 Comparison of Threading and STSIn �g. 4.5, for F = 1; 2; 4 blo
ks, we see that STS (solid lines) su

eeds inexploiting more diversity than Threading (dash-dot) ex
ept for F = 1 blo
k.E.g. for F = 2, the asymptoti
 slope for ML de
oding would be equal, forThreading, to dsNrx = 3� 2 = 6 and for STS to dFNtxNrx = 3� 2� 2 = 12.In �g. 4.6, the slopes roughly double when delay spread L doubles. In �g. 4.7,when the number of antennas double, STS and Threading di�erentiate evenfor F = 1 blo
k and the slopes again in
rease when the number of antennasfurther double in �g. 4.8. The in
rease in the number of antennas (Nrx) alsoleads to an array gain and hen
e a translation of the 
urves to the left.Case of a 
hannel with Nrx < NtxIn �g. 4.9, we 
onsider the 
ase 2 = Nrx < Ntx = 4. For STS, we varythe number of streams Ns by varying the number of inputs to T(z). WithNs = 2, STS a
hieves the same diversity in a 2�4 MIMO system with F = 1as in a square 2 � 2 MIMO system with F = 2: we observe equivalen
ebetween Ntx=Nrx and F .We also 
onsider the Spa
e-Time Orthogonal Design (STOD) of Tarokh [21℄whi
h leads to the leftmost 
urve, but at rate 0.75b/s/Hz. We see that at 2b/s/Hz (the two middle 
urves), STS (solid) with Ns = 2 ("half rate":NsNtx = 12) and QPSK performs mu
h better than Threading (dash-dot) withNs = 4 ("full rate") and BPSK.



4.5 Con
lusion 934.4.2 Use of Walsh Hadamard (WH) matrix as Pre-
oding matrixIn �g. 4.10, we 
ompare the performan
e of the STS s
heme when using ouroptimized pre
oding matrix (Q = Qs, solid lines), with the 
ase where we usethe normalized Walsh Hadamard matrix as pre
oding matrix (Q = QWH ,dash-dot lines). The normalization is done su
h that QWH = �MWH ,where MWH is the Walsh Hadamard matrix with entries equal to �1 andQHWH QWH = I. The 
omparison is done for di�erent number of antennas.We observe then that the two pre
oding matri
es yield the same performan
e.Consequetly, when using a turbo dete
tor we 
an repla
e the optimized pre-
oding matrix by the WH matrix. These results in a redu
tion of 
omplexityand a possible and simple adaptation of the CDMA systems to MIMO highrate transmission.4.5 Con
lusionThe STS s
heme proposed in 
hapter 2 
an be seen as an Inner Code thatexploits the multiple antennas diversity and needs to be 
oupled to an OuterCode to operate in the range of interest for pra
ti
al systems. In this 
hapterwe have proposed to 
ombine binary 
hannel 
oding with our linear pre
od-ing in order to enhan
e the performan
e and to use low 
omplexity turbode
oder. The presen
e of the binary CC also allows to exploit time diver-sity (multi-blo
k diversity). Simulations 
on�rm the theoreti
al results and
learly show the advantage of our te
hnique over existing high rate MIMOsystems (Threading, STOD).
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Chapter 5
On MIMO Capa
ity withPartial CSI at Tx
The maximum a
hievable 
apa
ity for a MIMO 
hannel 
orresponds to thewater�lling solution provided that the transmitter has a perfe
t knowledge ofthe 
hannel. In pra
ti
e, the available knowledge may only be partial due tothe time sele
tivity of the 
hannel and delay of the feedba
k from the re
eiver.However, exploiting the partial knowledge leads to a signi�
ant improvementwhen 
ompared to the 
apa
ity without any 
hannel knowledge. In this 
hap-ter we analyze the MIMO 
apa
ity with partial knowledge of the 
hannelunder pra
ti
al frequen
y 
at 
hannel models.

99



100 Chapter 5 On MIMO Capa
ity with Partial CSI at Tx5.1 Introdu
tionSpa
e-time 
oding te
hniques assume the MIMO 
hannel to be Rayleigh 
atfading (subse
tion 1.1.1) with i.i.d. 
omponents. In pra
ti
e this assumptionmay not always be valid, sin
e for physi
al reasons the 
hannel 
omponentsmay be 
orrelated [64℄. This 
orrelation 
orresponds to partial knowledgethat 
an be fed ba
k to the transmitter. When the partial 
hannel stateinformation is present at the transmitter, it is advantageous to use it to opti-mize the pre
oder at the transmission [65, 66℄. This pre
oder will basi
allybe a 
as
ade of spa
e-time 
oder and a de
orrelating beamformer.In this 
hapter, we investigate the a
hievable 
apa
ity given the availableCSI at Tx. We assume that, in addition to the 
hannel 
orrelations, thetransmitter has more information about the 
hannel: knowledge of slowlyvarying 
hannel parameters, or knowledge of the 
hannel up to the amplitudeand phase shifts that arise when the roles of transmitter and re
eiver arereversed. We demonstrate how the partial CSI leads to an improvement ofthe 
ommuni
ation 
apa
ity when 
ompared to the 
apa
ity without CSI.However, the additional improvement when 
ompared to knowing only the
hannel 
orrelations is demonstrated to be small. We note that similar results(for di�erent 
hannel models) have also been published in [65℄.Results presented in this 
hapter were published in [67, 68, 69℄.5.2 Channel Models and AssumptionsThe 
hannel is 
at (L = 1), and the 
ovarian
e matrix at the transmitter isde�ned as � = EfHHHg. We use normalization trf�g = 1.The ergodi
 
apa
ity given in (1.9) is reformulated asC = EH ln det(I+ P�2vHSHH) = EH ln det(I+ �NtxHSHH) ; (5.1)where � = PNtx�2v and Sxx = PS is a 
ovarian
e matrix of the transmittedGaussian signals maximizing the above expression, under the power 
on-straint trfSg � 1.



5.2 Channel Models and Assumptions 1015.2.1 Pathwise Channel ModelThe pathwise model [70℄ of the 
hannel matrix in the 
ase of frequen
y 
atfading is H = LpXl=1 
lalbTl ; (5.2)where Lp is the number of multipaths and 
l, i = 1; : : : ; Lp denotes the
omplex multipath amplitudes. We assume that the amplitudes 
l are i.i.d.
ir
ular symmetri
al 
omplex Gaussian distributed with mean 0 and varian
e1. The Nrx � 1 ve
tors ai are the steering ve
tors of the re
eive antennaarray and the Ntx � 1 ve
tors bl are the steering ve
tors of the transmittingantenna array. Due to the i.i.d. assumption of the 
omplex amplitudes, itis assumed that the multipath varian
es are in
luded in the ve
tors bi. Wealso normalize jjaijj2 = 1 8i. Generally all 
l, al and bl are random variables.The 
omplex amplitudes 
l model the fast fading 
hannel parameters whilethe steering ve
tors model the slowly fading 
hannel parameters.The 
hannel matrix may also be given asH = ACB; (5.3)where A = [a1; : : : ; aLp℄, B = [b1; : : :bLp ℄T and C = diagf
1; : : : ; 
Lpg. If forevery 
hannel usage the re
eiver knows the realization of the 
hannel and theslowly fading parameters remain 
onstant over a suÆ
ient time interval, theslowly fading parameters may be obtained at the re
eiver [71℄, and fed ba
kto the transmitter. This information then 
orresponds to partial 
hannelstate information at the transmitter.We investigate the ergodi
 
apa
ity of the 
hannel given in (5.3) when Aand B are �xed.5.2.2 Channel Models for Limited Re
ipro
ityAssume that the physi
al 
hannel is re
ipro
al between uplink and downlink,and the transmitter knows the uplink 
hannel WT . This 
ase 
an arise forexample in the time division duplex mode of the UMTS standard, whereboth the uplink and the downlink share the same bandwidth. The overall
hannel in downlink in
luding the 
abling and ele
troni
 devi
es for bothends is therefore H = D1WD2; (5.4)



102 Chapter 5 On MIMO Capa
ity with Partial CSI at TxwhereD1 andD2 are diagonal matri
es. These matri
es re
e
t the amplitudeand phase shifts that arise when the roles of transmitter and re
eiver arereversed in 
ase of no or limited 
alibration. We use three di�erent modelsfor the matri
es D1 and D2Model 1 Only phase shifts: Diagonal elements 
ontain i.i.d. phases (D1 =diagfej�11 ; : : : ; ej�1Nrxg and D2 = diagfej�21; : : : ; ej�2Ntxg, where �il arei.i.d. and uniformly distributed on [0; 2�℄)Model 2 Case of 
omplete absen
e of 
alibration: Diagonal elements of D1and D2 are i.i.d. zero mean 
omplex 
ir
ularly symmetri
al Gaussianwith varian
e 1.Model 3 Case of imperfe
t 
alibration: The diagonal matri
es are givenby D1 = p1� �21I + �1DN1 and D2 = p1� �22I + �2DN2, where �iare small and DN1 and DN2 are diagonal matri
es with i.i.d. diagonalelements that are zero mean 
omplex 
ir
ularly symmetri
al Gaussianwith varian
e 1.5.3 Results for Pathwise Channel ModelIn the 
ase of pathwise model, the ergodi
 
apa
ity for a given transmit
ovarian
e matrix PS isC = EC ln det �I+ �NtxACBSBHCHAH� : (5.5)For arbitrary SNR (�), the optimal S 
an be given by dire
t numeri
al solu-tion as des
ribed later in this 
hapter. In the following, we 
al
ulate approx-imations for low and high SNR s
enarios.5.3.1 Low SNRWhen � << 1, we may approximate (5.5) byC � Etr��NtxACBSBHCHAH	= �Ntx Etr�BSBHCHAHAC	= �Ntxtr�BSBHdiagfAHAg	= �Ntxtr�SBHB	 : (5.6)



5.3 Results for Pathwise Channel Model 103Note that diagfAHAg = I due to the normalization. Write BHB = U�UHa

ording to the eigenve
tor de
omposition, and let S0 = UHSU. Note thattrfS0g = trfSg = 1.Now tr�SBHB	 = tr fS0�g : (5.7)For any �, the matrix S0 maximizing (5.7) is given byS0 = diagf0; : : : ; 0; 1; 0; : : : ; 0g; (5.8)where the only nonzero diagonal element is in the position 
orresponding tothe largest diagonal element of � (if there is no unique maximum, we 
an
hoose a position of any of the \maximum" elements).We have thus shown that for � << 1, the optimal transmit 
ovarian
ematrix maximizing (5.5) is given byS = uuH ; (5.9)where u is the eigenve
tor 
orresponding to the maximum eigenvalue of the
hannel 
ovarian
e matrix � = BHB: (5.10)The optimal 
ovarian
e matrix thus depends only on the 
hannel 
ovarian
ematrix at the transmitter.We note that in this 
ase, the 
apa
ity with no CSI (S = 1Ntx I) is givenby � NtxXi=1 �i; (5.11)where �i are the eigenvalues of the matrix given in (5.10). Hen
e the ratiobetween the 
apa
ity with partial CSI and the 
apa
ity with no CSI is givenby 1 � maxf�igN�1tx PNtxi=1 �i � Ntx: (5.12)As a 
on
lusion, the gain obtained by using the partial CSI at Tx 
an bevery signi�
ant.
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ity with Partial CSI at Tx5.3.2 High SNRWhen � >> 1, giving a general solution is not possible, be
ause the opti-mal 
ovarian
e matrix S depends on the dimensions Nrx ; Ntx and Lp, morespe
i�
ally on the minimum dimension. We now derive the solution for twodi�erent possibilities for the minimum dimension.1. Lp � minfNtx; Nrxg,C = lndet �ILp + �NtxBSBHCHAHAC�� EC �ln det ��NtxBSBHCHAHAC�	= lndet ��NtxBSBH�+ EC ln det �CHAHAC� : (5.13)Therefore the solution is given byS = 1LpUUH ; (5.14)where U is the matrix of the eigenve
tors of � 
orresponding to thenonzero eigenvalues.2. Ntx � minfNrx; Lpg, using the same reasonning presented above, weget that C � ln detfSg+ 
onstant: (5.15)Hen
e the solution is given byS = 1Ntx I : (5.16)In these 
ases, the di�eren
e between the 
apa
ity with CSI and the onewith no CSI is given byminfNtx; Lpg ln NtxminfNtx; Lpg : (5.17)Therefore, when � >> 1, the gain obtained by using partial CSI is impor-tant espe
ially for large number of transmit and re
eive antennas and smallnumber of multipaths.When Nrx is the minimum dimension, it is not possible to isolate S fromthe random part of the 
hannel, be
ause the approximation used in the pre-vious 
ases gives C � EC ln det ��NtxACBSBHCHAH� : (5.18)Sin
e Nrx is the minimum dimension, this expression 
an not be furtherde
omposed.



5.3 Results for Pathwise Channel Model 1055.3.3 Water�lling Solution for the Channel Covari-an
e MatrixSin
e ln det is a 
on
ave on the set of positive de�nite matri
es, the ergodi

apa
ity for any transmit 
ovarian
e matrix S may be upper bounded byC = EC �ln det �I+ �NtxACBSBHCHAH�	� ln det �I+ �NtxSBH ECfCHAHACgB�= lndet �I+ �NtxSBHB� : (5.19)The optimal S maximizing this upper bound 
orresponds to the water�llingsolution applied to �Ntx� [2℄. The water�lling solution mat
hes the solutionsgiven in equations (5.9),(5.14) and (5.16) for � << 1 and � >> 1.5.3.4 Optimal SolutionAs mentioned above, ln det is 
on
ave on the set of positive de�nite matri
es.The set of positive semide�nite matri
es with tra
e equal to 1 is a 
onnexset. Therefore, the optimum transmit 
ovarian
e matrix 
an be 
al
ulatedby using numeri
al methods. In pra
ti
e, the obje
tive fun
tion has to beformed by averaging over suÆ
ient number of Monte Carlo realizations. Notethat the averaging preserves the 
on
avity of the obje
tive fun
tion. Wedemonstrate the usage of numeri
al methods in se
tion 5.5. The appliedmethod is based on proje
ted gradient des
ent algorithm [72℄.5.3.5 Solution for Separable Spatial Channel ModelThe MIMO 
hannel is often modeled as a separable spatial 
hannel modelintrodu
ed in subse
tion 1.1.2. It 
an be shown that the pathwise 
hannelmodel 
onverges in distribution to the separable spatial model with appro-priate 
ovarian
e matri
es, as the number of multipaths tends to in�nity [73℄.The ergodi
 
apa
ity for this 
hannel model in 
ase �1 = I has been 
on-sidered e.g. in [74, 75, 66, 76, 7, 6℄. It has been shown that for this 
asethe optimal transmit 
ovarian
e matrix S has the same eigenve
tors as �2.The 
apa
ity a
hieving power allo
ation (the eigenvalues of optimal S) hasto be 
al
ulated using numeri
al methods ( e.g. gradient des
end algorithm).The method used in [66℄ to show that the eigenve
tors of S 
orrespond tothose of �2 is 
omplex. Here we provide a simpler proof of that fa
t. Let
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ity with Partial CSI at Tx�2 = UDUH be the eigenve
tor de
omposition of �2. The ergodi
 
apa
ityfor the 
ovarian
e matrix S is then given byEW ln det[I+ �Ntx� 121WUD 12UHSUD 12UHWH�H21 ℄ : (5.20)Sin
e for any Ntx�Ntx unitary matrix U, the distribution of W is the sameas the distribution ofWU. W has also the same distribution asW�, where� = diagfej�1; ej�2; : : : ; ej�Ntxg with �i i.i.d. and uniformly distributed on[0; 2�) is a unitary matrix. The ergodi
 
apa
ity 
an then be written asE� EW ln det hI+ �Ntx� 121W�D 12S0D 12�HWH�H21 i ; (5.21)where S0 = UHSU. Note that tr(S0) = tr(S). Sin
e ln det is 
on
ave,E� EW ln det hI+ �Ntx� 121W�D 12S0D 12�HWH�H21 i� EW ln det hI+ �Ntx� 121WE�f�D 12S0D 12�HgWH�H21 i= EW ln det hI+ �Ntx� 121WDdiagfS0gWH�H21 i : (5.22)The equality is a
hieved i� S0 is a diagonal matrix, and the result follows.This result 
an even be generalized to any sto
hasti
 W with de
orrelated
olumns.5.4 Results for Channel Models with LimitedRe
ipro
ityIn the 
ase of limited re
ipro
ity, the ergodi
 
apa
ity for the transmit 
o-varian
e matrix PS isC = E ln det �I + �NtxD1WD2SDH2 WHDH1 � ; (5.23)where the expe
tation is 
al
ulated with respe
t to D1 and D2.It is straightforward, using the te
hnique des
ribed in subse
tion 5.3.5,to show that in the 
ase of Model 1 or Model 2 (only phases or Gaussianzero mean diagonal entries), the optimal transmit 
ovarian
e matrix has tobe diagonal: S = DS.



5.4 Results for Channel Models with Limited Re
ipro
ity 107For the Model 1, the optimum solution may be derived by numeri
allymaximizing C = lndet �I+ �NtxWDSWH� ; (5.24)whi
h is a 
on
ave on DS. We note that for given DS, (5.24) is an upperbound of the ergodi
 
apa
ity for Model 2.For Model 2, the optimal solution 
an be found by using numeri
almethods des
ribed in subse
tion 5.3.4, with simpler optimization as it has tobe done only for a diagonal matrix.For Model 3, optimization is performed as des
ribed in subse
tion 5.3.4.In addition to the optimal solutions, sub-optimal solutions may be derivedby 
onsidering the upper bound on ergodi
 
apa
ity as it has been done inthe 
ase of pathwise model in subse
tion 5.3.3. For Models 1 and 2, thisleads to water�lling on M = �NtxdiagfWHWg; (5.25)for Ntx � Nrx.When for Ntx > Nrx we have to take in a

ount the rank of the 
hannel, itleads then to water�lling on M where we for
e now the Ntx �Nrx minimumdiagonal values to zero.For Model 3, this approa
h leads to water�lling on�Ntx �(1� �21)WHW+ �21diagfWHWg� : (5.26)For Model 2, a tighter upper bound is given by (5.24). Therefore, a bettersolution may be given by applying the optimal solution for Model 1. ForModel 3, water�lling on �NtxWHW 
an also be used.Min-Max ProblemIn previous we assumed impli
itly that the transmitter 
an see di�erent real-izations ofD1 and D2 (and therefore 
ode on di�erent realizations). Withoutthis assumption 
onsidering the ergodi
 
apa
ity is meaningless. Below weassume that the transmitter 
an see only one realization of the 
hannel,and depending on the way of en
oding this leads to either a su

ess or fail-ure of the transmission. In a deterministi
 point of view (one realization,non-statisti
 problem), the transmitter should en
ode in a way to ensure
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ity with Partial CSI at Txsu

essful de
oding at Rx. This 
orresponds to an in�nite failure 
ost. Theproblem 
an be solved in a deterministi
 way by maximizing the worst 
aseof the 
apa
ity over all possible values of D1, D2. The formulation of theMin-Max Problem is thenmaxS:trf�NtxSg�P minD1;D2 ln det �I+ �NtxD1WD2SDH2 WHDH1 � : (5.27)As 0 is a possible value for D1, D2 in Models 2 and 3, it is therefore easy tosee that the minimum 
apa
ity is zero for all values of S, and the Min-MaxProblem formulation is not useful for Models 2 and 3. Below let's fo
us onthe 
ase of Model 1 (diagonals of phases).We will derive Upper and Lower Bounds on (5.27) ( LB � (5:27) � UB),and show that we obtain equality between the UB and LB (and hen
e with(5.27) ), whi
h leads to the optimality of the LB (equivalently UB) solution.The UB is obtained by(5:27) = maxS:trf�NtxSg�P minD2 ln det �I+ �NtxWD2SDH2 WH�� maxS:trf�NtxSg�P ED2 ln det �I+ �NtxWD2SDH2 WH�� maxS:trf�Ntxdiag fSgg�P ln det �I+ �NtxW diagfSgWH� = UB ;(5.28)the expe
tation ED2 , is done over all the possible values of D2, this give alarger 
apa
ity than minD2 ln det �I+ �NtxWD2SDH2 WH� and hen
e showsthe �rst inequality. The se
ond inequality follows from the 
on
avity of ln det.The LB is obtained by doing the maximization in (5.27) over the subset ofdiagonals (S = DS)(5:27) � maxS:trf�NtxDSg�P minD2 ln det �I+ �NtxWD2DSDH2 WH�� maxS:trf�NtxDSg�P ln det �I+ �NtxWDSWH� = LB: (5.29)It is easy to see that the expressions of the upper and the lower bounds arethe same. We 
on
lude then that LB = UB = (5:27), and that the solutionof (5.27) mat
hes the solution of LB, hen
e it is diagonal and 
orresponds tothe same solution of the outage 
apa
ity optimization (5.24).
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an be adapted to the Min-Max Problem by modifyingthe distributions of D1 and D2 in order to avoid the zero 
apa
ity solution.For example by 
hoosing a trun
ated Gaussian distribution that takes intoa

ount the most likely values or by 
hoosing other bounded distributions.5.5 Simulation Results5.5.1 Pathwise ModelWe �rst present results of a simulation study for pathwise model. In thesimulations, we used Uniform Linear Arrays (ULAs) with half wavelengthinter element spa
ing both at the transmitter and the re
eiver side. Thepath varian
es were generated randomly from exponential distribution withmean 1. At the re
eiver, the Dire
tions of Arrival (DOA) were generatedfrom uniform distribution on the interval [��; �℄. At the transmitter side, thedire
tions of departure were generated from Gaussian distribution with mean0Æ (array broadside) and standard deviation � = 5Æ. In all the simulationsthe tra
e of the 
hannel 
ovarian
e matrix at the transmitter was normalizedto be equal to 1.We 
ompare seven di�erent 
ases.1. Instantaneous water�lling: water�lling solution for every realization ofthe 
hannel. This assume perfe
t CSI at Tx and gives hen
e an upperbound for the ergodi
 
apa
ity with any transmit 
ovarian
e matrix.2. Optimum: solution obtained by the numeri
al method des
ribed insubse
tion 5.3.4.3. Approximate water�lling: water�lling on the 
hannel 
ovarian
e matrix(subse
tion 5.3.3).4. Separable model: solution based on the separable spatial 
hannel model.5. Large SNR: large SNR approximation in (5.14) or (5.16) depending onthe dimensions.6. Beamforming: optimal solution for low SNR in (5.9).7. No 
hannel knowledge: S = 1Ntx I.
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ity with Partial CSI at TxIn the �rst experiment, the number of paths is small (poor s
atteringenvironment). We use Ntx = Nrx = 4 and Lp = 2. Figure 5.1 presents theresult averaged over 100 Monte-Carlo realizations for the angles, and for ea
hset of angles, 1000 Monte-Carlo realizations for the path amplitudes. Theresults show that the approximate water�lling gives nearly optimal results,espe
ially for small values of �. It 
an also be seen that the di�eren
e betweenthe high SNR approximation and optimum solution de
reases as � in
reases.The 
apa
ity for the transmit 
ovarian
e matrix whi
h is optimized for sep-arable 
hannel model is very low.In the se
ond experiment the number of paths is 
hanged to 10 (ri
h s
at-tering environment). In this 
ase the 
apa
ity obtained with the solutionof the separable 
hannel model is mu
h better than in the previous experi-ment. This is due to the fa
t that the pathwise 
hannel model 
onverges indistribution to the separable spatial 
hannel model as Lp tends to in�nity[73℄.5.5.2 Limited Re
ipro
ityWe 
onsider now the 
ase of limited re
ipro
ity, with Nrx = Ntx = 4 forall simulations. The presented results are averaged over 100 realizationsfor W, for whi
h every element was generated independently from CN(0; 1)distribution. For every realization of W, the 
apa
ities were averaged over1000 Monte-Carlo realizations for D1 and D2. For Model 3, we use �21 = �22 =0:1.Simulation results are presented in �g. 5.3, 5.4 and 5.4. It 
an be seenthat for Model 1 and Model 2, approximated water�lling gives near opti-mal results. Therefore, as in the 
ase of pathwise model, water�lling on the
ovarian
e matrix seen from the transmitter is almost suÆ
ient. Similar 
on-
lusion 
an be done from the observation of the result for Model 3.5.6 Con
lusionWe studied the ergodi
 
apa
ity of two models for partial 
hannel knowledge:the pathwise 
hannel model with knowledge of the slow varying parametersat the transmitter and the limited re
ipro
ity 
hannel model. The simula-tion studies and the theoreti
al results show that water�lling on the 
hannel
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ovarian
e matrix at the transmitter leads to almost optimal 
apa
ity. As a
on
lusion we 
an state that the additional information obtained seems notto be very signi�
ant. To a
hieve 
losely optimal 
apa
ity, only the 
ovari-an
e matrix information is required at the transmitter.The simulation results for the pathwise model also show that the use ofseparable spatial 
hannel model to optimize the transmit 
ovarian
e ma-trix results in loss of performan
e espe
ially for small number of multipaths.Beamforming used in the multipath environment gives 
lose to optimum per-forman
e for low and middle range SNRs.We also introdu
ed the Min-Max Problem for the limited re
ipro
ity model,the solution of this problem in 
ase of phases ambiguities leads to the samesolution as the ergodi
 
apa
ity maximization problem.
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Figure 5.1: Result for Ntx = Nrx = 4, Lp = 2.
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Figure 5.2: Result for Ntx = Nrx = 4, Lp = 10.
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Chapter 6
Mutual Information withoutCSI at Rx
In this 
hapter, we analyze the Mutual Information (MI) between the inputand the output of a MIMO system in the absen
e of CSI at Rx and Tx. Tothat end we 
onsider two popular models. The �rst one is the blo
k fadingmodel and the se
ond one is the time sele
tive 
hannel. We assume that sometraining/pilot symbols are inserted at the beginning of ea
h burst. We showthat the average MI over a transmission burst 
an be de
omposed into symbolposition dependent 
ontributions. The MI 
omponent at a 
ertain symbol po-sition optimally 
ombines semi-blind information up to that symbol position(with perfe
t input re
overy up to that position) with blind information fromthe rest of the burst. We also analyze the asymptoti
 regime for whi
h we 
anformulate optimal 
hannel estimates and evaluate the 
apa
ity loss with re-spe
t to the known 
hannel 
ase. Asymptoti
ally, the de
rease in MI involvesFisher information matri
es 
orresponding to 
hannel estimation problems.Finally we suggest to exploit 
orrelations in the 
hannel model in order toimprove estimation performan
e and minimize 
apa
ity loss.
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118 Chapter 6 Mutual Information without CSI at Rx6.1 Introdu
tionIn the previous parts of this thesis the 
hannel was assumed to be perfe
tlyknown at the re
eiver. This assumption is 
onsidered in general in order tode
orrelate the problem of the Tx and the Rx design from the 
hannel esti-mation 
onsequen
es. In fa
t, for 
ases where the 
hannel remains 
onstantover a large burst (we 
onsider a transmission by burst), we 
an always useenough training sequen
e to allow a good estimation quality of the 
hannel,with negle
tible loss in 
apa
ity. However, in 
ases where the burst is oflimited length or for time sele
tive 
hannels were the 
hannel varies over theburst, the assumption of perfe
t CSI at the Rx is no more valid [77, 78, 79℄.To stay in the 
onventional s
hemes used in pra
ti
al system, we assume thatsome training/pilot symbols are inserted in the beginning of ea
h burst. Ourstudy fo
uses on the MI between the transmitted burst and the re
eived sig-nal. The 
apa
ity is the average of the MI over the burst, maximized w.r.t.the input distribution. We assume that the Tx have no CSI and 
onsider two
hannel models, the blo
k fading model and the time sele
tive model (highDoppler spead).In the usual blo
k fading model, the data gets transmitted over a numberof bursts su
h that the 
hannel is 
onstant over a burst but fading inde-pendently between bursts. For su
h a 
hannel model, the 
apa
ity has beenpreviously studied in [80, 81℄. The 
apa
ity in these works is a
hieved byoptimizing the distribution of the all burst input, whi
h has a length equalsto the 
oheren
e interval of the 
hannel. A burst with su
h a distribution andsize may be diÆ
ult to 
ode and de
ode. In our work we 
onsider a pra
ti
alpoint view where blo
ks of a small size have independent distributions.The se
ond model that we 
onsider is the time sele
tive 
hannel model (highDoppler speed). The 
hannel is assumed to be 
onstant over small blo
ks,of size the number of transmit antennas, and varies along the burst as aGaussian stationary pro
ess.This 
hapter begins with a preliminary se
tion where we present the gen-eral 
at fading 
hannel model and derive a serial de
omposition of the MI.This de
omposition suggests to use a semi-blind 
hannel estimation. Thefollowing se
tion studies the asymptoti
 behavior of the 
apa
ity for blo
kfading 
hannel and large burst length. We then show that the optimal 
han-nel estimator, in order to redu
e the 
apa
ity loss, is the semi-blind MMSEone. The time sele
tive 
hannel model is also studied and we derive bounds



6.2 Mutual Information De
omposition 119on the 
apa
ity. Finally a 
orrelated MIMO 
hannel model is introdu
ed inother to improve the performan
e by exploiting the 
hannel stru
ture.Results presented in this 
hapter were published in [82, 83℄.6.2 Mutual Information De
omposition6.2.1 General Flat Fading ModelWe 
onsider transmission over 
at fading MIMO 
hannel for a parti
ularburst of T symbol periods. The re
eived signal at time index k isyk = H(k)xk + vk : (6.1)The 
hannel 
an be a blo
k fading model, ex
ept that we shall refer to ablo
k as burst. In this 
ase, the 
hannel is 
onstant over the burstH(k) = H ; 8k.Another model, used in this 
hapter, is the time sele
tive model when the
hannel varies over the burst. Its instantaneous value is then dependent onthe index k.We assume the use of a training sequen
e (TS) of length NTS pilot symbolve
tors. The length of the transmitted data, also 
alled \blind" in the esti-mation terminology, is then NB so that NTS +NB = T .We 
an de
ompose the burst signal into training and data partsX = [XTS;XB℄,Y = [YTS;YB℄ and V = [VTS;VB℄. Y and V are Nrx � T matri
es whereX is Ntx � T .We assume also that the transmitter 
an 
ode over di�erent bursts, so thatthe instantaneous 
apa
ity is repla
ed by the ergodi
 
apa
ity in the blo
kfading model (see subse
tion 1.2.2).In the following, we derive preliminary results on MI whi
h are valid for thetwo 
hannel models.6.2.2 MI De
ompositionAs stated in [79℄, using the 
hain rule [84℄, the MI between the input andthe output of 
at 
hannel satis�esI(YTS;YB;XBjXTS) = I(YTS;XBjXTS) + I(YB;XBjXTS;YTS)= I(YB;XBjXTS;YTS) ; (6.2)



120 Chapter 6 Mutual Information without CSI at Rxwhere I(YTS;XBjXTS) = 0 due to the independen
e betweenXB and (YTS;XTS).Consider now a partition of XB in Q blo
ks XB = [X1; : : : ;XQ℄.Xi; i = 1; : : : ; Q are assumed to be independent from blo
k to blo
k; this
orresponds to the usual 
ase of blo
k-wise 
oding a
ross bursts in STCs
hemes. Furthermore, we assume that the Vi's are independent betweenblo
ks. The blo
k lengths Ti; i = 1; : : : ; Q where PQi Ti = NB, are identi
alfor STC s
hemes. More generally, we assume in the following that they 
anbe di�erent, but bounded by a 
onstant.We de�ne for k � i,Xki = [Xi;Xi+1; : : : ;Xk℄ andYki = [Yi;Yi+1; : : : ;Yk℄.ThenI(YB;XBjXTS;YTS) = I(YQ1 ;X1;XQ2 jXTS;YTS)= I(YQ1 ;X1jXTS;YTS) + I(YQ1 ;XQ2 jXTS;YTS;X1)= I(YQ1 ;X1jXTS;YTS) + I(YQ2 ;XQ2 jXTS;YTS;X1;Y1)+ I(Y1;XQ2 jXTS;YTS;X1)| {z }=0 ; (6.3)whereI(Y1;XQ2 jXTS;YTS;X1) = h(Y1jXTS;YTS;X1)�h(Y1jXTS;YTS;X1;XQ2 ),h(:) is the entropy measure.Considering the fa
t that XQ2 is independent of Y1 
onditioned on(XTS;YTS;X1), we have h(Y1jXTS;YTS;X1;XQ2 ) = h(Y1jXTS;YTS;X1)and �nally I(Y1;XQ2 jXTS;YTS;X1) = 0.Iterating the equation for i = 2; : : : ; Q, we getI(YB;XBjXTS;YTS) = PQi=1 I(YQi ;XijXTS;YTS;Xi�11 ;Yi�11 )= Q�1Xi=1 I(YQi+1;XijXTS;YTS;Xi�11 ;Yi�11 )| {z }=0+PQi=1 I(Yi;XijXTS;Xi�11 ;YTS;Yi�11 ;YQi+1| {z }=Yi )= PQi=1 I(Yi;XijXTS;Xi�11 ;Yi) ; (6.4)where Yi 
ontains all the re
eived signal ex
ept Yi. In order to show thatI(YQi+1;XijXTS;YTS;Xi�11 ;Yi�11 ) = 0 for every i, we used the same argu-ments as the one used for eq. (6.3).



6.3 Asymptoti
 Behavior of the Capa
ity for Blo
k Fading Channel121Eq. (6.4) shows 
learly the way of pro
essing to a
hieve the 
apa
ity: forevery blo
k, we use the already dete
ted blo
ks as a (Data-Aided (DA))training sequen
e (in addition to the a
tual training), and use the not yetdete
ted blo
ks as blind information.We 
an also reorganize the MI as followsI(YB;XBjXTS;YTS) = PQi=1 I(YQi ;XijXTS;YTS;Xi�11 ;Yi�11 )= QXi=1 I(Yi;XijXTS;YTS;Xi�11 ;Yi�11 )| {z }I1+ Q�1Xi=1 I(YQi+1;XijXTS;YTS;Xi�11 ;Yi1)| {z }I2 : (6.5)
The MI 
an then be seen as the sum of two parts,I(YB;XBjXTS;YTS) = I1 + I2 where:I1 is the rate that we 
an a
hieve by using only the already pro
essed blo
ksfor side information (DA training).I2 is the additional amount of rate that 
an be a
hieved by exploiting theblind information 
ontained in the not yet dete
ted blo
ks (future blo
ks).Before we 
ontinue this 
hapter, we de�ne the average MI as Iavg(T ) =1T I(YB;XBjXTS;YTS). The 
apa
ity equals Iavg(T ) optimized w.r.t. to theinput distribution (under the power 
onstraint).6.3 Asymptoti
 Behavior of the Capa
ity forBlo
k Fading ChannelFor blo
k fading model the 
hannel is 
onstant over the burst (H(k) =H ; 8k).In the following, we want to show that the average MI goes to the 
oherentMI I(y;xjH) for large T (large burst length) and �xed NTS. The blo
kslengths Ti; i = 1; : : : ; Q are bounded by a 
onstant, then when T grows, Qalso grows. Hen
e, Q is an in
reasing and unbounded fun
tion of T , we de-note it by Q(T ).



122 Chapter 6 Mutual Information without CSI at RxThe 
oherent MI is I(y;xjH) = limT!1 1T I(Y ;XjH). An upper bound is givenby Iavg(T ) = 1T (h(XB)� h(XBjXTS;YTS;YB))� 1T (h(XB)� h(XBjXTS;YTS;YB;H))= 1T (h(XB)� h(XBjYB;H))= 1T (I(Y;XjH)� I(YTS;XTSjH)) : (6.6)I(YTS;XTSjH) is a positive quantity, we 
on
lude thatlimT!1 Iavg(T ) � I(y;xjH) : (6.7)Written in term of the entropy the MI isI(Yi;XijXTS;Xi�11 ;Yi) = h(Xi)� h(XijXTS;Xi�11 ;Yi;Yi) : (6.8)Let bH(i) = bH(XTS;Xi�11 ;Yi) be an estimate of the 
hannel based on(XTS;Xi�11 ;Yi). bH(i) is hen
e a redu
ed statisti
 of (XTS;Xi�11 ;Yi). Sin
eredu
ing the 
onditioning in
reases the entropy, we haveI(Yi;XijXTS;Xi�11 ;Yi) � h(Xi)� h(XijbH(XTS;Xi�11 ;Yi;Yi);Yi)= h(Xi)� h(XijYi; bH(XTS;Xi�11 ;Yi))= I(Yi;XijbH(i)) : (6.9)If we 
hoose bH(i) = bH(XTS;Xi�11 ;Yi) to be the optimal estimate of the
hannel (statisti
 of redu
ed dimension), it satis�es limi!1 bH(i) = H almostsurely.We have thenlimT!1 Iavg(T ) � limT!1 1T PQ(T )i=1 I(Yi;XijbH(i))= limT!1 1T PQ(T )i=1 I(Yi;XijH)= limT!1 1T I(YB;XBjH)= I(y;xjH) ; (6.10)where in the third inequality we used the independen
e between blo
ks giventhe true 
hannel value.



6.3 Asymptoti
 Behavior of the Capa
ity for Blo
k Fading Channel123Combining (6.7) and (6.10) we 
on
lude thatlimT!1 1T I(YB;XBjXTS;YTS) = I(y;xjH) : (6.11)This means that, as T grows, adopting the dete
tion method per blo
k, andthe asso
iated 
hannel estimation allows to rea
h the 
apa
ity of the systemwith perfe
t CSI at Rx.Remark1: As T grows, the use of dete
ted blo
ks only to estimate the 
han-nel allows to a
hieve asymptoti
ally the MI Iavg of the system. But for �niteT , it is ne
essary to also use the blind information to rea
h it.Remark2: The MI expression of eq. (6.4) does not make any di�eren
ebetween training and past dete
ted symbols. Then for a �xed T , and whenall the entries of X (training and data) are i.i.d., it is easy to see that theaverage MI Iavg of the system is maximized when the number of the trainingsymbols NTS is as small as possible (i.e. allows semi-blind identi�ability ofthe 
hannel).
6.3.1 Channel Estimation for Blo
k Fading ModelThe ergodi
 
apa
ity C of the system is the maximum of Iavg(T ) over allinput distributions, under a given power 
onstraint. We have1T QXi=1 I(Yi;XijbH(i)) � C � maxp(XB);tr(RXB )�NBNtx�2x 1T I(YB;XBjH) :(6.12)For an AWGN with power �2v and in the absen
e of CSI at Tx, the maxin the upper bound of the ergodi
 
apa
ity is attained for a 
entered whiteGaussian input with 
ovarian
e �2xINtx (subse
tion 1.2.2). Hen
e,1T QXi=1 I(Yi;XijbH(i)) � C � T �NTST E ln det(I + �2x�2vHHH): (6.13)



124 Chapter 6 Mutual Information without CSI at RxThe re
eived signal is Yi = HXi +Vi= bH(i)Xi + eH(i)Xi +Vi= bH(i)Xi +Vi + Zi ; (6.14)where Zi = eH(i)Xi.The MI satis�esI(Yi;XijbH(i)) = h(YijbH(i))� h(YijXi; bH(i))= h(YijbH(i))� h(Vi + ZijXi; bH(i)) : (6.15)Assume bH(i) to satisfy the Pythagorean Theorem (PT), i.e. bH is de
orre-lated with eH. For a Gaussian X it was shown in [79℄ that a lower boundfor I(Yi;XijbH(i)) is given by 
onsidering Zi as an independent and whiteGaussian noise, with 
ovarian
e �2z I, where�2z = 1TiNrx tr E(ZiZHi ) = �2x tr E(fH(i)fH(i)H)Nrx = Ntx�2x�2fH(i) and�2fH(i) = tr E(fH(i)fH(i)H)NrxNtx .A lower bound isC � 1T PQi=1 I(Yi;XijbH(i))� 1T PQi=1 Ti E ln det(I + �2x�2v+Ntx�2x�2gH(i) bH(i) bH(i)H) : (6.16)Let �2
H(i) = tr E(
H(i)
H(i)H)NrxNtx and H(i) = 
H(i)�dH(i) . Then be
ause the 
hannelestimator satis�es the Pythagorean Theorem, we have�2
H(i) + �2fH(i) = �2H . NowC � 1T PQi=1 Ti E lndet(I + �2x(�2H��2gH(i) )�2v+Ntx�2x�2gH(i)H(i)H(i)H)= CLB : (6.17)The expe
tation is over the distribution of H(i), whi
h remains 
lose to thatof H. Then the given 
apa
ity lower bound CLB depends primarily on the



6.4 Capa
ity Behavior and Bounds for Time Sele
tive Channel 125Mean Square Error (MSE) of the 
hannel estimator bH(i). Sin
e CLB is ade
reasing fun
tion of the MSE, the optimum estimator is the MinimumMean Square Error(MMSE) estimatorbH(i)MMSE = bH(i)MMSE(XTS;Xi�11 ;Yi)= E(HjXTS;Xi�11 ;Yi) ; (6.18)whi
h is an unbiased estimator of H. The performan
e of any unbiasedestimator 
an be bounded by the Cram�er-Rao lower bound asR eh(i) eh(i) = E eh(i)eh(i) T � J�(i) ; (6.19)where h = [<(ve
(H))T =(ve
(H))T ℄T and ve
(H) = [hT1 ; : : : ;hTNtx℄T denotesH written in a ve
tor form. J (i) is the Bayesian Fis
her Information Matrix(FIM) for the a posteriori distribution of H, and is in this 
aseJ (i) = �E ��h �� ln p(HjXTS ;Xi�11 ;Yi)�h �T= �E ��h �� ln p(XTS;YTS;Xi�11 ;Yi�11 jH)�h �T| {z }J(i)DAtraining ; (6.20)
�E ��h  � ln p(YNBi+1jH)�h !T| {z }J(i)blind �E ��h �� ln p(H)�h �T| {z }J(i)prior : (6.21)We have �2fH(i) � tr J�(i)NtxNrx . This is an absolute lower bound on the 
hannelestimation MSE. The MMSE estimator a
hieves this bound asymptoti
ally(NB !1).6.4 Capa
ity Behavior and Bounds for TimeSele
tive ChannelIn the following we seek to study the behavior of the 
apa
ity for time sele
-tive 
hannels. We �rst derive theoreti
al bounds on MI. Then we analyze the
apa
ity behavior for the di�erential en
oding 
ase, where the input blo
ks



126 Chapter 6 Mutual Information without CSI at Rxare 
onstrained to be unitary, and generalize the analysis to the general un-
onstrained input 
ase.The 
hannel is assumed to be 
onstant over a blo
k of Ntx symbol periods.Further variation of the 
hannel during this blo
k is in
luded in the thermalnoise. If we �x Ti = Ntx 8i, then Yi = [yiNtx+1; : : : ;y(i+1)Ntx℄andXi = [xiNtx+1; : : : ;x(i+1)Ntx℄.The blo
ks Xi are assumed to be i.i.d..We denote by L(L = T=Ntx) the total number of blo
ks, and integrate thepilot symbols with the already dete
ted symbols. The ith term of the MI isthen I(Yi;XijXi�11 ;Yi) = I(i) ; (6.22)I(i) 
an be written in term of the entropy asI(Yi;XijXi�11 ;Yi) = h(Xi)� h(XijXi�11 ;Yi) : (6.23)The entropy in
reases when the 
onditioning is redu
ed, hen
eh(XijXi;Yi) � h(XijXi�11 ;Yi) � h(XijXi�11 ;Yi�11 ) : (6.24)Upper and lower bounds of the MI 
an then be found asI(Yi;XijXi�11 ;Yi�11 ) � I(i) � I(Yi;XijXi;Yi): (6.25)The 
hannel is assumed to be a stationary Gaussian pro
ess. The 
onditionedjoint probability of Xi and Yi is thenp(Yi;XijXi�11 ;Yi�11 ) = ZH(i) p(Yi;XijH(i))p(H(i)jXi�11 ;Yi�11 ) : (6.26)Let h(i) = ve
(H(i)), hi�11 = [h(1)T ; : : : ; h(i�1)T ℄T , rh = E (h(i)h(i)H),r(i) = E (hi�11 h(i)H) and R(i) = E (hi�11 hi�11 H). ThenY Ntx(i�1)1 = Xi�1hi�11 +V i�11 , where Y i�11 ; V i�11 
orrespond to Yi�11 ;Vi�11 writ-ten in ve
tor form.We denote by Xi�1 = [ i�1Mk=1 XTk ℄
 INrx = XDi�1 
 INrx.Sin
e h(i) and (Y Ntx(i�1)1 jXi�11 ) are mutually Gaussian, then (h(i)jY Ntx(i�1)1 ;Xi�11 )has a Gaussian distribution with meanbh(i) = r(i)HXi�1H(�2vI + Xi�1R(i)Xi�1H)�1 Y Ntx(i�1)1 ; (6.27)



6.4 Capa
ity Behavior and Bounds for Time Sele
tive Channel 127and 
ovarian
eE (eh(i)eh(i)H) = rh � r(i)HXi�1H(�2vI + Xi�1R(i)Xi�1H)�1Xi�1r(i) : (6.28)The MI is then: I(Yi;XijXi�11 ;Yi�11 ) = I(Yi;Xijbh(i)) : (6.29)This MI 
orresponds to a 
hannel with an instantaneous value bH(i) and anadditive noise eVi = eH(i)Xi +Vi, Yi = bH(i)Xi + eVi.The noise eVi depends on Xi and Xi�11 (the statisti
s of eH(i) are fun
tion ofXi�11 ).The same results 
an be stated for I(Yi;XijXi;Yi), where now Xi (resp.Yi) plays the role of Xi�11 (resp. Yi�11 ).6.4.1 Case of Di�erential En
odingWe study this 
ase be
ause it leads to 
hannel estimate statisti
s that areindependent of the inputs. This allows us to derive 
lose-form formulas forthe bounds on the 
apa
ity.We 
onsider a time sele
tive fading 
hannel with spatially i.i.d. Gaussianelements, i.e. EH(i)lpH(k) �mn = s(i� k)Æl�m;p�n : (6.30)The 
hannel 
ovarian
e is hen
e R(i) = R(i)s 
INtxNrx, r(i) = r(i)s 
INtxNrx andrh equals s(0)INrxNtx = �2hINrxNtx, with (R(i)s )lp = s(l � p) and (r(i)s )l = s(l)(1 � l; p � i� 1).For di�erential en
oding s
hemesXi=pNtx�2x is unitary, then (h(i)jY Ntx(i�1)1 ;Xi�11 )follows a Gaussian distribution with meanbh(i) = (fr(i)s H(�2vIi�1 +Ntx�2xR(i)s )�1g)
 INtxNrx Xi�1H Y Ntx(i�1)1 ; (6.31)and 
ovarian
e E (eh(i)eh(i)H) = �2eh(i)INtxNrx ; (6.32)where �2eh(i) = (s(0)� r(i)s H(�2v=(Ntx�2x)Ii�1 +R(i)s )�1r(i)s ).Due to the unitary 
hara
ter of the input, the equivalent noise eVi is inde-pendent of the input Xi and follows a 
entered white Gaussian distribution



128 Chapter 6 Mutual Information without CSI at Rxof 
ovarian
e �2~viINtxNrx, with �2~vi = �2v + Ntx�2x�2eh(i) . �2eh(i) 
orresponds tothe estimation error of H(i)lp from the already transmitted and de
oded signalblo
ks. Due to the stationarity of the pro
ess Xi and Yi, �2eh(i) is a de
reasingfun
tion of (i) and tends to a limit value limi!1 �2eh(i) = �2eh1. The approx-imation �2eh(i) � �2eh1 is valid for i >> L
oh, where L
oh is the 
oheren
etime of the 
hannel. This approximation 
orresponds to the steady-state. Itis 
onsidered to be valid for all the data symbols if the TS is long enough:NTS >> NtxL
oh.�2eh1 is the in�nite horizon mean square predi
tion error varian
e of Hlp�2eh1 = eR 1=2�1=2 ln(S(f)+ �2vNtx�2x )df � �2vNtx�2x ; (6.33)where S(f) =Pk s(k)e�j2�kf .For i >> L
oh, I(Yi;Xijbh(i)) is independent of the index i.Let CU(�) be the ergodi
 
apa
ity of a Nrx�Ntx AWGN and Rayleigh 
atblo
k fading 
hannel. The 
hannel has i.i.d. elements of Gaussian distribu-tion CN(0; 1), and the Rx has perfe
t CSI (and none at Tx). For CU(�), theinput blo
ks of size Ntx � Ntx are 
onstrained to be unitary and follow thesame distribution as in the di�erential en
oding 
ase, and �nally the additivewhite Gaussian noise follows the distribution CN(0; 1N2tx�).Then 1Ntx I(Yi;Xijbh(i)) = CU(�eff) ; (6.34)where �eff = 1Ntx �2x(�2h��2fh1)�2v+Ntx�2x�2fh1= � 1��2fh1�2h1+N2tx��2fh1�2h ; (6.35)
and � = �2x�2hNtx�2v .



6.4 Capa
ity Behavior and Bounds for Time Sele
tive Channel 129Hen
e, the la
k of CSI at the re
eiver results in a loss of SNR of 10 log100B� 1��2fh1�2h1+N2tx��2fh1�2h 1CAdB.We 
an also see that this loss in
reases with the SNR (= Ntx�) and with thenormalized 
hannel estimation error �2fh1�2h . For large SNR (� >> �2hN2tx�1fh2 ) the
apa
ity gets saturated at C1U = CU �2h�2fh1;oN2tx � 1N2tx!, where �2eh1;o is �2eh1in the absen
e of noise.The same development 
an be done for the upper bound. The steady-stateof the upper bound is 
onsidered to be valid under the both 
onditionsi >> L
oh and L� i >> L
oh.The upper and lower bounds of I(i) are then1NtxCU0BB�� 1� �1fh2�2h1 +N2tx��1fh2�2h 1CCA � I(i) � 1NtxCU0BB�� 1� �2fh1;m�2h1 +N2tx��2fh1;m�2h 1CCA ; (6.36)where �2eh1;m = [R 1=2�1=2 dfS(f)+ �2vNtx�2x ℄�1� �2vNtx�2x is the in�nite horizon mean squareinterpolation error varian
e of Hlp.Under the 
onstraint of unitary input distribution, the 
apa
ity equals theaverage MI. For large T this average MI satis�esI1avg = limT!1 Iavg(T )= limL!1 1LNtx LXi=1 I(i)= 1Ntx lim(i;L�i)!1 I(i) ; (6.37)Hen
e it is bounded byCU0BB�� 1� �1fh2�2h1 +N2tx��1fh2�2h 1CCA � I1avg � CU0BB�� 1� �2fh1;m�2h1 +N2tx��2fh1;m�2h 1CCA : (6.38)



130 Chapter 6 Mutual Information without CSI at RxThe distan
e of the 
apa
ity w.r.t. the upper bound (resp. lower bound),depends on how mu
h signi�
ant is the information on the 
hannel providedby the blind part of the signal ( i.e., the non de
oded signal at time (i):YLi+1).

log10(�)e�e
tive �Losslog10(�max)
log10(�eff)

Figure 6.1: E�e
tive SNR for time sele
tive 
hannelFig 6.1 and 6.2 show the behavior of the e�e
tive SNR and the 
apa
ityas fun
tions of the input SNR. We 
an see that the la
k of CSI at Rx resultsin a proportional loss for medium SNR and a saturation for high SNR range.This behavior is valid for relatively small N2tx�2fh1;o�2h (otherwise the mediumSNR part of �g. 6.2 disappears).6.4.2 General CaseWe will now give upper and lower bounds on the a
hievable ergodi
 
apa
ity.The inputs Xi are i.i.d. with un
onstrained distribution. We assume thesame 
hannel model as in the previous subse
tion, then E (eh(i)eh(i)H) =[s(0)INtx�(r(i)s H
INtx)XDi�1H(�2vI+XDi�1R(i)s Xi�1H)�1XDi�1(r(i)s 
INtx)℄
INrx= Cov(i)eh 
 INrx. This shows that the rows of eH(i) are i.i.d. with 
ovarian
eCov(i)eh .



6.4 Capa
ity Behavior and Bounds for Time Sele
tive Channel 131Perfe
t 
hannel Knowledge at RX

log10(�)


apa
ity(bit/s/Hz)Cmax Loss
Time sele
tive 
hannel

Figure 6.2: Capa
ity behavior of time sele
tive 
hannelWe de�ne �2eh(i) = 1Ntx trfCov(i)eh g, as in subse
tion 6.3.1. A lower bound toI(Yi;Xijbh(i)) is given byI(Yi;Xijbh(i)) � Ntx E ln det(I + �2x(�2h��2fh(i) )�2v+Ntx�2x�2fh(i)H(i)H(i)H)= C(i)LB : (6.39)In appendix 6.A, it is shown that an upper bound to I(Yi;XijXi;Yi) =I(Yi;Xijbh(i)m ) isI(Yi;Xijbh(i)m ) � Ntx E ln det(I + �2x(�2h��2fh(i);m)�2v+Ntx�2x�2fh(i);mH(i)mH(i)Hm )�Nrx E ln det(XHi Cov(i)fh;mXi+�2vINtx�2v+Ntx�2x�2fh(i);m ) = C(i)UB ; (6.40)



132 Chapter 6 Mutual Information without CSI at Rxand in appendix 6.B, we show that0 � �E ln det(XHi Cov(i)fh;mXi+�2vINtx�2v+Ntx�2x�2fh(i);m ) � �E ln det(XHi Cov(i)fh;mXiNtx�2x�2fh(i);m ).This additional term behaves like a measure of the deviation of the distribu-tion of Xi w.r.t. the unitary matri
es manifold. In fa
t, for Xi unitary thisquantity is zero. Another observation is that the white Gaussian noise 
aseis the worse one: it is then natural that the additional term in the upperbound is positive.Summarizing, we have shown thatC(i)LB � I(i) � C(i)UB : (6.41)For large SNR (>> �2hNtx�1fh2 ) the distribution of bH(i) (resp. bH(i);m) is inde-pendent of the index i and Cov(i)eh = �2eh1;oINtx,E(bh(i)bh(i)H) = (�2h � �2eh1;o)INtxNrx(resp. Cov(i)eh;m = �2eh1;o;mINtx, E(bh(i)m bh(i)Hm ) = (�2h � �2eh1;o;m)INtxNrx ).6.5 Correlated MIMO Channel ModelIn order to improve 
hannel estimation and redu
e 
apa
ity loss, it is advan-tageous to exploit the 
orrelations in the 
hannel, if present. So 
onsider thefrequen
y-
at MIMO 
hannel: H (Nrx � Ntx); h = ve
(H). The 
orrelated
hannel model we suggest is h = Uh s ; (6.42)where the elements of s are taken to be i.i.d. Gaussian for a sto
hasti
 model,and the 
orrelations are 
aptured by Uh.This model applies for 
hannel models we have used in the previous 
hap-ters:Separable spatial 
orrelation modelH = R1=2r W RH=2t ) Uh = RH=2t 
 R1=2r and s = ve
(W).



6.6 Observations 133Path-wise 
hannel modelH = Xi si ai bHi ) Uh = [b�1 
 a1; b�2 
 a2; � � � ℄ :The model h = Uh s is straightforwardly extendible to the non-zerodelay-spread 
ase.6.6 ObservationsTo approa
h 
apa
ity, 
hannel estimation should exploit prior information onthe 
hannel plus data (de
ision) aided information and blind information. Infa
t, the symbol-wise de
omposition of MI involves, for ea
h symbol positionin a burst, a 
hannel estimate that is based on: prior 
hannel distributioninformation, training and dete
ted inputs up to that symbol position, andblind information in the remaining 
hannel outputs.The MI de
omposition 
an be extended to 
hannels with physi
al delayspread, or arti�
ial delay introdu
ed by pre
oding (STS of Part I). In this
ases it suggests the use of 
onventional MIMO DFE Rx like the one proposedin 
hapter 3. Su
h a Rx have to be 
oupled with symbol-wise semi-blind 
han-nel estimator.Estimation methods that 
ombine the training and blind information are
alled semi-blind. In the next 
hapter we propose a new family of semi-blindmethods that model the undete
ted symbols as Gaussian, in whi
h the blindinformation is 
alled Gaussian information.For the blo
k fading model, in order to have asymptoti
ally (in burstlength) negligible 
apa
ity loss (w.r.t. to perfe
t CSI at Rx 
ase), enoughtraining symbols are required to have identi�ability of the parameters that
annot be identi�ed blindly. In general, blind information improves identi�-ability and redu
es training data requirements.The re
ursive MI de
omposition may suggest a pra
ti
al approa
h for 
han-nel estimation. However, simpler pra
ti
al approa
hes would pass throughthe bursts iteratively. In the �rst iteration the semi-blind 
hannel estima-tion uses the undete
ted symbols as blind information, whereas in the nextiterations it is the soft de
ision on that data that are used as blind informa-tion. This 
an be realized by 
oupling an iterative Rx like the one studiedin 
hapter 4 with a 
hannel estimator.



134 Chapter 6 Mutual Information without CSI at RxThese results extend to the time sele
tive 
hannel model 
ase. In thesteady-state, 
hannel estimation should be based on the semi-in�nite pastdete
ted symbols, and semi-in�nite future blind information.The exploitation of prior 
hannel information 
hannel, for example 
han-nel 
orrelations, redu
es the (e�e
tive) number of degrees of freedom in the
hannel: the training requirements is then redu
ed. Hen
e, 
hannel withi.i.d. entries, while optimal from an outage 
apa
ity point of view (highestdiversity gain), is the worst 
ase from the 
hannel estimation point of view.Prior 
hannel information (and Uh in the 
hannel model) gets estimated by
onsidering the data in multiple bursts jointly, assuming the parameters areinvariant a
ross a large set of bursts.Finally, the proposed 
hannel model is useful for the introdu
tion of partialCSI at the Tx (see 
hapter 5). Indeed, if the transmitter 
an know the 
han-nel 
orrelations summarized in Uh in h = Uh s and only la
ks knowledge ofthe fast fading parameters s, the 
hannel 
apa
ity is 
loser to that of perfe
tCSI.6.7 Con
lusionThe study of the MI of a burst transmission over fading 
hannels, with noCSI at Rx and Tx, suggests sequential dete
tion of symbols or blo
ks in the
ase when STC s
heme is used. At a given symbol (blo
k), the 
hannel isre-estimated based on TS, past dete
ted and future non-dete
ted symbols.The a
tual symbol is dete
ted and in
luded in the data aided part (TS plusdete
ted symbols) to be used in next the iterations for 
hannel estimation.For a blo
k fading model, where the 
hannel is 
onstant over the burst du-ration, this way of pro
essing ensures that the MI attains the 
apa
ity withperfe
t CSI at Rx for large burst lengths.However, in the 
ase of time sele
tive model, where the 
hannel is 
ontinu-ously varying, the 
apa
ity saturates for high SNR. Bounds on the 
apa
ityin this 
ase are given in term of the predi
tion/smoothing estimation errorvarian
e of the 
hannel.The estimation suggested by the MI de
omposition 
ombines the data aidedinformation and the blind information. Su
h semi-blind methods are pro-posed in the next 
hapter.



6.A Appendix A 135APPENDIX6.A Appendix AWe would like to �nd an upper bound toI(Yi;Xijbh(i)m ) = h(Yijbh(i)m )� h(YijXi; bh(i)m ) ; (6.43)where Yi = bH(i)m Xi + eV(m)i .The entropy h(Yijbh(i)m ) is maximized for white Gaussian Xi and eV(m)i , thenh(Yijbh(i)m ) � Ntx E ln det �e�(Ntx�2x�2eh(i);m + �2v)INrx + �2x bH(i)m bH(i)Hm �= Ntx E ln det(INrx + �2x(�2h��2fh(i);m)�2v+Ntx�2x�2fh(i);mH(i)mH(i)Hm )+NrxNtx ln(Ntx�2x�2eh(i);m + �2v) ; (6.44)where H(i)m = 
H(i)ms�2h��2fh(i);m .The entropy h(YijXi; bh(i)m ) equals h(eV(m)i jXi; bh(i)m ) with eV(m)i = eH(i)m Xi+Vi.Sin
e (eV(m)i jXi; bh(i)m ) has a Gaussian distribution, we 
an writeh(YijXi; bh(i)m ) = h(eH(i)m Xi +VijXi; bh(i)m )= Nrx E ln det(XHi Cov(i)eh;mXi + �2vINtx) ; (6.45)Finally we haveI(Yi;Xijbh(i)m ) � Ntx E ln det(I + �2x(�2h��2fh(i);m)�2v+Ntx�2x�2fh(i);mH(i)mH(i)Hm )�Nrx E ln det(XHi Cov(i)fh;mXi+�2vINtx�2v+Ntx�2x�2fh(i);m ) : (6.46)



136 Chapter 6 Mutual Information without CSI at Rx6.B Appendix BIn this appendix we seek to show that0 � �E ln det(XHi Cov(i)fh;mXi+�2vINtx�2v+Ntx�2x�2fh(i);m ) � �E ln det(XHi Cov(i)fh;mXiNtx�2x�2fh(i);m ).We �rst noti
e that the fun
tionf(�2x�2eh(i);m) = EXi ln det0BBBBB�Ntx�2x�2fh(i);m Cov(i)fh;m�2fh(i);m XiXHiNtx�2x +�2vINtx�2v+Ntx�2x�2fh(i);m 1CCCCCA is a de
reasingone.The quantities XXi = XiXHiNtx�2x and Cov(i)eh;m = Cov(i)fh;m�2fh(i);m are normalized andindependent of �2x�2eh(i);m, then�f(�2x�2fh(i);m)��2x�2fh(i);m = Ntx�2v�2fh(i);m(Ntx�2x�2fh(i);m+�2v)� �2v�2fh(i);mEXitrf[Ntx�2x�2eh(i);mCov(i)eh;mXXi + �2vINtx℄�1g� Ntx�2v�2fh(i);m(Ntx�2x�2fh(i);m+�2v)� �2v�2fh(i);m trf[�2x�2eh(i);mCov(i)eh;mEXiXXi + �2vINtx℄�1g� Ntx�2v�2fh(i);m(Ntx�2x�2fh(i);m+�2v)� �2v�2fh(i);m NtxtrfNtx�2x�2fh(i);mCov(i)fh;mEXiXXi+�2vINtxg= 0: (6.47)The se
ond equality 
an be shown by writing the eigenve
tor de
omposi-tion of (Ntx�2x�2eh(i);mCov(i)eh;mXXi + �2vINtx) and exploiting the 
on
avity ofg(x) = �x�1. The third inequality also exploit the 
on
avity of g(x) = �x�1to show that �trM�1 is upper bounded by �Ntx(trM)�1 for any hermitianpositive de�nite Ntx �Ntx matrix M .



6.B Appendix B 137We have shown that f(�2x�2eh(i);m) is a de
reasing fun
tion over [0;1),whi
h allows us to writef(1) = ln det(Cov(i)eh;m) + EXi ln det(XXi) � f(�2x�2eh(i);m) � f(0) = 0 :(6.48)This shows that0 � �E ln det(XHi Cov(i)eh;mXi + �2vINtx�2v +Ntx�2x�2eh(i);m ) � �E ln det(XHi Cov(i)eh;mXiNtx�2x�2eh(i);m ):(6.49)
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Chapter 7
Semi-Blind Estimation forMIMO Channels
As we have seen in the previous 
hapter, the mutual information analysissuggests the use of semi-blind te
hniques for the 
hannel estimation. In fa
t,the high number of 
oeÆ
ients in the MIMO 
hannel response (number of Txantennas times number of Rx antennas times delay spread) allows to a
hievehigh diversity and to improve the outage 
apa
ity. But, at the same time, itrepresents a 
hallenge for 
hannel estimation as it imposes the use of a longertraining sequen
e (TS) leading to a rate loss. In this 
hapter, we augmentthe TS arti�
ially by in
luding the blind part (unknown symbols) informationand the non pure training information. This allows to redu
e the TS lengthneeded for 
hannel estimation and hen
e to save rate. We use semi-blindapproa
hes that exploit both training and blind information. Though thesete
hniques present a larger 
omplexity than that of training base te
hniques,their 
omplexity remains however very reasonable. For the 
at 
hannel 
ase,the te
hnique we present a
hieves the Cram�er-Rao Bound. In the frequen
y-sele
tive 
hannel 
ase, we use a quadrati
 semi-blind 
riterion that 
ombinesa training-based least-squares 
riterion with a blind 
riterion based on linearpredi
tion. 139



140 Chapter 7 Semi-Blind Estimation for MIMO Channels7.1 Introdu
tionThe formidable 
apa
ity in
rease realizable with the multi-antenna systemshas been shown [2, 81℄ to be proportional to the minimum of the antennaarray dimensions for 
hannel with i.i.d. fading entries. At least, this is the
ase when the re
eiver has perfe
t CSI. This 
ondition is fairly straightfor-ward to approa
h in SISO systems by inserting pilot/training data in thetransmission, with a

eptable 
apa
ity de
rease [77℄. For MIMO systems oflarge dimensions, the training overhead for good 
hannel estimation qualitybe
omes far from negligible, espe
ially for higher Doppler speeds su
h as inmobile 
ommuni
ations. The e�e
t of 
hannel estimation errors on the MIhas been analyzed in [78, 79℄. In order to redu
e this degradation due to pureTS estimation, semi-blind approa
h have to be used. In fa
t, in the previous
hapter, we have seen that semi-blind 
hannel estimation is suggested by theMI de
omposition. Using su
h an approa
h 
oupled with a DFE pro
essingat the Rx, allows to a
hieve high performan
es and redu
es the 
apa
ity loss.Most of semi-blind te
hniques exploit the existen
e of signal and noisesubspa
es when Nrx > Ntx. In fa
t, the presen
e of these subspa
es has ledto the development of a large number of blind 
hannel estimation te
hniquesover the last de
ade[85, 86, 87, 88℄. Some of these te
hniques are relativelysimple due to the modeling of the unknown input symbols as either determin-isti
 unknowns of un
orrelated random variables, other are more 
omplex andexploit the �nite alphabet nature. The un
orrelated 
ase is also 
alled theGaussian 
ase be
ause (only) se
ond-order statisti
s are exploited. However,most of these blind te
hniques are not robust in the sense that they often re-quire a pre
ise knowledge of the 
hannel length(s). Moreover, if transmissionzeros 
an be handled, they are required to be minimum-phase. Furthermore,the blind te
hniques leave 
hannel ambiguities, whi
h 
an range from a sim-ple s
alar ambiguity fa
tor for SIMO 
hannels or 
ertain MIMO 
hannels, toinstantaneous or even 
onvolutive mixtures of the sour
es for other MIMO
hannels. On the other hand, all 
urrent standardized 
ommuni
ation sys-tems employ some form of known inputs to allow 
hannel estimation. The
hannel estimation performan
e in those 
ases 
an always be improved by asemi-blind approa
h whi
h exploits both training and blind information. Thetraining information allows to resolve the blind ambiguities and robusti�esthe 
hannel estimates. The purpose of this 
hapter is to introdu
e semi-blind te
hniques whose 
omplexity is not immensely mu
h higher than thatof training based te
hniques.



7.2 MIMO Flat Channel 141In the 
ase of SIMO 
hannels, [85℄ introdu
es a simple semi-blind te
h-nique, whose blind 
riterion is based on the Sub
hannel Response Mat
hing(SRM) method. The SRM method is also known as the Cross-Relation (CR)method. In the SRM approa
h, we use a simple parameterization of thenoise subspa
e that is linear in the 
hannel parameters. A blind 
riterion isthen obtained by expressing orthogonality between this parameterized noisesubspa
e and the data. For use in a semi-blind approa
h, the data 
ovari-an
e matri
 should be denoised. This leads to a simple quadrati
 semi-blind
riterion. However, a linear parameterization of the noise subspa
e in termsof the 
hannel parameters exists only in the SIMO 
ase [89℄.The present 
hapter is stru
tured in two parts. The �rst one deals withthe 
at 
hannel 
ase. It begins by an analysis of the ML estimator, theFis
her information matrix and the asymptoti
 behavior of the Cram�er-Raobound (CRB) for large blind part length. Inspired by the CRB analysis, wepropose the Gaussian Semi-Blind (GSB) approa
h and detail its 
hara
teris-ti
. In the end of this part we introdu
e the Deterministi
 Semi-Blind (DSB)approa
h.The se
ond part of this 
hapter 
onsiders the frequen
y sele
tive 
hannel 
ase.To exploit the blind information in this 
ase we use a parameterization ofthe 
hannel based on the MIMO linear predi
tor. We introdu
e some linearpredi
tion basis, in parti
ular the estimation of the MIMO linear predi
tor.We show then how to use this quantity to derive quadrati
 
riteria for theGSB and DSB approa
hes. Identi�ability 
onditions of these methods arealso derived and an augmented TS part te
hnique proposed. We end this
hapter by presenting some numeri
al examples.Results presented in this 
hapter were published in [90, 91℄.7.2 MIMO Flat ChannelIn this 
ase, the dis
rete time re
eived signal isyk = Hxk + vk ; (7.1)where xk � CN(0; �2xINtx) and vk � CN(0; �2vINrx). The re
eived signal frame
ontains two parts:- Training Sequen
e of NTS pilot symbol ve
tors. The training re
eivedsignal follows a non-zero mean Gaussian distribution:yTSk =H � CN(HxTSk ; �2vINrx).



142 Chapter 7 Semi-Blind Estimation for MIMO Channels- Blind part of NB data symbol ve
tors. These follow a zero mean Gaus-sian distribution: yk=H � CN(0; �2v INrx + �2xHHH).In the following, we assume the noise power �2v to be known by the re
eiver.We analyze the ML estimator, the Fis
her informationmatrix and the asymp-toti
 behavior of CRB for large blind part length. We then propose the GSBand DSB approa
hes.7.2.1 Maximum Likelihood Channel EstimatorThe ML 
hannel estimator maximizes the log likelihood probability (LL) ofthe total re
eived signal bHML , argmaxH LL(H); (7.2)with LL(H) , ln p(Y=H)= 
nst:� �2v�1 NTSXk=1(yTSk �HxTSk )H (yTSk �HxTSk )� NBXk=1 yHk (�2vINrx + �2xHHH)�1yk� NB ln det(�2vINrx + �2xHHH)= 
nst:+ ��2v�1trf(YTS �HXTS)H (YTS �HXTS)g| {z }LLTS(H)+ �NBtrfR�1(H)R̂g �NB ln detR(H)| {z }LLB(H) ;
(7.3)

where YTS = �yTS1 : : :yTSNTS�, R̂ = 1NB NBXk=1 ykyHk andR(H) = �2vINrx + �2xHHH . The LLTS(H) and LLB(H) terms are the loglikelihood of the blind and the training parts, respe
tively. 
nst: denotes
onstant s
alar.



7.2 MIMO Flat Channel 1437.2.2 Information Matrix IssuesLet the singular value de
omposition (SVD) of the 
hannel be:H = UDQ =WQ (7.4)where U(resp. Q) is a Nrx � minfNrx; Ntxg (resp. minfNrx; Ntxg � Ntx)unitary matrix, i.e UHU = I (resp. QQH = I). Let W = W(�) andQ = Q(�) be two bije
tive real parameterizations: H = H(�; �). The blindpart 
ontains no information on Q. The Fis
her information matrix is thenJ(H) = �EY ��h �� ln p(Y=H)�h �T= JB(H) + JTS(H)= M1 JB(�)MT1 + JTS(H) ; (7.5)where M1 = � �T� h = �wT� h � �T�w = (M(QH)
 INrx) � ��w ; (7.6)h = [<(ve
(H))T =(ve
(H))T ℄T ; (7.7)w = [<(ve
(W))T =(ve
(W))T ℄T ; (7.8)and M(M) = � <(M) �=(M)=(M) <(M) � ; (7.9)for any matrix M.EY(f) denotes the expe
tation of f w.r.t. Y. JB(H) and JTS(H) are theFis
her information matri
es of the blind and the training parts. JTS(H) 
anbe evaluated easily asJTS(H) = 2�2vM�XTSXTSH�
 INrx : (7.10)The MSE error of any unbiased 
hannel estimate satis�esEjj ~Hjj2 � EH CRB = trEHJ�1(H) ; (7.11)where CRB = tr (J�1(H)) is the Cram�er-Rao Bound on the estimate of the
hannel for a given 
hannel realization. We use EH to average over a possi-ble statisti
al distribution of the 
hannel.



144 Chapter 7 Semi-Blind Estimation for MIMO ChannelsFor the design of the TS, the following theorem gives a useful result:Theorem 1 : For statisti
al 
hannelH =WQ withQ uniformly distributedover the Grassmann manifold, the minimum of EH CRB is a
hieved by awhite training sequen
e: XTSXTSH / I.Proof : see appendix 7.A.Asymptoti
 Behavior If �XTSXTSH��1 exists (persistently ex
itingtraining sequen
e), and NB >> �NTS, then the Cram�er-Rao Bound sat-is�esEH CRB = tr EH �J�1TS(H) P?J� 12TS (H)M1�+O( 1NB ) ; (7.12)where O( 1NB ) denotes a quantity of the order of 1NB . The CRB is dominatedby the part of the 
hannel resulting from the proje
tion on the orthogonal
omplement of J� 12TS (H)M1. This 
orresponds to the 
hannel part that 
annotbe identi�ed blindly, and hen
e gets identi�ed only by the training.Semi-Blind Method In view of the above results, we propose the follow-ing method:1- Estimate U and D from the Blind Part:ÛD̂ = Ŵ = argmaxW LLB(W)2- Estimate Q from the Training Sequen
e Part:Q̂ = argmaxQ LLTS(Q=W = Ŵ)3- Form bH = Ŵ Q̂.This method is further des
ribed in the following se
tion.7.2.3 Gaussian Semi-Blind Approa
hThe approa
h just des
ribed above belongs to the Gaussian 
ategory be
ausethe blind information it exploits involves symbol's se
ond-order statisti
s. Itis also semi-blind sin
e blind and training based parts get 
ombined.



7.2 MIMO Flat Channel 145Blind Part Solution We write the eigenve
tor de
ompositions of the trueand the estimated 
ovarian
e matri
es of the signal asR = U (�2vIminfNtx;Nrxg + �2xD2)UH + �2vU?U?HR̂ = UeSeUHe ; (7.13)where the subs
ript e denotes sample estimates, and U? provides an or-thonormal basis for the orthogonal 
omplement of U.The blind LL part, up to a 
onstant, is thenLLB(H) = �NBtrfR�1R̂g �NB ln det(�2vI+ �2xD2) : (7.14)Theorem 2: The solution of the blind part is:� Û 
orresponds to the minfNtx; Nrxg dominant eigenve
tors in Ue� D̂mat
hes the minfNtx; Nrxg dominant eigenvalues of 1�x (bSe � �2vINrx
+)1=2� Ŵ = ÛD̂where b:
+ denotes the positive semi-de�nite part of its Hermitian argument.Proof : see appendix 7.B.Training Part Solution Given the Ŵ estimate, the TS LL part (up toa 
onstant) be
omes�2v LLTS(Q=W = Ŵ) = �trf(YTS � ŴQXTS)H (YTS � ŴQXTS)g= 2< trfXTSYTSHŴQg � tr(ŴHŴQXTSXTSHQH) :(7.15)Due to the quadrati
 
onstraint (QQH = I), the solution is non trivialin general. However, for optimal training XTSXTSH = �TS I; �TS > 0,ŴHŴQXTSXTSHQH = �TSŴHŴ, and the TS LL part is then (up to a
onstant) LLTS(Q=W = Ŵ) = 2 ��2v < trfXTSYTSHŴQg : (7.16)Theorem 3 : For white training sequen
e, XTSXTSH / I, the solution forthe training part is Q̂ = VSH ; (7.17)
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tors of the SVD ofXTSYTSHŴ = S � VH .Proof : The maximization of (7.16) 
orresponds to a subspa
e rotation prob-lem that is solved in [90, 92℄.7.2.4 Deterministi
 Semi-Blind Approa
hIn this subse
tion, we do not exploit the 
orrelations of the inputs. We onlyexploit the subspa
e. The use of this approa
h is restri
ted to the 
ase whena noise subspa
e of the spatial 
ovarian
e matrix exists, i.e. Nrx > Ntx. Theblind information expresses then the orthogonality of the 
hannel to the noisesubspa
e: U?;HH = 0. Using a weighted least squares approa
h we 
ombinethe blind and training parts in a quadrati
 
riterionminH ���2v jjYTS �HXTSjj2F + NBjjÛ?HHH jj2F� : (7.18)This 
an be seen as a spe
ial 
ase of the approa
h detailed in subse
tion 7.3.2,for 
at 
hannel.7.3 MIMO Frequen
y Sele
tive ChannelWe generalize our 
hannel model given in se
tion 1.1 to the 
ase wherethe SIMO sub
hannels from the di�erent sour
es (antennas) have di�erentlengths. The (ve
tor) impulse response from sour
e n has length Nn, and the�rst non-zero ve
tor impulse response sample o

urs at dis
rete time zero.Without loss of generality, we 
onsider that L = N1 � N2 � � � � � NNtx. LetN =PNtxn=1Nn. The Rx signal 
an then be represented asyk = L�1Xl=0 Hl xk�l + vkyk = NtxXn=1 Nn�1Xl=0 hn(l)xn(k�l) + vk= NtxXn=1Hn;NnAn;Nn(k) + vk= HNXN (k) + vk ; (7.19)
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y Sele
tive Channel 147with Hn;Nn = [hn(0) � � �hn(Nn�1)℄ ;HN = �H1;N1 � � �HNtx;NNtx� ; andXn;Nn(k) = [xn(k) � � �xn(k�Nn+1)℄T ;XN(k) = hX1;N1T (k) � � �XNtx;NNtxT (k)iT:(7.20)In the 
ase of frequen
y sele
tive 
hannel the TS and Blind parts interfere,the training and blind LL parts are hen
e no longer separable. To 
ontinue toexpress the LL separately, we assume the use of a 
y
li
 pre�x and negle
tthe e�e
t of the interferen
e with the training signal when evaluating theblind LL. This is 
orre
t asymptoti
ally in the length of the blind part NBfor NB >> max(NTS; L), and leads, up to a 
onstant, toLLB(H) = � NB�1Xk=0 [yH(fk)(�2vINrx + �2xH(fk)HH(fk))�1y(fk)+ lndet(�2vINrx + �2xH(fk)HH(fk))℄= � NB�1Xk=0 [tr(R�1(fk)y(fk)yH(fk)) + ln detR�1(fk)℄= � NB�1Xk=0 [tr(R�1(fk)R̂(fk)) + lndetR�1(fk)℄ ; (7.21)
where y(fk) andH(fk) are the DFT of the sequen
e yi andHi at the normal-ized frequen
y fk = kNB , and R̂(fk) = y(fk)yH(fk) is a highly noisy estimateof R(fk).The maximization of LLB(H) leads to 
ovarian
e mat
hing. The problemis then how to do 
ovarian
e mat
hing of R̂(fk) with a

eptable 
omplexity.First, in order to take advantage of the a priori knowledge of the �nite 
han-nel length (only R(k); k = �L + 1;�L + 2; : : : ; L � 2; L � 1 are nonzero,where R(k) sequen
e is the inverse DFT of R(fk)), 
ovarian
e mat
hing isdone in the time domain: this should allow to redu
e the 
omplexity.In order to be able to do the 
ovarian
e mat
hing, we have to use an appro-priate parameterization of the 
hannel to 
hara
terize the 
hannel from the
orrelation sequen
e R̂(k).PK(z) = I+ K�1Xi=1 Piz�i is a predi
tor for the 
hannel H(z) if PK(z)H(z) =H0. For Nrx � Ntx the 
hannel predi
tor generi
ally exists and is FIR forNrx > Ntx. This 
onstitutes an appropriate parameterization of the 
hannelH(z) = P�1(z)UDQ = P�1(z)WQ : (7.22)



148 Chapter 7 Semi-Blind Estimation for MIMO ChannelsFor Nrx > Ntx and K � l L�NtxNrx�Ntxm the predi
tor 
an be evaluated fromR̂(k); k = 0; : : : ; K � 1. This �xes the 
hannel up to a unitary matrix Q:Ĥ(z) = P̂�1K (z)ŴQ (R(z)� �2v I = P�1K (z)WWHP�yK (z)).However, unlike in the 
at 
hannel 
ase, there is no trivial method to estimateQ by ML.By redu
ing the exploitation of P(z)H(z) = H0 orP(q)Hk = H0 Æk0 to W?;HH0 = 0 and P(q)Hk = 0; k > 0, and 
ombiningit with the training part in a weighted least squares approa
h, then the resultis a simple quadrati
 
riterion.In the following we will start by introdu
ing some notions on MIMO linearpredi
tion, in parti
ular how to estimate the predi
tor from the blind re
eivedsignal. We then present the GSB and DSB approa
hes and study thereidenti�ability 
onditions. In the end of this se
tion we present the AugmentedTS approa
hes, that exploit the re
eived signal 
ontaining the mixture of theTS and the blind part.7.3.1 MIMO Linear Predi
tionThe use of linear predi
tion quantities has �rst been proposed in [86℄ for aSIMO 
ontext. However linear predi
tion is appli
able equally well to boththe SIMO and MIMO 
ases as long as Nrx > Ntx [87℄. Two favours 
anbe obtained, depending on whether the transmitted symbols are modeled asdeterministi
 unknowns or as un
orrelated random sequen
es (in the deter-ministi
 
ase, for the purpose of linear predi
tion, some 
onsiderations aremore straightforward if the symbols are 
onsidered as stationary sequen
eswith unknown 
orrelation).Consider the problem of predi
ting yk from YLp(k � 1) = [yTk�1 � � �yTk�Lp℄T ,for noiseless re
eived signal (Lp is the predi
tion depth). The predi
tion error
an be written aseykjYLp (k�1) = yk� bykjYLp(k�1) = PLpYLp+1(k) ; (7.23)with PLp = [P Lp;0 P Lp;1 � � �P Lp;Lp℄ ; P Lp;0 = INrx. Minimizing the predi
-tion error varian
e leads to the following optimisation problemminPLp PLpRY YPHLp = �2ey;Lp : (7.24)
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y Sele
tive Channel 149Hen
e PLpRY Y = h�2ey;Lp 0 � � �0i : (7.25)Let L = l N�NtxNrx�Ntxm.L+1 
orresponds to the minimum size for RY Y to be full 
olumn rank. Thisis the generalization of the 
ondition in [93℄ for SIMO 
ase, we don't providea demonstration but simulations 
on�rm this 
hoi
e for random frequen
ysele
tive 
hannels with Gaussian i.i.d. 
omponents.The rank pro�le of �2~y;Lp behaves as a fun
tion of Lp generi
ally (for anirredu
ible and 
olumn redu
ed MIMO 
hannel) likerank��2ey;Lp�8<: = Ntx ; Lp � L= Nrx�m 2 fNtx+1; ::; Nrxg ; Lp = L�1= Nrx ; Lp < L�1 ; (7.26)where m = L(Nrx�Ntx)�N +Ntx 2 f0; 1; : : : ; Nrx�1�Ntxg represents thedegree of singularity of RY Y;L.For Lp � L, eykjYLp (k�1) = H0xk and �2ey;Lp = �2xH0HH0 = �2xWWH . Forsu
h Lp, let Ui be the eigenve
tors of �2ey;Lp in order of de
reasing eigen-value. Then U1:Ntx = [U1 � � �UNtx℄ has the same 
olumn spa
e as H0 andP(z) = UHNtx+1:NrxP(z) satis�es P(z)H(z) = 0 (P(z) represents a parame-terization of the noise subspa
e). Note that P(z) 
hanges if the symbols are
orrelated (hen
e P(z) 
ontains information about the symbol 
orrelation)whereas P(z) is insensitive to su
h 
orrelation. To obtain the noise-free pre-di
tion quantities, we need to denoise an estimated 
ovarian
e matrix viabRdY Y = bRY Y � b�2v I (partial denoising) orbRdY Y = b bRY Y � b�2v I
+ (full denoising). In the 
ase of partial denoising, weused a generalized version (to 
ovarian
e windowing) of the MIMO Levinsonalgorithm, whi
h applies in the nonsingular inde�nite 
ase. Singular 
ompo-nents appear then as negative semi-de�nite. In the 
ase of full denoising, wedetermine the predi
tion quantities dire
tly from the normal equations, witha generalized inverse R# = V D#V H where R = V DV H is the eigenve
torde
omposition of R andD# is the Moore-Penrose inverse of the singular diag-onal matrix D. As in [94℄, the 
olumns in V 
orresponding to zeros in D aretaken to be all zero, ex
ept for a unit diagonal element. In both approa
hes,the overestimation of Lp leads to 
onsistent estimate in SNR of P(z), whereasfor P(z) we only have 
onsisten
y in amount MB of (blind) data samplesy(k). The noiseless un
orrelated symbols 
ase with �nite amount of data is
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olored symbols 
ase. Note that the partial and full denoisingapproa
hes 
orrespond to resp. the �rst and se
ond subspa
e estimates in[95℄. Let hi = [hTi (0) � � �hTi (Ni�1)℄T = Hi;Ni tT where t denotes transpositionof the blo
k entries, and h = HtTN . Then a stret
h of Rx signal Y 
an bewritten as YM = TM(h)X+VM = Xh +VM ; (7.27)where TM(h) = [TM(H1;N1) � � �TM(HNtx;NNtx )℄ and TM(H) denotes a blo
ktoeplitz 
onvolution matrix with M blo
k rows and [H 0 � � � 0℄ as �rst blo
krow. X is a stru
tured matrix 
ontaining the multi-sour
e symbols. Let NTSdenote the number of training sequen
e (TS) symbols per sour
e, 
onsideredequal for all sour
es for most of what follows.7.3.2 Deterministi
 Semi-Blind Approa
hIn the semi-blind approa
hes, we shall seek a 
hannel estimate bh with possiblyoverestimated 
hannel lengths bNi � Ni and we shall assume that bN1 remainsthe largest bNi. In the deterministi
 symbols setting, we shall work with P.P(z) bhi(z) = 0 
an be written in the time domain as TTbNi(Pt) bhi = 0. LetB = NtxMi=1 TTbNi(Pt). We 
an now formulate a semi-blind 
riterion asminbh �


YTS � XTS bh


2 + � 


B bh


2� ; (7.28)where � is a weighting fa
tor, and YTS: (NTS � bN1 + 1) � 1 is the portionof Rx signal 
ontaining only training symbols. A more optimal approa
hintrodu
es weighting involving the 
ovarian
e matrix C of Bh due to theestimation errors in P and leads tominbh �


YTS � XTS bh


2 + �2v bhHBH C#B bh� ; (7.29)where a possible pseudo-inverse 
an be avoided by using an in�nitisemalamount of regularization. Inspired by an approximate expression for C givenin [87℄, we have taken �2v C# = MB I so that (7.29) redu
es to (7.28) with� = MB.With overestimated 
hannel lengths, deterministi
 blind identi�
ationleads to an estimate bbH(z) = H(z)S(z) where S(z): Ntx �Ntx is also 
ausal
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y Sele
tive Channel 151and polynomial, and the length(number of unknown 
oeÆ
ients of the poly-nome) of Sin(z) 
an be shown to be ( bNi�Nn+1)+ where (x)+ = maxfx; 0g.Note that this is a generalization of a result in [88℄ where bNi = Ni.Identi�ability 
onditions :The 
hannel is identi�able by the DSB approa
h i� (7.29) has a unique solu-tion, or equivalently i� the Hessian J = XHTSXTS + �2v BH C#B is invertible.The fa
t that the deterministi
 blind part identi�es the 
hannel up to theS(z) fa
tor is equivalent to that the null spa
e of BH C#B is generated byE = [Z( bN1�N1+1)+(h11)Z( bN2�N1+1)+(h21) : : :Z( bNNtx�N1+1)+(hNtx1 )Z( bN1�N2+1)+(h12)Z( bN2�N2+1)+(h22) : : :Z( bNNtx�NNtx+1)+(hNtxNtx)℄,where ZM(g) is a blo
k toeplitz 
onvolution matrix with M 
olumns and gas �rst 
olumn, andhki = [0(NrxPk�1n=1 bNn)�1hTi 0Nrx( bNk�Ni)�10(NrxPNtxn=k+1 bNn)�1℄T .J is the sum of two positive hermitian matri
es XHTSXTS and �2v BH C#B.Then J is invertible i� XHTSXTS restri
ted on the null spa
e of BH C#Bis invertible. This last 
ondition is equivalent to saying that EHXHTSXTSEis invertible or equivently XTSE is full 
olumn rank. We 
an show thatXTSE = [F1 : : :FNtx℄ and Fi = TNTS� bN1+1(Hi;Ni)Xi, where we assume thatbN1 = maxi bNi and Xi is a (NTS � bN1+Ni)� (NtxXn=1( bNn�Ni+1)+) stru
turedmatrix 
ontaining the multi-sour
e symbols.For XTSE to be full 
olumn rank, ea
h Fi has to be full 
olumn rank. Thena ne
essary 
ondition is (NtxXn=1( bNn � Ni + 1)+) � rank(TNTS� bN1+1(Hi;Ni)). Ingeneral w.p. 1 [93℄rank(TNTS� bN1+1(Hi;Ni)) = min�Nrx(NTS � bN1 + 1); (NTS +Ni � bN1)�. These
ond 
ondition is on all matrix dimensions i.e.(NtxXi;n ( bNn �Ni + 1)+) � Nrx(NTS � bN1 + 1).These 
onditions are ne
essary but to be suÆ
ient the training has to be
hosen so that Xi; i = 1; : : : ; Nrx are full 
olumn rank. On the other hand,the generalization of the result in the [93℄ to the MIMO 
ase allows us tostate that rank(TNTS� bN1+1(h)) is the minimum number of 
olumns and rows
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orre
t 
hoi
e of TS ensures that the
onditions are ne
essary and suÆ
ient. As a result, the DSB approa
h hasthe following identi�ability requirements1) 8i NtxXn=1( bNn �Ni + 1)+ � minfNrx(NTS� bN1+1); NTS+Ni� bN1g2) NtxXi;n=1( bNn �Ni + 1)+ � Nrx(NTS � bN1 + 1) : (7.30)
7.3.3 Gaussian Semi-Blind Approa
hIn the Gaussian 
ase, the blind estimation ambiguity gets redu
ed to aninstantaneous unitary mixture of the sour
es (whi
h gets even limited tomixtures of subsets of sour
es with identi
al 
hannel length Ni). However,there is no trivial method to exploit the unitary 
ara
teristi
 of the mixture.This leads us to redu
e the exploitation of P(z)H(z) = H0 orP(q)Hk = H0 Æk0 to P0H0 = 0 (,W?;HH0 = 0) and P(q)Hk = 0; k > 0.We shall 
all this the redu
ed Gaussian 
ase, in whi
h all the de
orrela-tion is exploited ex
ept between symbols at the same time instant. This
an be expressed by Bh = 0 where B = NtxMi=1 " P0 0TTbNi(Pt) # where TTbNi(Pt) isTTbNi(Pt) with the �rst blo
k row removed. The problem of re
overing h fromTTbNi(Pt)hi = 0 in the SIMO 
ase, with an optimal weighting between thenuller P(z) and the equalizer portions of P(z), has been addressed in [87℄.It involves the 
ovarian
e matrix of TTbNi(Pt)hi and a simple approximationis also given. This allows us to introdu
e a semi-blind 
riterion of the formminh �kYTS � XTS hk2 + �2v hH BH C#Bh	 : (7.31)We de�ne C = M�1B NtxMi=1 (INrx � ((INrx + ��2v �2ey)
 INi�1)), as done is [87℄.Let H0 be the unique solution [87℄ ofP(z)H(z) = H0 : (7.32)
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y Sele
tive Channel 153In the redu
ed Gaussian 
ase, only the signal subspa
e of H0 i.e. U isknown. The equation in (7.32) is then redu
ed to P0H0 = 0 and P(q)Hk =0; k >. These new 
onditions �x the 
hannel estimate up to a 
onstantNtx � Ntx matrix: bbH(z) = H(z)S. On the other hand, the 
hannel length
onstraints impose that only elements of Sin with bNi �Nn � 0 
an be non-zero. The redu
ed Gaussian blind identi�
ation leads hen
e to an estimatebbH(z) = H(z)S where Ntx � Ntx S is a 
onstant matrix with Sin = 0 for�( bNi �Nn) = 0. � is the step fun
tion:�(k) = � 0 ; k < 01 ; k � 0 : (7.33)Identi�ability 
onditions :Similary to the DSB approa
h, the 
hannel is identi�able by the GSB ap-proa
h i� (7.31) has a unique solution, or equivalently i� the Hessian J =XHTSXTS + �2v BH C#B is invertible. The fa
t that the redu
ed Gaussianblind part identi�es the 
hannel up to the S fa
tor is equivalent to that thenull spa
e of BH C#B is generated by E whi
h is a�(PNtxi=1 bNi�� �Pi;n �( bNi �Nn)� matrix with 
olumnshki = [0(NrxPk�1n=1 bNn)�1hTi 0Nrx( bNk�Ni)�10(NrxPNtxn=k+1 bNn)�1℄T for 1 � k; i � Ntxand �( bNk�Ni) = 1. For the reasons 
ited in subse
tion 7.3.2, J is invertiblei� XTSE = [F1 : : :FNtx℄ is full 
olumn rank, where Fi = TNTS� bN1+1(Hi;Ni)Xi,and Xi is a (NTS� bN1+Ni)� (NtxXn=1 �( bNn�Ni)) stru
tured matrix 
ontainingthe multi-sour
e symbols.Similary to subse
tion 7.3.2, we 
an show that the restri
ted GSB semi-blind approa
h has the following identi�ability requirements1) 8i NtxXn=1 �( bNn �Ni) � minfNrx(NTS� bN1+1); NTS+Ni� bN1g2) NtxXi;n=1�( bNn �Ni) � Nrx(NTS � bN1 + 1) : (7.34)For both semi-blind methods, if the amount of blind data be
omes very large,then the parti
ular stru
ture of the weighting matrix for the blind part be-



154 Chapter 7 Semi-Blind Estimation for MIMO Channels
omes unimportant. Moreover, the soft-
onstrained 
riterion approa
hes thehard 
onstrained 
riterion, in whi
h the TS 
riterion kYTS � XTS hk2 getsminimized subje
t to the blind 
onstraints B bh = 0 or B bh = 0.In pra
ti
e, �2v should be overestimated to obtain a good denoising. If �2vgets that mu
h overestimated that its subtra
tion 
uts away a portion of thesignal subspa
e, then this would lead to a loss of the blindly identi�able (ina deterministi
 setting) part of H(z). However, in a semi-blind approa
h,identi�ability is re
overed if a blindly identi�able portion got ignored in thisway, whi
h means that it would have resulted in a bad blind estimation qual-ity. So even if the denoising is done in an over
ow fashion and if the orderof P(z)/P(z) gets redu
ed w.r.t. its theoreti
al order, the resulting P(z)still lies in the noise subspa
e and satis�es P(z)H(z) = 0/P(z)H(z) � h(0)(though in that 
ase this would not allow identi�
ation of the blindly identi-�able part of H(z)). So in this way, the badly blindly identi�able parametersalso get estimated through the TS.7.3.4 Augmented Training-Sequen
e PartSo far, we have 
onsidered the 
lassi
al TS approa
h, where YTS denotes theRx samples in whi
h only TS symbols appear. This is a suboptimal methodas it ignores the TS signal that interfers with the unknown symbols. A moreeÆ
ient method is the augmented TS approa
h. In this method YTS 
olle
tsall Rx samples in whi
h at least one TS symbol appears. In that 
ase, we
an write YTS �V = T(h)X = TKXK + TUXU in whi
h XK=U 
olle
ts theknown/unknown symbols and TK=U the 
orresponding 
olumns of T. The TSpart of the semi-blind 
riterion be
omes(YTS � XK h)H(I + �2x�2v TUTHU )�1(YTS � XK h) ; (7.35)where XK h = TKXK.Due to the parameter-dependent weighting, the semi-blind 
riteria now re-quire at least one iteration.As has been done previously for DSB and GSB approa
hes, the 
hannel isidenti�able ifXKE is full 
olumn rank. For ea
h approa
h (DSBA and GSBA)E is the same as the non augmented 
ase. However XKE = [F1 : : :FNtx℄ isnow 
omposed of Fi = ZNTS+ bN1�Ni(hi)Xi, where ZNTS+ bN1�Ni(hi) is a blo
k



7.4 Performan
e Analysis 155toeplitz 
onvolution matrix withNTS+ bN1�Ni 
olumns and [hTi 0Nrx( bN1�Ni)�1℄as �rst 
olumn. The rank of ZNTS+ bN1�Ni(hi) is NTS + bN1 �Ni w.p. 1. The
ondition on the rank of Fi is then(NtxXn=1( bNn �Ni + 1)+) � NTS + bN1 �Ni for the DSBA (andNtxXn=1 �( bNn � Ni) � NTS + bN1 � Ni for GSBA). Under the 
onditions on therank Fi; i = 1; : : : ; Ntx, the 
ondition on the number of antennas Nrx > Ntxensures that the 
ondition on the all matrix (XKE) dimension is ful�lled.The Identi�ability 
onditions for the augmented approa
hes are thenNtxXn=1( bNn �Ni + 1)+ � NTS+ bN1�Ni; 8i (7.36)for DSBA, and NtxXn=1 �( bNn �Ni) � NTS+ bN1�Ni; 8i (7.37)for GSBA.The augmented approa
h also allows us to handle the user-wise groupedTS approa
h (YTS 
ontains TS symbols from only one user at a time) andthe distributed TS approa
h (YTS 
ontains only one TS symbol from anyuser at a time).7.4 Performan
e AnalysisIn this se
tion we present some numeri
al examples for the two 
hannel 
ases,
at and frequen
y sele
tive.7.4.1 Flat 
hannel 
aseFigs. 7.1 to 7.6 
onsider the 
at 
hannel 
ase with a blind part of lengthNB = 400. The 
hannel is 4 � 2 (Nrx � Ntx) for �gs. 7.1 and 7.2, 4 � 4for �gs. 7.3 and 7.4, and 2� 4 for �gs. 7.5 and 7.6. We 
ompare the 
lassi-
al TS approa
h with the GSB/DSB approa
hes, and with the Cram�er-Rao



156 Chapter 7 Semi-Blind Estimation for MIMO ChannelsBound (CRB) in terms of normalized mean square estimation error (NMSE).In �gs. 7.1, 7.3 and 7.5 the performan
es are given for di�erent TS lengthswith a �xed SNR � = 10 dB. For �gs. 7.2, 7.4 and 7.6 the performan
esare given for di�erent SNR with NTS = 4. The results show that wheneverthe 
ondition NB >> �NTS is ful�lled, the proposed GSB approa
h a
hievesthe CRB. The GSB performan
es show a linear behavior w.r.t. the SNR,and outperform the TS approa
h by a gap 
orresponding approximately tothe relative redu
tion of the number of real parameters to be estimated; for4 � 2 : 164 = 6 dB, 4 � 4 : 3216 = 3 dB and 2 � 4 : 1612 � 1 dB. The GSBsaturates for very high SNR due to the la
k of 
onsisten
y in the SNR of the
hannel part estimated blindly. This does not appear in the 
ase of the DSBin whi
h all information exploited is 
onsistent in SNR. However, the DSBis suboptimal when Nrx > Ntx (4 � 2) and its performan
e redu
es to thatof the TS approa
h for Nrx � Ntx.7.4.2 Frequen
y sele
tive 
hannel 
aseWe 
onsider the s
enarios des
ribed in table 7.1.s
en. (N1; N2) ( bN1; bN2) NTS MB1 (3,1) (3,1) 12 3002 (3,1) (3,3) 12 3003 (3,1) (3,3) 11 3004 (4,1) (4,1) 11 3005 (3,1) (3,3) 5 300Table 7.1: Channel lengths, estimated lengths, training and blind datalengths for di�erent s
enarios where Ntx = 2.For the �rst two s
enarios we use partial denoising, whereas for the lastthree we use full denoising. We 
ompare the 
lassi
al TS approa
h withthe DSB/GSB/DSBA/GSBA approa
hes and with an \exa
t" version (e.g.DSBe) in whi
h the blind quantities (P(z)) are determined from an exa
tRY Y (MB = 1). We see that the semi-blind approa
hes o�er signi�
antimprovements over TS, espe
ially using the augmented TS part. The per-forman
e of the deterministi
 approa
hes gets 
lose to that of their exa
tversions, but not for the Gaussian approa
hes, whi
h should yield better
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lusion 157performan
e. For the 
urves whi
h stay 
at in �g. 7.11, the identi�ability
onditions are not satis�ed.7.5 Con
lusionIn this 
hapter we have seen how the semi-blind approa
hes 
an improve the
hannel estimation. In parti
ular, the GSB a
hieves even the Cram�er-Raobound on the performan
es in the 
at 
hannel 
ase. However, the GSB sat-urates for high SNR due to the fa
t that the estime of the signal subspa
estru
ture is only 
onsistent in the length of the blind data. The DSB ap-proa
h does not su�er from this problem sin
e the noise subspa
e estimateis 
onsistent in both the length of the blind data and the SNR. In the 
aseof frequen
y sele
tive 
hannels, the semi-blind approa
hes allow to redu
ethe length of the training sequen
e needed for the idendi�ability. This isvalid espe
ially for GSB. In general this approa
h outperforms the DSB. Inthe frequen
y sele
tive 
ase, the training part 
an be further augmented toin
lude the training re
eived signal that interferes with the blind one. Thisleads to more performant semi-blind approa
hes, and allows hen
e to redu
efurther the length of the training sequen
e.



158 Chapter 7 Semi-Blind Estimation for MIMO ChannelsAPPENDIX7.A Proof of Theorem 1The proof is in two steps.Let UTSDTSUTSH be the eigenve
tor de
omposition of XTSXTSH . In the�rst step we show that EHCRB is independent of UTS.In fa
t,EHCRB= EHtr[(M(UTS)
 INrx) ( 2�2vDTS 
 I2Nrx) (M(UTSH)
 INrx)T+M1JB(�)MT1 ℄�1= EHtr[ 2�2vDTS 
 I2Nrx+([M(UTS)
 INrx℄M1) JB(�) ([M(UTSH)
 INrx℄M1)T ℄�1 ;(7.38)where in the se
ond equality we used the unitary 
hara
ter of UTS. M1 isgiven in (7.6), then[M(UTSH)
 INrx℄M1 = [M(�QUTS�H)
 INrx℄ � �T�w : (7.39)UTS is unitary, then QUTS has the same uniform distribution as Q.On the other hand, � �T�w JB(�)(� �T�w )T is independent of Q. We 
an 
on
ludethat the EHCRB is independent of UTS. In parti
ular for UTS = I, we getEH CRB = EH tr�M1 JB(�)MT1 + 2�2vDTS 
 I2Nrx��1 : (7.40)In the se
ond step we seek to show that EHCRB is minimized for DTS / I.We start by showing that EH CRB = f(DTS) is a 
onvex fun
tion over the
onnex set DTS � 0.Let DTS = diag (dTS1 ; : : : ; dTSNtx) and C be the Hessian of f(D)Ci;n = �2 f�di �dn : (7.41)By evaluating the Hessian we 
an show that for any real positive ve
torx = [x1 � � �xNtx℄T � 0xTCx = 8�4v EHtr �J�2(H)(X
 I2Nrx)J�1(H)(X
 I2Nrx)� � 0 : (7.42)



7.B Proof of Theorem 2 159where X = diag (x1; : : : ; xNtx). The positive sign follows from the symmet-ri
al positive de�nite 
hara
ter of J(H) =M1 JB(�)MT1 + 2�2vDTS 
 I2Nrx.The Hessians is positive, then EH CRB = f(DTS) is 
onvex over the 
on-nex set DTS � 0. By 
onsequen
e EH CRB has a global minimum undera power 
onstraint expressed on the tra
e of DTS: trDTS � P
onstraint. TheLagrangian of this optimization problem is expressed asL(DTS; �) = f(DTS) + � (tr(DTS)� P
onstraint)� L� di = � 2�2v EHtr (J�2(H) (Ii 
 I2Nrx)) + � = 0 ; (7.43)where Ii is the matrix whose ith diagonal element is 1 and all other entriesare zeros.The solution that minimizes EHCRB have to verifyEHtr (J�2(H) (Ii 
 I2Nrx)) = EHtr (J�2(H) (Ii 
 I2Nrx)) for any i 6= k.Using the same arguments as those used in the �rst step of this proof, we
an show that for DTS / I and for any unitary matrix UEHJ�2(H) = EH[(M(U)
 INrx)J�2(H)(M(U)
 INrx)T ℄ : (7.44)For i 6= k and by 
hoosing the permutation matrix Pik, that permute betweeni and k, we get for U = PikEHtr (J�2(H) (Ii 
 I2Nrx)) = EHtr �J�2(H) [(PikIiPTik)
 I2Nrx℄�= EHtr (J�2(H) (Ik 
 I2Nrx)) ; (7.45)this show that DTS / I minimizes EHCRB.Hen
e, XTSXTSH / I a
hieves the global minimum of EH CRB. �7.B Proof of Theorem 2We will �rst derive the solution for the unitary fa
tor and then for the diag-onal fa
tor.We rewrite the parametri
 
ovarian
e matrix as: R = URSRUHR whereSR = diag (sR;1; : : : ; sR;Nrx), in whi
h the sR;i are organized in the in
reasingorder. Similarly, we introdu
e Se = diag (se;i; : : : ; se;Nrx). By 
onstru
tion



160 Chapter 7 Semi-Blind Estimation for MIMO Channelswe note that sR;i = �2v ; 1 � i� Nrx �Ntx for Nrx > NtxsR;i+Nrx�minfNtx;Nrxg = �2v +�2xdi2 ; 1 � i� minfNtx; Nrxg : (7.46)Let O = UHR Ue. O is a Ntx �Ntx unitary matrix. We denote�i = (UHR R̂UR)ii = (OSeOH)ii; i = 1; : : : ; Nrx. Then, up to a 
onstant,LLB(H) = �NBtrfS�1R OSeOHg �NB ln det(SR)= �NBPNrxi=1 (�i=sR;i + ln(sR;i)) : (7.47)It 
an be shown [96℄ that (�i)1�i�Nrx majorizes (se;i)1�i�Nrx, i.e.PNrxi=1 se;i =PNrxi=1 �i and Pki=1 se;i �Pki=1 �i , 1 � k � Nrx.These properties allow us to use the following result [97℄NrxXi=1 �i=sR;i � NrxXi=1 se;i=sR;i ; (7.48)or equivalently �trfOSeOHS�1R g � �trfSeS�1R g : (7.49)This shows that LLB(H) is maximized for O = INrx,i.e. UR = Ue or, equivalently, Û 
orresponds to the minfNtx; Nrxg dom-inant eigenve
tors in Ue.Let us now evaluate the optimal D̂ = diag (d̂1; : : : ; d̂minfNtx;Nrxg). LLB(H) isseparable in the d̂i, monotoni
ally in
reasing for0 � d̂i � qbsR;i+Nrx�minfNtx;Nrxg � �2v
+ =�x, 1 � i � minfNtx; Nrxg, andmonotoni
ally de
reasing ford̂i �qbsR;i+Nrx�minfNtx;Nrxg � �2v
+ =�x, 1 � i � minfNtx; Nrxg. LLB(H) ishen
e maximized for d̂i =qbsR;i+Nrx�minfNtx;Nrxg � �2v
+ =�x,1 � i � minfNtx; Nrxg, whi
h are the dominant minfNtx; Nrxg values of1�x (bSe � �2vINrx
+)1=2. �
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Figure 7.1: Normalized MSE vs NTS: 
at 
hannel, Ntx = 2; Nrx = 4; NB =400, SNR= 10 dB.
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Figure 7.2: Normalized MSE vs SNR: 
at 
hannel, Ntx = 2; Nrx = 4; NB =400, NTS = 4.
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Figure 7.3: Normalized MSE vs NTS: 
at 
hannel, Ntx = 4; Nrx = 4; NB =400, SNR= 10 dB.
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Figure 7.4: Normalized MSE vs SNR: 
at 
hannel, Ntx = 4; Nrx = 4; NB =400, NTS = 4.
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Figure 7.5: Normalized MSE vs NTS: 
at 
hannel, Ntx = 4; Nrx = 2; NB =400, SNR= 10 dB.
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at 
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Figure 7.7: Normalized semi-blind 
hannel estimation MSE, s
enario 1.
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hannel estimation MSE, s
enario 3.
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General Con
lusion
In this thesis, we have presented various 
ase studies and solutions for
oding and signal pro
essing 
hallenges in MIMO systems. This work hasbeen stru
tured in three parts, ea
h one dealing with a parti
ular situationwith respe
t to CSI.In the �rst part, the CSI was 
onsidered to be absent at the Tx andperfe
t at the Rx. We fo
used on the STC at the Tx and the dete
tionpro
essing at the Rx:� A new STC s
heme named STS has been proposed in 
hapter 2. Thiss
heme uses a paraunitary pre
oding �lter to ensure full diversity andmaximum 
oding gain. STS does not penalize the ergodi
 
apa
ityand applies in both 
ases of 
at and frequen
y sele
tive 
hannels. Thiss
heme is the �rst to exhibit all these properties at on
e.� At the Rx, in order to avoid the high 
omplexity of the ML de
oder,we proposed three re
eiver strategies. Two of these strategies are non-iterative and have been studied in 
hapter 3, whereas the third one isiterative (
hapter 4):- The Stripping MIMO DFE is a non-iterative Rx that dete
ts and
an
els the streams su

essively. The use of Stripping as a Rx forthe STS s
heme allows one to de
ompose the 
hannel into mul-tiple virtual SISO 
hannels with known diversity. This 
an beexploited to use simple SISO 
oding te
hniques. We have the-oreti
ally shown that, for independent SNR-adaptive QAM 
on-stellation on ea
h stream, the STS 
ombined with the StrippingRx outperforms the existing s
hemes in term of the diversity vs.multiplexing tradeo�. In 
hapter 3 we have also introdu
ed new167



168 General Con
lusionte
hniques to study performan
es in frequen
y sele
tive 
hannelenvironment. This allowed us, in parti
ular, to generalize the di-versity vs. multiplexing optimal tradeo� to the MIMO frequen
ysele
tive 
hannel 
ase.- The se
ond non-iterative Rx is the Conventional DFE applied tothe MIMO 
ase. In 
ontrast to the previous Rx, it is adapted tothe use of the same 
onstellation and binary 
hannel 
ode for allstreams. We showed that it a
hieves a high diversity gain and 
anbe 
oupled with Per Survivor Pro
essing in order to redu
e errorpropagation.- The last proposed Rx te
hnique is iterative. It performs turbodete
tion by iterating between the linear equalizer and the binaryCC. Using the Singleton Bound,we have shown that STS allowsto dedi
ate the binary 
hannel de
oder to improve the 
oding gainand to exploit the multi-blo
k diversity. Simulation results 
on-�rm the advantage of the use of STS over a pure binary 
hannel
ode approa
h (Threading) espe
ially for largeNtx, in the presen
eof multi-blo
k diversity, and for Nrx < Ntx.The se
ond part 
overed the 
ase of partial CSI at Tx and perfe
t CSI atRx (
hapter 5). The 
oding here was basi
ally the 
as
ade of STC s
hemes,developed in the absen
e of CSI, and a de
orrelator whi
h 
olors the trans-mitted signal. We have studied the input 
olor that a
hieves the ergodi

apa
ity for two 
hannel models, the pathwise and the limited re
ipro
ity.Numeri
al results showed that a near-optimal solution is obtained by wa-ter�lling on the 
hannel 
ovarian
e seen from the Tx. Consequently, this
ovarian
e matrix was shown to 
apture almost all the information neededat the Tx.In the last part, the 
ase of absen
e of CSI at both Rx and Tx has beenstudied:� In 
hapter 6, we have shown that the 
apa
ity of a blo
k fading 
hannelmodel a
hieves asymptoti
ally, in the burst length, the one obtained forperfe
t CSI at the Rx. This is not the 
ase anymore for time sele
tive
hannel models where the 
apa
ity is shown to saturate for high SNR.



General Con
lusion 169� The mutual information de
omposition derived in 
hapter 6 for a blo
kfading model, suggests to use semi-blind estimators that 
ombine train-ing and blind information. In 
hapter 7 we proposed various semi-blindapproa
hes whi
h improve the 
hannel estimation quality. These te
h-niques have reasonable 
omplexity and lead to gains in performan
ew.r.t. pure training sequen
e approa
hes. In fa
t, the Gaussian semi-blind approa
h even a
hieves the Cram�er-Rao bound in the 
at 
hannel
ase. The semi-blind approa
hes also improve the identi�ability 
ondi-tions and allow to redu
e the length of the training sequen
e.This work has proposed di�erent s
hemes and te
hniques, as well as theanalysis of di�erent pra
ti
al and theoreti
al situations. On the other hand,our work opened new problems. We list hereafter some resear
h axes arisingfrom this thesis :� The STS proposed in 
hapter 2, 
an be seen as a stru
tured latti
e 
ode.From this point of view, elements for latti
e 
ode analysis introdu
edin [37℄ 
an be used to study the diversity vs. multiplexing tradeo�a
hieved by the STS 
oupled with a ML de
oder.� The Conventional MIMO DFE with a MMSE ZF design (subse
tion3.5.2) for Ntx � Nrx and 
at 
hannel, a
hieves the two points (r =0; d = Ntx:(Nrx � Ntx�12 )) and (r = Ntx; d = 0) on the diversity vs.multiplexing tradeo� 
urve. The general problem of the diversity vs.multiplexing tradeo� a
hieved by the Conventional MIMO DFE Rxwith di�erent design (MMSE ZF and MMSE), 
an be handled by 
on-sidering the Q matrix (of the pre
oder �lter) as the generator matrixof a latti
e 
ode and using te
hniques from [37℄.� The diversity vs. multiplexing optimal tradeo� analysis proposed sofar have fo
used on 
hannels with i.i.d. 
omponents. However, thesituation may be very di�erent in reality. Hen
e, 
orrelated 
hannelmodels should be 
onsidered in order to handle this 
ase.� Design and simulations of the Conventional MIMO DFE for the STSs
heme 
oupled with a PSP have to be performed in order to 
ompareit with other existing te
hniques.� The semi-blind approa
hes for the estimation of the 
hannel at theRx 
an be improved by in
luding partial CSI if available (
orrelated



170 General Con
lusion
hannel models in 
hapter 6). In fa
t, this will redu
e the number ofparameters to estimate, and further improve the 
hannel estimationquality.In the 
ontext of MIMO systems, this thesis has 
ombined elements fromtwo �elds: signal pro
essing and information theory. The proposed resultsand the opened perspe
tives show how the intera
tion between these two�elds 
an lead to the development of new te
hniques and solve open prob-lems. Advan
ed te
hniques and results from the signal pro
essing framework
an have an important impa
t on the 
ode design. An illustration of thisfa
t is the MIMO 
onvolutive pre�lter. Other examples are the the Strip-ping DFE and the Conventional DFE re
eivers in the MIMO 
ontext. Onthe other hand, results from the signal pro
essing domain have allowed us tostudy the diversity vs. multiplexing tradeo� for the Stripping MIMO DFE,and to generalize the optimal tradeo� to frequen
y sele
tive 
hannels. Thete
hniques asso
iated with these latter results 
an be of an important 
ontri-bution to the analysis and design of MIMO systems with frequen
y sele
tive
hannels.
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172 R�esum�e en fran�
ais7.3 Introdu
tionDepuis l'introdu
tion du multiplexage spatial, d'une mani�ere ind�ependante,par A. Paulraj et Fos
hini [1℄ en 1994, l'utilisation d'antennes multiples autransmetteur (Tx) et au r�e
epteur (Rx) est devenue le sujet d'innombrablestravaux. Cel�a est li�e �a la 
apa
it�e des syst�emes �a entr�ees multiples et �a sortiesmultiples (MIMO) d'o�rir une nouvelle dimension spatiale, outre les dimen-sions temporelle et fr�equentielle, d'a

rô�tre la 
apa
it�e ergodique (moyenne)du 
anal (par un fa
teur �egal au rang du 
anal), et de diminuer la probabilit�ede 
oupure par la 
ontribution d'un nombre de 
omposantes de la diversit�e�egal au nombre de 
oeÆ
ients dans le 
anal. D'autre part, �a l'inverse des
anaux �a entr�ee unique et �a sortie unique (SISO), les 
anaux MIMO souf-frent de l'interf�eren
e entre antennes. Les travaux r�e
ents pour exploiter
et important potentiel ont �a faire un 
ompromis entre l'augmentation dud�ebit et l'exploitation de la diversit�e pour 
ombattre l'�evanes
en
e du 
analet l'interf�eren
e, tout en gardant une 
omplexit�e a

eptable.7.3.1 Mod�eles des Canaux MIMOOn 
onsid�ere une modulation num�erique lin�eaire sur un 
anal lin�eaire ave
un bruit Gaussien additif. Le nombre d'antennes �a la transmission est Ntxet �a la r�e
eption Nrx. Le signal ve
toriel (Nrx � 1) re�
u �a l'instant k estyk = L�1Xl=0 Hlxk�l + vk (7.50)o�u xk : Ntx�1 est le signal transmis,Hl : Nrx�Ntx; l = 0; : : : ; L�1 sont les
oeÆ
ients matri
iels de la r�eponse impulsionnelle du 
anal et vk : Nrx � 1est le bruit.En l'absen
e de 
onnaissan
e parfaite du 
anal �a la transmission, le 
analest mod�elis�e d'une mani�ere statistique. Di��erents mod�eles sont 
ourammentutilis�es:Mod�ele MIMO Rayleigh �evanes�
ant et plat (L = 1): Dans 
e mod�eleles di��erentes 
omposantes du 
anal ont des distributions i.i.d. 
entr�eesGaussiennes, (H)mk � CN(0; 1) pour 1 � m � Nrx et 1 � k � Ntx.Mod�ele MIMO spatialement s�eparable: Dans 
e mod�ele, le transmet-teur dispose d'une 
onnaissan
e partielle 
orrespondant aux moments de se
-
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tion 173ond ordre. Le 
anal dans 
e 
as est mod�elis�e parH = �1=21 W�1=22 ; (7.51)o�u W: Nrx � Ntx est une matri
e al�eatoire de 
omposantes i.i.d. suivantCN(0; 1).�1 (resp. �2) est la 
ovarian
e du 
anal vue du r�e
epteur (resp. transmet-teur).Mod�ele MIMO Rayleigh �evanes�
ant et s�ele
tif en fr�equen
e(L >1): Ce mod�ele est la g�en�eralisation du 
as plat, o�u les 
omposantes dela r�eponse impulsionnelle sont ind�ependantes et Gaussiennes. Cha
un desHl; l = 0; : : : ; L � 1 a des 
omposantes i.i.d. (Hl)mk � CN(0; �2l ) pour1 � m � Nrx et 1 � k � Ntx. �2l > 0; 0 � l � L� 1; 
orrespondent au pro�ldes puissan
es du 
anal.7.3.2 Capa
it�e du CanalDans le 
as d'un 
anal plat ave
 
onnaissan
e parfaite du 
anal au Tx, la
apa
it�e du 
anal sous la 
ontrainte de puissan
e (inf�erieure �a P ) estC(H) = maxtrfSxxg�P ln det(INrx + 1�2v HSxxHH) ; (7.52)o�u Sxx est la 
ovarian
e du signal �a la transmission. La solution de la max-imisation 
orrespond au water�lling sur les valeurs propres de HHH (water-�lling spatial) [2℄.En l'absen
e de CSI parfait au Tx d'autres quantit�es sont d�e�nies:Capa
it�e ergodique: Elle mesure la 
apa
it�e moyenneC = max12�j H dzz trfSxxg�P EH 12�j I dzz ln det(INrx + 1�2v H(z)Sxx(z)Hy(z)) ;(7.53)o�u Sxx(z) est la transform�ee en z de la s�equen
e d'auto
orr�elation de x.Pour un 
anal MIMO ave
 un mod�ele Rayleigh �evanes�
ant et plat, Telatara montr�e [2℄ que la 
apa
it�e ergodique est atteinte pour une entr�ee blan
he(Sxx(z) = �2xINtx, �2x = PNtx )C = EH ln det(INrx + �HHH) ; (7.54)
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aiso�u � = PNtx�2v .Ce r�esultat est aussi valable pour un mod�ele de 
anal MIMO Rayleigh �evanes�
antet s�ele
tif en fr�equen
eC = EH 12�j I dzz ln det(INrx + �H(z)Hy(z)) : (7.55)Capa
it�e de 
oupure: La 
apa
it�e ergodique n'a de sens que dans le 
as o�ule transmetteur peut 
oder sur une multitude de r�ealisations du 
anal. Dansle 
as o�u Tx ne peut voir qu'une r�ealisation du 
anal, et pour un SNR et und�ebit R donn�e, on d�e�nit la probabilit�e de 
oupure qui exprime la probabilit�eque le d�ebit d�epasse la 
apa
it�e instantan�ee du 
analPout(R) = P (C(H) < R)= P ( 12�j H dzz ln det(INrx + �H(z)Sxx(z)Hy(z)) < R) ; (7.56)o�u Sxx(z) est normalis�ee pour avoir ( 12�j H dzz trSxx(z) = Ntx).Pour un niveau de probabilit�e de 
oupure � (0 � � � 1) donn�e, la 
apa
it�ede 
oupure est d�e�nie 
ommeCout(�) = (Pout)�1 (�) : (7.57)7.3.3 Codage Spatio-Temporel pour des Syst�emes MIMOOn 
onsid�ere une transmission des symboles 
od�es sur une dur�ee de T p�eriodessymbole. Le 
ode espa
e-temps est repr�esent�e par une matri
e Ntx � T , deforme: C = 1�x [x1;x2; : : : ;xT ℄. Le 
anal est MIMO plat, le signal re�
u a

u-mul�e est Y = �xH C+V ; (7.58)o�u Y = [y1;y2; : : : ;yT ℄ et V = [v1;v2; : : : ;vT ℄ sont des matri
es Nrx � T .On 
onsid�ere un mod�ele MIMO Rayleigh �evanes�
ant et un r�e
epteur maxi-mum de vraisemblan
e (ML). Tx n'as pas de CSI sur le 
anal et Rx a un CSIparfait.La probabilit�e de transmettre C et de d�e
ider C0 a �et�e born�ee [16℄ parP (C! C0) � ��4��r:Nrx  rYl=1 �l!�Nrx ; (7.59)
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tion 175o�u r et les �l; l = 1; : : : ; r sont respe
tivement le rang et les valeurs propresde (C�C0)(C�C0)H .Cela permet de d�e�nir deux 
rit�eres pour la 
on
eption des 
odes spatio-temporelsGain de diversit�e : Il est d�e�ni 
omme le rang minimal possible (rmin) surtoutes les 
ombinaisons possibles de (C�C0).Gain de 
odage : Il est d�e�ni 
omme le minimum possible de Qrminl=1 �l surtoutes les 
ombinaisons de (C�C0) ayant 
omme rang rmin.7.3.4 Diversit�e et Multiplexage 
omme D�e�nis par Zheng& TseDans [9℄, Zheng et Tse ont donn�e une nouvelle d�e�nition de la diversit�e et dumultiplexage qui 
onsid�ere un s
h�ema adaptatif en SNR. En e�et, un s
h�emaC(�) est une famille de 
odes de longueur de blo
 T (un pour 
haque niveaude SNR), qui supporte un d�ebit R(�).Ce s
h�ema atteint un multiplexage spatial r et un gain de diversit�e d si led�ebit de donn�ee v�eri�e lim�!1 R(�)ln(�) = r ; (7.60)et la probabilit�e d'erreur v�eri�ePe(�) := ��d ; (7.61)o�u := est l'�egalit�e exponentielle, on �e
rit f(�) := �b pourlim�!1 ln f(�)ln(�) = b : (7.62)Pour 
haque r, d�(r) est d�e�nie 
omme le sup de l'avantage de diversit�e at-teint sur tous les s
h�emas possibles.Zheng & Tse ont 
onsid�er�e un 
anal MIMO ave
 un mod�ele Rayleigh �evanes�
antet plat, et ont montr�e le r�esultat suivant.Courbe optimale du 
ompromis : On a T � Nrx+Ntx�1. La 
ourbe op-timale du 
ompromis d�(r) est donn�ee par la fon
tion lin�eaire par mor
eaux,qui joints les points(k; d�(k)), k = 0; 1; : : : ; p, o�ud�(k) = (p� k)(q � k) ; (7.63)
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aiso�u p = minfNrx; Ntxg et q = maxfNrx; Ntxg.

(2; (Nrx � 2)(Ntx � 2))

(0; NrxNtx)
(1; (Nrx � 1)(Ntx � 1))

(r; (Nrx � r)(Ntx � r))
(min(Nrx; Ntx); 0)Gaind

eDiver
sit�e:d�
(r)

Gain de Multiplexage: rFigure 7.12: Compromis diversit�e-multiplexage
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odage Spatio-Temporel Lin�eaire et Convolutif 177Partie I: Absen
e de CSI au TxDans 
ette premi�ere partie du rapport le 
anal est in
onnu �a Tx et par-faitement 
onnu au Rx. On 
ommen
e par introduire notre nouveau s
h�emade 
odage spatio-temporel bas�e sur un pr�e
odage lin�eaire en utilisant un �ltreMIMO 
onvolutif. Ce s
h�ema est appel�e �etalement spatio-temporel et d�esign�epar STS. Par la suite on �etudie di��erents r�e
epteurs de 
omplexit�e limit�eequi peuvent être utilis�es. Les r�e
epteurs propos�es sont de deux 
at�egories:it�eratifs et non-it�eratifs.7.4 Pr�e
odage Spatio-Temporel Lin�eaire et Con-volutifLe s
h�ema g�en�eral de transmission du STS est d�e
rit dans la �gure 7.13.Apr�es un 
odage 
orre
teur d'erreur et la modulation d'amplitude en quadra-
+

& modulation

codage
canal

demodulation
& decodage

canal
T(z) H R(z)

RX

vk
xk


anal MIMO

TX
Ns Ntx x̂kNrxbk ak yk
Figure 7.13: S
h�ema G�en�eral de Transmission.ture (QAM) des symboles, le d�ebit est d�emultiplex�e. Le r�esultat est unve
teur bk qui 
ontient Ns symboles par p�eriode. bk passe par la suite dansun �ltre MIMO 
onvolutif T(z), 
ette op�eration 
orrespond au pr�e
odagespatio-temporel, sa sortie est transmise sur les antennes de transmission aunombre de Ntx. Pour 
haque 
omposante i, le d�ebit transmis pendant toutela trame bi;k; k = 1; : : : ; T est appel�e stream.
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aisPour T(z) on a 
hoisi une forme qui 
ombine l'�etalement spatial Q et ladiversit�e de d�elais D(z)T(z) = D(z) QD(z) = diagf1; z�L; : : : ; z�L(Ntx�1)g : (7.64)Dans le 
hoix de Q, on a respe
t�e plusieurs 
rit�eres:Capa
it�e ergodique A�n de 
onserver 
ette quantit�e, Q doit être unitaireQHQ = I.Borne du �ltre adapt�e Pour avoir une borne du �ltre adapt�e (en ignorantl'interf�eren
e), qui soit la même pour 
ha
une des 
omposantes des bk,on doit avoir jQikj = 1pNtx ; i; k = 1; : : : ; Ntx.Gain de 
odage Pour avoir un gain de 
odage maximal, la solution pro-pos�ee est la suivanteQ = 1pNtx 266641 �1 : : : �1Ntx�11 �2 : : : �2Ntx�1... ... ...1 �Ntx : : : �NtxNtx�1 37775 ; (7.65)o�u les �i sont les ra
ines du polynôme �Ntx � j = 0 ; j = p�1.Ces bonnes propri�et�es de T(z) sont aussi bien valables pour un 
anal platque pour un 
anal s�ele
tif en fr�equen
e.7.4.1 R�e
epteur MLUn d�ete
teur maximum de vraisemblan
e peut aussi bien être impl�ement�e enutilisant l'algorithme de Viterbi. Cependant, 
elui-l�a est d'une tr�es grande
omplexit�e due au nombre d'�etats qui est jAjNtx(NtxL�1), o�u jAj est la taillede la 
onstellation �a l'entr�ee.7.5 Rx Non-it�eratif: Alternatif de Con
ep-tionOn pr�esente deux possibilit�es de 
on
eptions: la premi�ere est le StrippingMIMO DFE qui fait une d�ete
tion su

essive de streams, et la deuxi�eme estle MIMO DFE Conventionnel qui fait une d�ete
tion 
onjointe des streamsmais su

essivement dans le temps.



7.5 Rx Non-it�eratif: Alternatif de Con
eption 1797.5.1 Stripping MIMO DFELa �gure suivante montre un s
h�ema blo
 du Stripping MIMO DFE (�g.7.14). 
e r�e
epteur 
ommen
e par un �ltre adapt�e �a la 
as
ade du pr�e
odeur
++

−

+
+

−

++

−

+
+

−

...

decodeur

decodeur

yk

Gy(z)G2;:(z)

F1;:(z)
L1;1(z)

Gy(z)G1;:(z)

b1;k

F2;:(z) b2;k
L2;2(z)

DFE SIMO
Annualtion de stream

Gy(z) zk

Figure 7.14: Stripping MIMO DFE.et du 
anal G(z) = H(z)T(z) = H(z)D(z)Q. Pour la d�ete
tion de 
ha
unedes streams i on utilise un �egaliseur �a retour de d�e
ision (DFE), qui faitune d�ete
tion su

essive dans le temps des symboles de la même stream i,bi;k; k = 1; : : : ; T . Il 
ommen
e par un �ltre Feedba
k Fi;:(z), et le retour ded�e
ision se fait ave
 le �ltre Feedforward Li;i(z). Apr�es qu'une stream i soitenti�erement d�ete
t�ee, sa 
ontribution est soustraite au signal re�
u en utilisantun retour de d�e
ision et en �ltrant la stream ave
 le �ltre Gy(z)Gi;:(z). Parla suite on passe �a la d�ete
tion du stream i+1. La sortie du �ltre adapt�e estzk = Gy(q)yk = Gy(q)G(q) bk +Gy(q) vk : (7.66)Le Stripping MIMO DFE est de la formebbk = � L(q)|{z}feedba
kbk + F(q)|{z}feedforward zk ; (7.67)
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aiso�uI+ L(z) = L(z) = 26666664 L11(z) 0 : : : 0 0L21(z) L22(z) 0 . . . 0... L32(z) . . . . . . ...... . . . . . . LNs�1;Ns�1(z) 0LNs1(z) LNs2(z) : : : LNs;Ns�1(z) LNsNs(z)
37777775(7.68)Le feedba
k L(z) = L(z)� I est stri
tement 
ausal. Cel�a veut dire que L(z)est triangulaire inf�erieure, ave
 des �el�ements diagonaux, Lii(z); i = 1; : : : ; Ntx,
ausal, monique ave
 phase minimale. Les �el�ements de la partie triangulaireinf�erieure Lij(z); i > j sont arbitraires (non 
ausal).Pour la 
on
eption du �ltre du DFE, di��erent 
hoix sont possibles, les plus
onnus sont le MMSE ZF et le MMSE. Le MMSE ZF annule 
ompl�etement(for
e �a z�ero) l'interf�eren
e alors que le MMSE fait un 
ompromis entrel'annulation d'interf�eren
e et l'ampli�
ation du bruit.On �etudie les performan
es du Stripping MIMO DFE en fon
tion du
ompromis diversit�e-multiplexage.7.5.2 Compromis Diversit�e-Multiplexage du StrippingMIMO DFEOn d�enote par CMMSEDFEn la 
apa
it�e instantan�ee du stream d�ete
t�e �al'�etape n du traitement su

essif du stripping ave
 une 
on
eption MMSE.De la même fa�
on est d�e�nie CMMSEZF DFEn ave
 une 
on
eption MMSE ZF.On pr�esente dans une premi�ere �etape des r�esultats pr�eliminaires qui vont êtreutilis�ees par la suite.D�e
omposition de la 
apa
it�e :C(H) = NtxXn=1 CMMSEDFEn : (7.69)Bornes sur la 
apa
it�e des streams :Les deux lemmes suivants donnent les r�esultats d�esir�es.Lemme 1: La 
apa
it�e du n�eme stream, dans une 
on
eption MMSE, estborn�ee par 
1n � CMMSEDFEn � ln(1 + �sNtx(L�1)+n) � 
2n ; (7.70)
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eption 181o�u
1n = ( ln( 1Ntx
NtxL ) + (Ntx � n) ln� Ntx�n(Ntx�n+1)
NtxL� ; 1 � n � Ntx � 1ln( 1Ntx
NtxL ) ; n = Ntx (7.71)
2n = ( (Ntx � n) ln� 
NtxL(Ntx�n+1)Ntx�n � ; 1 � n � Ntx � 10 ; n = Ntx (7.72)(sn; n = 1; : : : ; NtxL) sont les valeurs propres de �HH �H ordonn�ees dans unordre 
roissant, o�u �H = [H0;H1; : : : ;HL�1℄. 
NtxL = NtxL�1Xl=0 � lNtxL� 1 �2.Pour la 
on
eption MMSEZF le nombre de streams transmises (nombre de
olonnes de Q) est �x�es �a Ns = minfNtx; Nrxg.Lemma 2: La 
apa
it�e du n�eme stream, dans une 
on
eption MMSEZF, est born�ee parln(1 + e
1n�sNtxL�Ns+n) � CMMSEZF DFEn � ln(1 + e
2n�sNtxL�Ns+n) ; (7.73)o�u maintenant
1n = ( ln( 1Ntx
NtxL ) + (Ns � n) ln� Ns�n(Ns�n+1)
NtxL� ; 1 � n � Ns � 1ln( 1Ntx
NtxL ) ; n = Ns (7.74)
2n = ( (Ns � n) ln� 
NtxL(Ns�n+1)Ns�n � ; 1 � n � Ns � 10 ; n = Ns (7.75)En
ore, (sn; n = 1; : : : ; NtxL) sont les valeurs propres de �HH �H ordonn�eesdans un ordre 
roissant, o�u �H = [H0;H1; : : : ;HL�1℄.Avant de pr�esenter les performan
es du Stripping MIMO DFE, on 
om-men
e par donner la g�en�eralisation du 
ompromis diversit�e-multiplexing au
anaux s�ele
tifs en fr�equen
e pour des longueurs de blo
 (trame) T >> NtxL.Th�eor�eme 1: On a T >> NtxL. La 
ourbe optimale du 
ompromis d�(r),pour un 
anal s�ele
tif en fr�equen
e, est donn�ee par la fon
tion lin�eaire par
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aismor
eaux, qui joints les points(k; d�(k)), k = 0; 1; : : : ; p, o�ud�(k) = (p� k)(Lq � k) ; (7.76)o�u p = minfNrx; Ntxg et q = maxfNrx; Ntxg.

(2; (LNrx � 2)(Ntx � 2))(r; (LNrx � r)(Ntx � r))
(Ntx; 0)Gaind

eDiver
sit�e:d�
(r)

Gain de Multiplexage: r

(1; (LNrx � 1)(Ntx � 1))
(0; LNrxNtx)

Figure 7.15: Compromis diversit�e-multiplexage d'un 
anal s�ele
tif enfr�equen
eEn 
e qui 
on
erne le 
ompromis atteint par le r�e
epteur Stripping MIMODFE appliqu�e �a notre s
h�ema de transmission STS, il est donn�e par leth�eor�eme suivant.Th�eor�eme 2: Pour un blo
 de longueur T , T >> NtxL, l'utilisation de
onstellations QAM ave
 des d�ebits adapt�es par stream, permet au r�e
epteurStripping MIMO DFE ave
 une 
on
eption MMSEZF d'atteindre un 
om-promis de diversit�e-multiplexage donn�e par d�; SIC(r).O�u d�; SIC(r) est donn�ee par la fon
tion lin�eaire par mor
eaux, qui joint les



7.5 Rx Non-it�eratif: Alternatif de Con
eption 183points (bk; d�; SIC(bk)), k = 0; 1; : : : ; p, o�urtk = k � (m� k)(n� k) kXi=1 1(m� k + i)(n� k + i) ; k = 0; : : : ; p� 1rtk = p ; k = p (7.77)et d�; SIC(rtk) = (m� k)(n� k) ; k = 0; : : : ; p� 1d�; SIC(rtk) = 0 ; k = p (7.78)o�u m = minfNrx; NtxLg, n = maxfNrx; NtxLg et p = minfNrx; Ntxg.

Gain de Multiplexage: r1 2 3 401
4
9

16 Compromis Optimal

V-BLAST
Code Espa
e-Temps Orthogonal

Gainde
Diversit�e
:d(r) STS/Stripping

Figure 7.16: Compromis diversit�e-multiplexage de di��erentes te
hniques.Ntx = Nrx = 4, L = 1.Pour l'allo
ation optimale des d�ebits qui atteint 
es points, et pour r 2[rtk; rtk+1℄; k = 0; : : : ; p� 1, seules k + 1 streams sont utilis�ees.
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aisLes d�ebits non-z�eros sont ri; p� k � i � p, ave
8><>:(m� k)(n� k)(1� rp�k)=(m� k + 1)(n� k + 1)(1� rp�k+1)= : : :=mn(1� rp)pXi=p�k ri = r (7.79)7.5.3 MIMO DFE ConventionnelLe MIMO DFE Conventionnel fait une d�ete
tion 
onjointe des streams maissu

essivement dans le temps. Les ve
teurs symboles bk sont d�ete
t�e s�equentiellementdans le temps (�g. 7.17). La sortie du DFE est
++

−
decodeuryk F(z)
B(z)

zk b̂kGy(z)

Figure 7.17: MIMO DFE Conventionnelbbk = � B(q)|{z}feedba
k bk + F(q)|{z}feedforward zk ; (7.80)o�u le �ltre feedba
k B(z) =Xi�1 Biz�i est tel que B(z) = I+B(z) est 
ausal,monique et �a phase minimal.I
i aussi, di��erents 
rit�eres sont possibles pour la 
on
eption des �ltres:MMSE ZF, MMSE et MMSE non-biais�e.Le th�eor�eme suivant donne la performan
e, en termes de gain de diversit�e,du MIMO DFE 
onventionnel ave
 une 
on
eption MMSE ZF.Th�eor�eme 3: Pour un 
anal plat ave
 Nrx � Ntx, l'utilisation d'und�ete
teur utilisant un 
rit�ere de distan
e minimale pond�er�ee au moment dela prise de d�e
ision, permet au MMSE ZF DFE Conventionnel d'atteindreun gain de diversit�e �egal �a Ntx:(Nrx � Ntx�12 ).
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epteur It�eratif 185Dans 
ette se
tion on a pr�esent�e deux r�e
epteurs non it�eratifs. Le Strip-ping MIMO DFE, pour des streams ayant des d�ebits et des 
odages di��erents,permet d'atteindre un bon 
ompromis de diversit�e-multiplexage. Par 
ontrepour un 
odage sym�etrique pour toutes les streams le MIMO DFE Conven-tionnel est mieux adapt�e.7.6 R�e
epteur It�eratifDans 
ette partie on pr�esente un d�e
odeur it�eratif, qui utilise le prin
ipeturbo, et it�ere entre l'�egaliseur lin�eaire des symboles et le d�e
odeur du 
odage
anal.7.6.1 Codage
S/P

DEMUX
codage canal entrelaceur modulation ...... T(z)xk


Ntx;k

1;kb1;k

bNs;kFigure 7.18: Stru
ture de l'en
odeur.Fig. 7.18 montre la stru
ture de l'en
odeur. Le 
odage 
anal utilis�e estun 
ode 
onvolutif a�n de pouvoir utiliser le d�e
odeur maximum a posteriori(MAP), impl�ement�e ave
 l'algorithme BCJR de faible 
omplexit�e. Le 
odage
anal est suivi par un entrela
eur des bits 
od�es. L'op�eration suivante est 
ellede la modulation en des symboles QAM. Par la suite on fait une 
onversionde s�erie en parall�ele, a�n de former des ve
teurs symboles qui passent dansle �ltre MIMO T(z) 
orrespondant au s
h�ema STS.7.6.2 D�e
odage It�eratifFig. 7.19 montre la stru
ture du d�e
odeur it�eratif. Le premier blo
 de 
er�e
epteur est l'�egaliseur lin�eaire des symboles transmis. Cette �egaliseur 
on-tient une bran
he d'annulation d'interf�eren
es, l'estim�ee de l'interf�eren
e estfaite d'une mani�ere dou
e en se basant sur l'information extrins�eque obtenue
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SISO

MMSE

EXT_1

EXT_2

Annualtion d’Interferences

De−entrelaceur Decodeur MAP

Re−entrelaceur

...

Figure 7.19: D�e
odage it�eratif ave
 annulation d'interf�eren
es.�a la sortie du d�e
odeur SISO. La 
on
eption de l'�egaliseur est faite sur labase d'un 
rit�ere MMSE qui 
onsid�ere l'interf�eren
es r�esiduelle 
omme dubruit en plus de 
elui dans le 
anal. A la sortie de l'�egaliseur on appliqueune 
onversion de parall�ele en s�erie suivie de l'op�eration de d�emodulationet de d�e-entrela
ement. Par la suite on utilise un d�e
odeur MAP SISO du
odeur 
anal, qui est dans 
e 
as l�a le BCJR, a�n d'extraire l'informationextrins�eque qui sera r�einje
t�ee dans l'�egaliseur.7.6.3 Analyse de Performan
eOn 
ompare les performan
es du STS et du Threading (pour le ThreadingQ = I) par simulation. Pour les deux 
as on utilise le 
ode 
onvolutif (5,7)�a quatre �etats et de d�ebit 1/2. Les performan
es sont �evalu�ees en termesde probabilit�e d'erreur par trame (FER) en fon
tion du Eb=N0 (SNR =REb=N0; R = rNs log2 jAj; � = SNR=Ns). Les simulations sont pour destrames de 512 bits d'information. Le nombre d'it�erations est �x�e �a 5. Onutilise la 
onstellation QPSK.On permet aussi que le 
odage puissent être fait sur plusieurs r�ealisationsdu 
anal F = 1; 2; 4. Ainsi le nombre de bran
hes de diversit�e qui doiventêtre exploit�ees est Ntx:F .Dans les �gures 7.20, 7.21, on observe que lorsque le nombre de bran
hesde diversit�e augmente(Ntx:F ), le STS exploite mieux 
ette diversit�e que leThreading.



7.6 R�e
epteur It�eratif 187On peut don
 
on
lure que l'utilisation du STS permet de mieux exploiter ladiversit�e, par 
ontre une �etude th�eorique de 
e fait n'est pas possible �a 
ausede la diÆ
ult�e d'analyse des te
hniques turbo.

−4 −2 0 2 4 6 8 10 12
10

−4

10
−3

10
−2

10
−1

10
0

Eb/No(dB)

F
E

R

 2 bit/s/Hz, Ntx=2, Nrx=2, DS=2, BCC (G
1
,G

2
)=(5,7)

STS,1 block
STS,2 blocks
STS,4 blocks
Threading,1 block 
Threading,2 blocks 
Threading,4 blocks Figure 7.20: STS/Threading pour (Ntx; Nrx)=(2; 2), L=2, F =1; 2; 4.



188 R�esum�e en fran�
ais

−4 −2 0 2 4 6 8 10 12
10

−5

10
−4

10
−3

10
−2

10
−1

10
0

Eb/No(dB)

F
E

R

 4 bit/s/Hz, Ntx=4, Nrx=4, DS=1, BCC (G
1
,G

2
)=(5,7)

STS,1 block
STS,2 blocks
STS,4 blocks
Threading,1 block 
Threading,2 blocks 
Threading,4 blocks Figure 7.21: STS/Threading pour (Ntx; Nrx)=(4; 4), L=1, F =1; 2; 4.



7.7 Mod�eles de Canal 189Partie II: CSI Partiel au TxLe 
anal i
i ne suit plus une distribution Rayleigh, mais le r�e
epteur aune information sur la stru
ture du 
anal. On 
onsid�ere le 
as plat. Le
odage i
i est fondamentalement la 
as
ade du 
odeur espa
e-temps et dud�e
orr�elateur. Pour l'optimisation du d�e
odeur on prend 
omme 
rit�ere la
apa
it�e ergodique.7.7 Mod�eles de CanalOn reformule la 
apa
it�e ergodique du 
analC = EH ln det(I+ P�2vHSHH) = EH ln det(I+ �NtxHSHH) ; (7.81)o�u � = PNtx�2v et Sxx = PS est la matri
e de 
ovarian
e du signal transmisGaussien qui maximise l'expression 
i-haut sous la 
ontrainte de puissan
etrfSg � 1.7.7.1 Mod�ele �a CheminsDans 
e 
as le 
anal s'�e
ritH = LpXl=1 
lalbTl = ACB (7.82)o�u A = [a1; : : : ; aLp ℄, B = [b1; : : :bLp ℄T sont 
onnus.Lp est le nombre de 
hemins. C = diagf
1; : : : ; 
Lpg, o�u 
l, i = 1; : : : ; Lpsont les gains 
omplexes des 
hemins, ils sont mod�elis�es 
omme Gaussiens demoyenne 0 et de varian
e 1.7.7.2 Mod�ele �a R�e
ipro
it�e Limit�eeDans 
e 
as l�a les 
anaux des
endant (de Tx �a Rx) et montant (de Rx �a Tx)sont les mêmes a part d'un 
oeÆ
ient multipli
atif par antenne. Le 
analmontant WT est 
onnu au Tx, par 
ons�equent le 
anal des
endant peut êtremod�elis�e par H = D1WD2; (7.83)
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aiso�uD1 etD2 sont des matri
es diagonales. Ces matri
e peuvent avoir plusieursmod�eles, le plus 
ommun est que les �el�ements diagonaux soient de puresphases, D1 = diagfej�11; : : : ; ej�1Nrxg et D2 = diagfej�21; : : : ; ej�2Ntxg, o�u les �ilsont i.i.d. et uniform�ement distribu�ees sur [0; 2�℄.7.8 R�esultats7.8.1 Mod�ele �a CheminsOn d�erive 
i-dessous di��erentes solutions possibles.Bas SNR : Ce 
as 
orrespond �a � << 1. Soit � = E(HHH) la matri
e de
ovarian
e du 
anal vue du Tx.La solution �a bas SNR est aussi appel�ee la solution beamforming, elle 
orre-spond �a S = uuH ; (7.84)o�u u est le ve
teur propre 
orrespondant �a la valeur propre maximale de �.Haut SNR : Ce 
as 
orrespond �a � >> 1. La solution est maintenantS = 1minfLp; NtxgUUH ; (7.85)o�u U est la matri
e des ve
teurs propres 
orrespondant aux valeurs propresnon-nulles de �.Water�lling sur la matri
e de 
ovarian
e du 
anal (approxim�e) :Elle 
orrespond au water�lling sur �.Solution optimale : La fon
tion ln det est une fon
tion 
onvexe sur l'ensemble
onnexe des matri
es positives d�e�nies ave
 tra
e �egale �a 1. Par 
ons�equent lasolution optimale peut être 
al
ul�ee par des m�ethodes num�eriques en prenant
omme fon
tion de 
oût la 
apa
it�e ergodique en rempla�
ant l'esp�eran
e parune moyenne des r�ealisations Monte Carlo.Solution pour mod�ele s�eparable :Pour 
ette solution on applique la même m�ethode que 
elle utilis�e pour lasolution optimale, mais o�u les r�ealisations Monte Carlo prennent en 
ompte



7.9 R�esultats des Simulations 191le mod�ele s�eparable de la se
tion 7.3.1 qui 
orrespond aux 
ovarian
es du
anal �a 
hemins.7.8.2 Mod�ele �a R�e
ipro
it�e Limit�eePour 
e mod�ele les solutions optimale et water�lling approxim�e sont aussiappli
able.7.9 R�esultats des SimulationsOn 
ompare les performan
es des di��erentes solutions, ainsi que 
elles rel-atives �a l'absen
e de 
onnaissan
e au Tx S = 1Ntx I, et au 
as o�u on a une
onnaissan
e parfaite (borne sup�erieure des performan
es). Les r�esultats desdeux mod�eles, �a 
hemins (�g. 7.22) et �a r�e
ipro
it�e limit�ee (�g. 7.23), mon-trent que la solution de water�lling sur la 
ovarian
e du 
anal vue du Txatteint des performan
es tr�es pro
hes de 
eux de la solution optimale.
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7.10 Information Mutuelle en Absen
e de CSI au Rx 193Partie III: Absen
e de CSI au Rx
7.10 Information Mutuelle en Absen
e de CSIau RxLe mod�ele de 
anal qu'on prend i
i est plat et peut être s�ele
tif en temps (le
anal varie dans le temps) yk = H(k)xk + vk : (7.86)La dur�ee de la trame est T . On divise la trame en partie pilote (s�equen
ed'apprentissage) 
onnue par Rx: XTS de longueur NTS, et en partie aveugleXB qui 
ontient l'information d'une longueur NB (NTS +NB = T ).Pour k � i on d�e�nit Xki = [Xi;Xi+1; : : : ;Xk℄.7.10.1 D�e
omposition de l'Information MutuelleL'information mutuelle entre le signal transmis et 
elui re�
u estI(YTS;YB;XBjXTS) = I(YB;XBjXTS;YTS): (7.87)L'expansion s�equentielle de 
ette expression donneI(YB;XBjXTS;YTS) = NTSXi=1 I(Yi;XijXTS;Xi�11 ;Yi) ; (7.88)o�u Yi = [YTS;Yi�11 ;YNTSi+1 ℄ 
ontient tout le signal re�
u �a part Yi.De 
ette expression, on peut 
on
lure qu'une mani�ere optimale de traite-ment est d'utiliser les symboles d�ej�a d�ete
t�es 
omme pilote, et le signal futurequi 
orrespond aux symboles non en
ore d�ete
t�es 
omme information aveu-gle pour l'estimation du 
anal. La 
ombinaison de 
es deux parties m�ene�a l'utilisation d'algorithmes semi-aveugles, qui 
ombinent parties pilote etaveugle pour l'estimation de 
anal.
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ais7.10.2 Comportement Asymptotique des Canaux Evanes�
antspar Blo
Dans 
e 
as H(k) = H pour k = 1; : : : ; T , l'information mutuelle moyenneest d�e�nie 
omme Iavg(T ) = 1T I(YB;XBjXTS;YTS) : (7.89)Pour de long blo
, on obtient la limite suivantelimT!1 Iavg(T ) = I(y;xjH) ; (7.90)o�u I(y;xjH) est l'information mutuelle moyenne ave
 
onnaissan
e parfaitedu 
anal au Rx.Ainsi pour un 
anal �evanes�
ant par blo
, il n'y pas de perte de 
apa
it�easymptotiquement dans la longueur de blo
.7.11 Estimation Semi-Aveugle des Canaux MIMOOn vient de voir l'importan
e de l'estimation semi-aveugle du 
anal dans letraitement au r�e
epteur. Cel�a est d'autant plus vrai que pour des 
anauxMIMO le nombre de param�etres �a estimer dans le 
anal est important. Uneappro
he, bas�ee ex
lusivement sur l'estimation ave
 des pilotes, n�e
essite unes�equen
e d'apprentissage d'une longueur importante, 
e qui limite l'eÆ
a
it�espe
trale. L'exploitation de la partie semi-aveugle permet de diminuer lalongueur de 
ette s�equen
e n�e
essaire �a l'identi�
ation du 
anal et d'am�eliorerpar 
ons�equent l'eÆ
a
it�e spe
trale.Le 
anal dans 
ette se
tion est �evanes�
ant par blo
.7.11.1 Canal MIMO platLe signal transmis est mod�elis�e 
omme Gaussien xk � CN(0; �2xINtx). Ond�e�nit R̂ = 1NB NBXk=1 ykyHk .Le 
anal peut être �e
rit en fon
tion de sa d�e
omposition en valeurs singuli�eresH = UDQ =WQ (7.91)



7.11 Estimation Semi-Aveugle des Canaux MIMO 195o�u U(resp. Q) est une matri
e Nrx�minfNrx; Ntxg (resp. minfNrx; Ntxg�Ntx) unitaire, i.e UHU = I (resp. QQH = I).W 
orrespond �a la partie identi�able en aveugle et Q �a la partie identi-�able ave
 la s�equen
e d'apprentissage seulement.Les 
ovarian
es, 
orre
te et estim�ee, du signal peuvent être r�e�e
rites
omme R = U (�2vIminfNtx;Nrxg + �2xD2)UH + �2vU?U?HR̂ = UeSeUHe : (7.92)La varian
e du bruit �2v est suppos�ee 
onnue au r�e
epteur.Deux appro
hes peuvent être propos�ees, l'appro
he Gaussienne exploite lablan
heur du signal transmis, et l'appro
he d�eterministique qui n'exploiteque le sous-espa
e bruit.Appro
he Semi-Aveugle Gaussienne (GSB)Pour 
ette appro
he on propose un algorithme en deux �etapes, la premi�ereidenti�eW en aveugle seulement, et la deuxi�eme identi�e Q ave
 la s�equen
ed'apprentissage. La s�equen
e d'apprentissage est 
hoisie tel queXTSXTSH /I. 1. Identi�
ation de W:� Û 
orrespond aux minfNtx; Nrxg ve
teurs propres les plus domi-nants dans Ue� D̂ 
orrespond minfNtx; Nrxg valeurs propres les plus dominantesdans 1�x (bSe � �2vINrx
+)1=2� Ŵ = ÛD̂2. Identi�
ation de Q: Q̂ = VSH ; (7.93)o�u S et V sont les parties unitaires de la d�e
omposition en valeurssinguli�eres de XTSYTSHŴ = S � VH .Appro
he Semi-Aveugle D�eterministique (DSB)Dans 
ette m�ethode on n'exploite plus les 
orr�elations du signal �a l'entr�eemais seulement le sous-espa
e bruit. Pour que 
e dernier existe, on doit avoirNrx > Ntx. L'information aveugle dans 
e 
as l�a exprime l'orthogonalit�e du
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anal par rapport au sous-espa
e bruit U?;HH = 0. En utilisant une ap-pro
he de minimum d'erreurs quadratiques pond�er�ees on 
ombines la partieaveugle et 
elle de la s�equen
e d'apprentissage dans un 
rit�ere quadratiqueminH ���2v jjYTS �HXTSjj2F + NBjjÛ?HHH jj2F� : (7.94)De la même mani�ere, des appro
hes semi-aveugles Gaussienne et d�eterministiquepeuvent être propos�ees pour des 
anaux s�ele
tifs en fr�equen
e dans le 
asNrx > Ntx [90℄. Dans 
e types de 
anaux on utilise la pr�edi
tion lin�eaire a�nd'extraire l'information aveugle sur la 
orr�elation du signal et le sous-espa
ebruit.7.11.2 Analyse de Performan
eLa �gure 7.24 montre les performan
es des appro
hes GSB et DSB en 
om-paraison ave
 l'appro
he TS, bas�ees seulement sur la s�equen
e d'apprentissage,et la borne de Cramer-Rao (CRB). Le 
anal est 4 � 2 et la longueur dela partie aveugle est NB = 400. Le SNR est �x�e �a 10dB et les perfor-man
es sont donn�ees en erreur quadratique moyenne (MSE) pour di��erenteslongueurs de la s�equen
e d'apprentissage (pilote). On observe que l'utilisationdes m�ethodes semi-aveugles permet de diminuer la longueur de la s�equen
ed'apprentissage n�e
essaire �a une qualit�e d'estimation donn�ee. D'autre part,l'appro
he GSB donne des performan
es quasi-optimales qui sont pro
hes dela borne de Cramer-Rao.
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Figure 7.24: MSE vs NTS: 
anal plat, Ntx = 2; Nrx = 4; NB = 400, SNR=10 dB.7.12 Con
lusionDans 
ette th�ese on a pr�esent�e plusieurs �etudes et solutions pour le 
odage etle traitement de signal dans les syst�emes MIMO. Ce travail est stru
tur�e entrois parties, 
ha
une traite d'un �etat parti
ulier de 
onnaissan
e de 
anal:� Dans la premi�ere partie le CSI est absent au Tx et parfait au Rx. Ona 
ommen
�e par proposer un s
h�ema de 
odage espa
e-temps, le STS,qui est bas�e sur un �ltre de pr�e
odage MIMO.Au r�e
epteur, et pour �eviter d'utiliser le d�e
odeur ML qui a une grande
omplexit�e, on a propos�e trois strat�egies de r�e
eption. Le StrippingMIMO DFE est un r�e
epteur non-it�eratif qui d�ete
te et annule lesstreams su

essivement. On a montr�e th�eoriquement qu'ave
 des 
on-stellations QAM qui ont des tailles qui d�ependent du SNR et du stream,le STS 
ombin�e ave
 le d�ete
teur Stripping MIMO DFE donne des per-forman
es, en termes de 
ompromis diversit�e-multiplexage, meilleuresque 
elles des s
h�emas existants. Le se
ond r�e
epteur non-it�eratif estle MIMO DFE Conventionnel. Par opposition au premier, il utilisela même 
onstellation pour toute les streams. On montre qu'il at-
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aisteint un bon gain de diversit�e. Le dernier r�e
epteur �a être propos�e estit�eratif. Il utilise une d�ete
tion turbo en it�erant entre l'�egaliseur lin�eaireet le d�e
odeur 
orre
teur d'erreur. Les simulations montrent l'avantaged'utiliser le STS par rapport aux appro
hes bas�ees sur un pur 
odage
orre
teur d'erreur (Threading), en parti
ulier pour un nombre impor-tant d'antennes de transmission Ntx, ou en 
as de 
odage sur plusieursblo
s ave
 di��erentes r�ealisations du 
anal (diversit�e temporelle).� Dans la se
onde partie, on a trait�e le 
as de 
onnaissan
e partielle surle 
anal au Tx et parfaite au Rx. Le 
odage dans 
e 
as l�a est fon-damentalement la 
as
ade du s
h�ema STC, d�evelopp�e en l'absen
e deCSI au Tx, et d'un d�e
orr�elateur qui 
olore le signal transmis. Ona �etudi�e la 
ouleur de l'entr�ee qui permet d'atteindre la 
apa
it�e er-godique pour deux mod�eles de 
anaux, le mod�ele �a 
hemins et le mod�ele�a r�e
ipro
it�e limit�ee. Les r�esultats num�eriques montrent qu'une solu-tion quasi-optimale peut être obtenue par le water�lling sur la matri
ede 
ovarian
e du 
anal vue par le Tx.� Dans la derni�ere partie on a �etudi�e le 
as d'absen
e de CSI au Rx etTx. On a montr�e que la 
apa
it�e d'un 
anal �evanes�
ant par blo
 atteintasymptotiquement, dans la longueur du blo
, 
elle obtenue ave
 
on-naissan
e parfaite du 
anal au Rx. D'autre part, la d�e
omposition del'information mutuelle motive l'utilisation d'algorithmes semi-aveuglespour l'estimation du 
anal. Le gain en performan
e par rapport �aune m�ethode bas�ee ex
lusivement sur la s�equen
e d'apprentissage peutêtre important, en parti
ulier l'appro
he GSB atteint même la borneCramer-Rao pour un 
anal plat. Les appro
hes semi-aveugles am�eliorentaussi l'identi�abilit�e et permettent de r�eduire la longueur de la s�equen
ed'apprentissage.
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