Universite
]l soroomne GETEY
Paris Nord cole doctorale

THESE
pour obtenir le grade de
Docteur de 'université Sorbonne Paris Nord
Discipline : "Doctorat de sciences pour l’ingénieur"
présentée et soutenue publiquement par
Ouahbi REKIK

le 08/07/2021

Conception et performance limites pour les futurs
récepteurs mobiles

Directeur de thése : Prof. Anissa MOKRAOUI
Co-directeur de theése : Prof. Karim ABED-MERAIM

JURY
Pascal CHEVALIER, Professeur, CNAM Président du jury
Philippe CIBLAT, Professeur, Telecom Paris tech Rapporteur
Mohamed Nabil EL-KORSO, MCF-HDR, Université Paris Nanterre Rapporteur
Adel BELOUCHRANI, Professeur, Ecole Nationale Polytechnique d’Alger Examinateur
Gabriel DAUPHIN, MCF, Université paris XIII dénommée USPN Examinateur
Anissa MOKRAOUI, Professeur, Université paris XIII dénommée USPN Directrice de these
Karim ABED-MERAIM, Professeur, Université d’Orléans Co-directeur de these

2] |

LABORATOIRE
DE TRAITEMENT ET TRANSPORT DE L'INFORMATION
UNIVERSITE PARIS 13









iv




It is with my deepest gratitude and ap-

preciation that I dedicate this thesis

To my parents;

To my wife.

To my daughter Rana-Sirine;
To my sons Sirejeddine and Jad;

To my brother and my sister.

for their constant source of love,

support and encouragement.



vi




Acknowledgments

« None of us got to where we are alone. Whether the as-
sistance we received was obvious or subtle, acknowledging
someone’s help is a big part of understanding the impor-

tance of saying thank you. 99
HARVEY MACKAY.

o IME goes by so fast and it has been already four years since the first time I came to France
@ to start a PhD thesis at "Université Paris VIII dénommée Université Sorbonne Paris
Nord". Without the guidance of the committee members, the help from my friends and the
encouragement, of my family, my thesis would not have been possible. Therefore, I would like to
thank all people who have contributed in a variety of ways to this dissertation.

First of all, I am so grateful to my country, Algeria, that gave me the opportunity to benefit
from a Phd scholarship.

I would like to express my deepest gratitude to my doctoral supervisors Professor Anissa
MOKRAOUI and Professor Karim ABED-MERAIM for their guidance and support in several
years. It has been a great pleasure for me to work on an interesting PhD project, from which 1
have a great chance to improve my mathematical skills and work with various researchers from
different institutions. I am thankful to them for listening patiently to all my questions, sharing
their knowledge and giving me a lot of outstanding advice to overcome numerous obstacles.

Beside my supervisors, I am deeply thankful to Professors Phlippe CIBLAT and Mohamed
Nabil EL. KORSO, the two reviewers of my dissertation. It is a great honor for me to have my
PhD thesis evaluated by such experts. I also want to express my gratitude to the rest of my thesis
committee: Professors Pascal CHEVALIER, Adel BELOUCHRANI and Gabriel DAUPHIN,
for their insightful comments and encouragements. I appreciate all their hard questions which
helped me to widen my research from various aspects.

Moreover, without hesitation, I would like to thank all my friends in L2TI laboratory



viii

(Université Paris VIII dénommée Université Sorbonne Paris Nord) for their encouragement and
support. They made my stay and study in this lab more enjoyable. I am happy to share a lot of
memorable moments with them.

Thank you very much, everyone !

—>0CZ200<¢>




Résumé

Les systemes de communications MIMO (Multiple Input Multiple Output) ainsi que leur récente
version a grande-échelle, appelée MIMO massive, sont considérés comme des technologies poten-
tielles pour les standards de communication sans fil actuels et futurs, grace a leurs puissantes
capacités d’amélioration des performances. Néanmoins, afin d’exploiter pleinement tous leurs
potentiels, une grande attention doit étre accordée aux opérations d’identification du systéme et

d’égalisation des canaux de transmission, qui restent une préoccupation actuelle.

Dans ce contexte, la principale contribution de cette these s’inscrit dans le cadre de
I’identification des systémes de communication, a travers I’estimation des canaux, ainsi que
I’égalisation des canaux via les techniques de séparation de sources, et ce pour des modeles de
communications linéaires et non linéaires. Ainsi, en adoptant des approches semi-aveugles, des
analyses de performances ainsi que le développement d’algorithmes efficaces sont mis en avant
en considérant différents contraintes/problémes tels que la contamination des pilotes, rencon-
trés principalement dans les systemes MIMO massifs, les effets des non-linéarités ainsi que les
interférences inter-symboles et inter-utilisateurs .En plus, pour un meilleur gain en performance,
I’accent est mise aussi sur I'exploitation des a priori sur les systemes tels que les séquences

d’entrainement (pilotes), la sparcité du canal et la structure de la matrice de données.

Pour ce faire, une analyse des performances limites est réalisée a travers les bornes de Cramer-
Rao (CRB : Crameér-Rao Bounds); et qui démontre 'efficacité des techniques semi-aveugles pour
surmonter le probleme de la contamination des pilotes dans les systemes MIMO-OFDM (MIMO
Orthogonal frequency-Division Multiplexing) massifs. Cette efficacité est démontrée pour le cas

de cellules synchrones et non-synchrones dans un réseau cellulaire.

Cette étude nous a motivé a adopter les approches semi-aveugles pour 1’égalisation des
canaux et la détection des données via des techniques de séparation de sources. Une solution
basée sur les modules multiples (MM : Multi-Modulus) est proposée pour démixer des mélanges
instantanés dans des systemes MIMO massifs. En ’absence d’informations préalables sur le
canal de communication, une optimisation d’une fonction colit semi-aveugle est effectuée de

maniere itérative avec un pas optimisé. Cette solution est ensuite étendue au cas des systemes



de communication MIMO-OFDM massifs (modeéle convolutif), ou nous estimons une matrice de
séparation indépendamment de la sous-porteuse. Les deux solutions présentent des performances
intéressantes sous l'effet de la contamination des pilotes.

Aussi, en considérant des a priori sur le systeme, tels que les pilotes; la parcimonie du
canal et la structure de la matrice de données, nous mettons en avant I’estimation conjointe du
canal de transmission parcimonial et des données sous forme d’un probléme d’optimisation. La
solution semi-aveugle proposée est basée sur 'approche d’approximation convexe successive (SCA
: Successive Convex Approximation), ot I'optimisation est effectuée sur un probleme approximatif
convexe, plutdét que sur le probleme original non convexe, avec convergence garantie vers un
point stationnaire.

Ensuite, en considérant des systémes de communication multicanaux non linéaires, un
estimateur de canal basé sur le maximum de vraisemblance (ML : Maximum Likelihood) est
proposé. Une version aveugle est proposée en combinant une technique de sous-espace et
lalgorithme EM (Expectation-Maximization), avec de nouvelles techniques de suppression d’
ambiguités. Aussi, une version semi-aveugle est proposée, qui permet de se débarrasser de
I’ambiguité inhérente au traitement aveugle et d’obtenir de meilleures performances d’estimation
du canal de transmission.

Enfin, nous initions une étude liée au potentiel de 'approche d’apprentissage profond (DL :
Deep Learning) au niveau de la couche physique. Ainsi, la détection de données dans les systémes
non linéaires est traitée comme étant un probléme de classification basé sur le DL. Les résultats
obtenus montrent que le DL offre un potentiel prometteur pour des applications au niveau de la
couche physique.

Mots Clés— MIMO/ MIMO massif, OFDM, CRB, semi-aveugle, méthode sous-espace,
algorithme EM, SCA, MMA, Deep Learning
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Abstract

Multiple Input Multiple Output (MIMO) communications systems as well as their recent large-
scale version, called massive MIMO, are seen as potential technologies for current and future
wireless communications standards, thanks to their powerful performance-enhancing capabilities.
Nevertheless, in order to fully exploit all their potentials, great attention has to be given to the
system identification and communications channel equalization tasks, which remain a current

concern.

In this context, the main contribution of this thesis falls into the scope of communications
system identification, through channel estimation, as well as channel equalization via source
separation techniques, for linear and nonlinear system models. Thus, by adopting semi-blind
approaches, performance analysis as well as efficient algorithms development are put forward
by considering different constraints/issues such as pilot contamination, encountered mainly in
massive MIMO systems, nonlinearities effects as well as inter-symbol and inter-user interference.
Furthermore, for a better performance gain, emphasis is also put on the exploitation of priors on

the systems such as training sequences (pilots), channel’s sparsity, and data matrix structure.

To do so, a performance bounds analysis is carried out through the Cramer-Rao Bounds (CRB);
which demonstrates the effectiveness of semi-blind techniques to overcome the problem of pilot
contamination in massive MIMO-OFDM (MIMO Orthogonal frequency-Division Multiplexing)
systems. This effectiveness is demonstrated for the case of synchronous and non-synchronous

cells in a cellular network.

This study motivated us to adopt semi-blind approaches for channel equalization and data
detection via source separation techniques. A Multi-Modulus based (MM) solution is proposed
for demixing instantaneous mixtures in massive MIMO systems. With no priors on the commu-
nications channel, an optimization of a semi-blind cost function is performed iteratively with an
optimized step size. This solution is then extended to the case of massive MIMO-OFDM commu-
nications systems (convolutive model), where we estimate a separating matrix independently of

the sub-carrier. Both solutions exhibit interesting performance under pilot contamination effect.

Also, by considering priors on the system, such as pilots; channel’s sparsity and data matrix
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structure, we put forward a joint sparse channel estimation and data recovery as an optimization
problem. The proposed semi-blind solution is based on the Successive Convex Approximation
(SCA) approach, where the optimization is performed on an approximate convex problem, rather
than the original non-convex one, with guaranteed convergence to a stationary point.

Then, by considering nonlinear multichannel communications systems, a Maximum Likelihood
(ML)-based channel estimator is proposed. A blind version is proposed by combining a subspace
technique and the Expectation-Maximization (EM) algorithm, with new ambiguity removal tech-
niques. Also, a semi-blind version is proposed, which helps getting rid off the inherent ambiguity
of blind processing and obtaining better communications channel estimation performance.

Finally, we initiate a study related to the potential of the Deep Learning (DL) approach on
the physical layer. Thus, data detection in nonlinear communications systems is treated as a
DL-based classification problem. The obtained results show that DL offers promising potential
for applications at the physical layer.

Keywords— MIMO/ massive MIMO, OFDM, CRB, semi-blind, subspace method, EM
algorithm, SCA, MMA, Deep Learning

—>0CZ00<=—




Contents

Acknowledgments vii
Résumé ix
Abstract xi
Contents xiii
List of Tables xvii
List of Figures xix
1 Introduction 1
1.1 Overview . . . . . o e e e e e e e 1
1.2 Communications channel estimation . . . ... ... ... .. ... ........ 4
1.3 Source separation for data detection . . . . ... ... ... ... ... ... .. 4
1.4  Deep learning for communications systems . . . . . . . . ... oo 5
1.5 Thesis purpose and manuscript organization . . . . . . . . .. ... ... ... 5
1.6 List of contributions . . . . . . . . .. 8

2 Semi-blind channel estimation performance limits for massive MIMO-OFDM
systems 11
2.1 Introduction . . . . . . . . .. e e 13
2.2 Massive MIMO-OFDM system model . . . . .. .. .. ... .. ... 15
2.3 Effect of pilot contamination with perfectly synchronized cells . . . . . . . .. .. 17
2.3.1 Pilot contamination effect . . . . . . . ... ... L 17
2.3.2  Cramér-Rao Bound derivation . . . ... ... ... ... ... ...... 18
2.3.2.1 CRB for pilot-based channel estimation . . . . .. .. ... ... 19

2.3.2.2 CRB for semi-blind channel estimation . . . . ... .. .. ... 20



xiv Contents

2.3.2.3 Gaussian source signal . . . . . ... oL L oo 21

2.3.2.4  Finite alphabet source signal . . . . .. ... ... ... ..... 22

2.4 Effect of pilot contamination with unsynchronized cells . . . . . . .. .. ... .. 24
2.4.1 Small inter-cell delay case . . . . . .. . ... . oL 24
2.4.2 Large inter-cell delay case . . . . . . . . . .. ..o 25
2.4.3 LS-DF estimator performance analysis . . . . . .. .. ... ... ... .. 26

2.5 Performance analysis and discussions . . . . . . . . ..o 28
2.5.1 Perfectly synchronized BSs . . . . . . .. ... o oo 28
2.5.2  Unsynchronized BSs . . . . . . .. .. o 31

2.6 Conclusion . . . . . . . 35
Semi-blind multi-modulus based source separation 37
3.1 Introduction . . . . . . . . oL 39
3.2 Instantaneous system model . . . . . . . ..o oL L 39
3.2.1 Communications system model and problem formulation . . . . . . .. .. 40
3.2.2  Semi-blind source separation . . . . ... ... 40
3.2.2.1  Multi-Modulus criterion . . . . . .. ..o 0oL 41

3.2.2.2 Pilot-based criterion . . . . .. ... Lo oo 42

3.2.3 Optimal step size . . . . . . . . . e 42
3.2.4  SB-MM source separation under the effect of pilot contamination . . . . . 44

3.3 Convolutive system model: MIMO-OFDM system model . . . . . ... ... ... 44
3.3.1 Communications system model and problem formulation . . . . . ... .. 44
3.3.2  Proposed Semi-blind source separation . . . . . .. ... ... ... 46
3.3.2.1  Multi-Modulus criterion (MM) . . . ... ... ... ... ..., 46

3.3.2.2 Pilot-based criterion . . . . .. ... L o oo 46

3.4  Multi-cell case and pilot contamination . . . . . . . .. .. ... L. 47
3.5 Performance analysis and discussions . . . . . . .. .. L o oL 47
3.6 Conclusion . . . . . . . L 50

Joint channel estimation and data detection with successive convex approxi-

mation 57
4.1 Introduction . . . . . . . . . . e e 59
4.2 System model . . . ... 59

4.3 Proposed channel estimation and data recovery framework . . . . . . .. ... .. 60



Contents XV

4.3.1 Problem formulation . . . . ... ... L Lo oo 60
4.3.2 Proposed solution . . . . . . . ... e 61
4.3.3 Optimal step size computation . . . .. ... ... ... ... ....... 63
4.3.4 Alternative solutions . . . . . . . . . .. L 64
4.4  Performance analysis and discussion . . . . . . .. ... L oL 65
4.5 Conclusion . . . . . . e 68

5 Blind and semi-blind multichannel identification for nonlinear communica-

tions systems 71
5.1 Imtroduction . . . . . . .. L 74
5.2 Systemmodel . . ... e 76
5.3 Blind EM-based estimation . . . . . . ... ... o 78
5.3.1 Subspace-based estimation . . . ... ... ... ... L. 78
5.3.2  Ambiguity removal for quadratic nonlinearity . . . . . .. .. ... .. .. 80
5.3.3  Ambiguity removal for cubic nonlinearity . . . .. .. ... ... ... .. 81
5.3.4 EM-based estimation . . . . . . ... ..o L oo oo 82
5.34.1 E-step . . . . .o 82

5.3.4.2 M-step . . ... 83

5.3.5 Data detection within EM framework . . .. ... ... ... ... ... 84

5.4 Semi-blind EM-based estimation . . . .. ... . ... ... . 85
541 E-step . . . . .o 85
5.4.2 M-step . . . . L 85
5.4.3 Extension to Nonlinear MIMO systems . . . . .. .. ... ... ..... 86

5.5 Identifiability results and performance bounds . . . . . . . .. ... ... 86
5.5.1 Identifiability results . . . . . . . . ... oo 86
5.5.2  Deterministic Cramér-Rao Bound (CRB) . . . ... ... ... ...... 88

5.6 Generalization and numerical complexity . . . . . . . ... oo 90
5.6.1 Generalization . . . . .. ... 90
5.6.2 Algorithms’ complexity discussion . . . . . ... .. ... ... ... .. 90

5.7 Performance analysis and discussion . . . . . . .. ..o 91
5.8 Conclusion . . . . . . . e e e 94

6 Deep Learning based data detection for nonlinear communications systems 101

6.1 Introduction . . . . . . . . . . e 103



xvi Contents

6.2 Communications system model and problem formulation . . . . . ... ... ... 104
6.3 Classical approaches for nonlinear systems data detection . . .. ... ... ... 104
6.4 Proposed deep learning based data detection . . . . ... ... ... 000, 105
6.4.1 DL network architecture . . . . . . . . ... oo 105
6.4.2 Learning strategy . . . . . . . . . ... 107

6.5 Complexity discussion . . . . . . . . . . . e e e e e e 107
6.6 Experimental results and discussion . . . . .. .. . Lo oo 108
6.6.1 Experimental settings . . . . . . .. ... .. Lo 108
6.6.2 Simulation results and discussion . . . . ... ... 108

6.7 Conclusion . . . . . . L 110
7 Conclusion and future work 113
7.1 Achieved work . . . . . . . 114
7.2 Thesis contributions . . . . . ... 115
7.3 Future work . . . . . . L 116

A Appendix: Performance Bound Analysis of Side Information Effect on MIMO-

OFDM Channels Semi-Blind Identification 119
A1 Introduction . . . . . . . . L 122
A2 MIMO-OFDM Communications System Model . . . . ... ... ... ...... 122
A.3 CRB derivation for subcarrier channel coefficients estimation . . . . .. ... .. 124
A.3.1 Pilot-based CRB derivation . . . . ... ... ... ... ... ..., 124
A.3.2 Semi-blind CRB derivation . . . ... ... ... ... ... ... ... 125
A.4 CRB derivation for channel taps estimation . . . . . . ... ... ... .. .... 125
A.4.1 Pilot-based CRB derivation . . . . ... ... ... ... ... 125
A.4.2 Semi-blind CRB derivation . . . .. ... ... ... ... ... ..., . 126
A.5 CRB derivation for specular channel estimation . . . . . . ... ... ... .... 126
A.6 Simulation results . . . . .. L. 127
A7 Conclusion . . . . . . e 128

Bibliography 141



List of Tables

2.1 Performance bounds analysis simulation parameters. . . . . . .. .. ... .. .. 28
3.1 Average number of iterations for convergence (instantaneous model) . . ... .. 49
3.2 Average number of iterations for convergence (MIMO-OFDM model) . . . . . . . 53
4.1 ST-SCA simulation parameters. . . . . . . . . . . . . . . e 66
4.2 CPU time (in seconds) for one iteration. . . . . . . .. .. ... ... ... ... 67
5.1 Nonlinear models simulation parameters . . . . . . ... ... ... ... ..... 92
6.1 Simulation parameters. . . . . . . . ... 109

A.1 Simulation parameters. . . . . . . . . .. e e e e e 128



xviil List of Tables




List of Figures

2.1

2.2
2.3
2.4
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13
2.14
2.15

3.1

3.2

3.3
3.4

3.5

[lustration of pilot contamination in massive MIMO-OFDM systems where usery o

and userg o (resp. usery; and userp ) share the same training sequence. . . . . . 13
MIMO-OFDM communications system. . . . . . .. .. .. ... ... .... 16
Block-type pilot arrangement . . . . . . ... Lo Lo Lo 19
LS-DF semi-blind channel estimation approach. . . . . . . . ... ... ... ... 27
Normalized CRB versus SNR. . . . . . . .. .. o o 30
Normalized CRB versus SNR with six adjacent cells. . . . . .. ... ... .. .. 31
Gaussian CRB versus SNR with different orthogonality levels. . . . . . .. .. .. 31
Normalized CRB versus SNR with i.i.d. pilots. . . . ... ... ... ... .... 32
Normalized CRB versus number of OFDM data symbols Ng. . . . .. ... ... 32
Normalized CRB versus number of BS antennas N,.. . . . ... ... ....... 33
Normalized CRB versus SNR with channel order overestimation. . . .. ... .. 33
NMSE of LS and LS-DF estimators versus SNR with small inter-cell delays . . . 34
NMSE of LS and LS-DF estimators versus SNR with large inter-cell delays. . . . 35
NMSE of LS and LS-DF estimators versus SNR with i.i.d. pilots. . . . . .. ... 35
NMSE of LS and LS-DF estimators versus SNR with different data powers. . . . 36

Average SER vs SNR for blind and semi-blind source separation with random

initialization (N, =20,N; =4, Ng=100,Np =5) . .+« o oo i i oo 50
Average SER vs SNR for blind and semi-blind source separation with pilot-based

initialization (N, =20,N; =4,Ng=100,Np=5). . . . . . ... . ... ... ... 50
Average SER vs SNR with LS and LF (N, =20, Ny =4,N;=100,N,=5) . ... b5l

Average SER vs number of pilots NN, for blind and semi-blind source separation
(N, =20,N; =4,Ng=100,SNR=5dB) . . . .. ... 51
Average SER vs number of data symbols Ny for blind and semi-blind source

separation (N, =20,N; =4,N,=5,SNR=5dB) . ... .. ... .. ....... 52



3.6

3.7

3.8

3.9

3.10

3.11

3.12

4.1

4.2

4.3

4.4

5.1

5.2

5.3

5.4

9.5

5.6

XX List of Figures

Average SER vs SNR under pilot contamination with asynchronous cells (N, =

20,Ny =2per celLN. =4,Ng=100,N, =5) . . .. .. ... ... ... ... 52
SER vs SNR with LS (MIMO-OFDM model). . . . . . ... ... ... ...... 53
SER vs SNR with LF (MIMO-OFDM model). . . . . .. ... ... ... ..... 53
SER vs SNR with 16-QAM (MIMO-OFDM model). . ... .. ... ... .... 54
SER vs SNR with 64-QAM (MIMO-OFDM model). . ... ... ... ...... 54
SER vs a with Np =1,3,9 pilot symbols (MIMO-OFDM model). . . . ... ... 55

SER vs SNR with pilot contamination (N, =3 , Ny =2) (MIMO-OFDM model). 55

NMSE of channel matrix H estimate vs. SNR. . . . . . ... ... ... ..... 67
NMSE of data matrix S estimate vs. SNR. . . . . . . . . . .. ... ... .... 68
SER vs. SNR. . . . . o 68
Cost function vs. number of iterations at SNR =10dB. . . . ... .. ... ... 69
Proposed blind channel estimation scheme. . . . .. .. .. ... L. 76

Architecture of the considered SIMO system, where f(.) is a nonlinear function

w.r.t. the linear signal w . . . . . . .. .. L Lo 7

NMSE vs. SNR with different values of the weight « (see (5.48)), indicated in

superscript, for the blind and semi-blind ‘linear’ EM-based estimators. . . . . . . 94

SER vs. a with SNR = 5 dB for linear blind and semi-blind (L-B, L-SB) EM-based
estimators and for nonlinear (NL-B, NL-SB) ones. . . . . ... ... ... .... 95

NMSE vs. SNR for subspace-based estimator (hgs), blind (hgy—p) and semi-blind
(hgny—sp) EM-based estimators benchmarked against the semi-blind Gaussian CRB
(G-CRBgp), the cumulant-based technique [1] (hcym) and the fully-pilot-based
estimator (hpror), in both cases: (a) quadratic model and 4-QAM modulation,

and (b) quadratic model and 16-QAM modulation. . . . . . ... ... ... ... 95

NMSE vs. SNR for blind (hgy—p) and semi-blind (hgy—sp) EM-based estimators
benchmarked against the fully-pilot-based estimator (hpior). We consider a
quadratic model, 4-QAM modulation and a MIMO system with N; =2, N, =4,
and M = 2. hjyi; is included for reference and refers to a pilot-based estimator

using available pilot symbols. . . . . ... Lo L oo 96



List of Figures xxi

5.7 NMSE vs. SNR for subspace-based estimator (hgg), blind (hgy—p) and semi-blind
(hpvi—s) EM-based estimators benchmarked against the semi-blind Gaussian
CRB (G-CRBgg) and the fully-pilot-based estimator (hpij,or), in the case of a
quadratic model, 4-QAM modulation and N, =9 receive antennas. . . . . . . . .

5.8 NMSE vs. SNR for subspace-based estimator (hgg), blind (hgy—p) and semi-blind
(hpvi—sB) EM-based estimators benchmarked against the semi-blind Gaussian
CRB (G-CRBgp) and the fully-pilot-based estimator (hpi,or). We consider a
cubic model and 16-QAM modulation. . . . . . ... ... ... ... ... ...

5.9 NMSE vs. SNR with M =4 and Myp = 2 for subspace-based estimator (hgg),
blind (hgym_p) and semi-blind (hgy_sg) EM-based estimators benchmarked
against the fully-pilot-based estimator (hpi,or). We consider: (a) quadratic
model and 4-QAM modulation, and (b) cubic model and 16-QAM modulation.

5.10 Number of iterations for convergence vs. SNR for blind (B) and semi-blind (SB)
EM-based estimators considering different nonlinearities and modulations. . . . .

5.11 Number of iterations for convergence vs. SNR considering a quadratic model, a
4-QAM modulation, and N, =9 receive antennas. . . . . . . . . . .. .. ... ..

5.12 NMSE vs. number of iterations for subspace-based estimator (hgg), blind (hgy_B)
and semi-blind (hgy_sg) EM-based estimators benchmarked against the fully-
pilot-based estimator (hp,or), in the case of a quadratic model and 4-QAM
modulation at SNR =10dB. . . . ... ... . o

5.13 NMSE vs. number of pilots N, for subspace-based estimator (hgg), blind (hgy—p)
and semi-blind (hgy_sg) EM-based estimators benchmarked against the fully-
pilot-based estimator (hpipor), with a quadratic model and 4-QAM modulation
at SNR=10dB. . . . . . .

5.14 SER vs. SNR for subspace-based estimator (SS), blind (EM-B) and semi-blind
(EM-SB) EM-based estimators benchmarked against the fully-pilot-based estimator
(PILOT), with a quadratic model and 4-QAM modulation. . . . ... ... ...

6.1 DL based data detection. . . . . . . . ... Lo
6.2 DL network architecture adopted. . . . . . . .. ... oo oo
6.3 Accuracy v.s. SNR. . . . . . L
6.4 SER v.s. SNR. . . .o
6.5 SER vs. power level between linear and nonlinear terms Py, — Py, with variable

linear channel estimate accuracy NMSE(Hy) at SNR=10dB. . . . . . ... ..

96

97



6.6
6.7

Al
A2
A3

xxii List of Figures

SER v.s. SNR for different number of receive antennas N,.. . . . ... ... ... 111
SER v.s. SNR for 4-QAM and 16-QAM constellations, with Ny =2, N,, =2 and

5-th order nonlinear model. . . . . . . . . . ..o 112
Normalized CRB vs SNR. . . . . . . . e 128
Normalized CRB vs number of pilot symbols. . . . . . ... .. ... ... .. .. 129

Normalized CRB vs number of data symbols. . . . . .. .. .. ... ... .. .. 129



Abbreviations

ADMM Alternating Direction Method of Multiplier
AWGN  Additive White Gaussian Noise

BCD Block Coordinate Descent

BPSK  Binary Phase Shift Keying

BS Base Station

BSS Blind Source Separation

CG Circular Gaussian

CMA Constant Modulus Algorithm
CP Cyclic Prefix

CRB Cramér-Rao Bound
CSI Channel State Information
DFE Decision Feedback Equalizer

DoA Direction-of-Arrival
DL Deep Learning
EM Expectation Maximization

FFT Fast Fourier Transform
FIM Fisher Information Matrix
HOS Higher Order Statistics

ii.d. independent and identically distributed
LF Least Fourth
LS Least Squares

LS-DF  Least Squares-Decision Feedback
LTE Long Term Evolution

MIMO  Multiple-Input-Multiple-Output
MISO Multiple-Input-Single-Output



XXiv

List of Figures

ML
MMA
MSE
NMSE
NN
OFDM
OoP
PARAFAC
PSD
QPSK
SB
SCA
SER
SNR
SIMO
SOS

SS
ST-SCA
TDD
w.r.t
ZC

A

Maximum Likelihood
Multi-Modulus Algorithm

Mean Squared Error

Normalized Mean Squared Error
Neural Network

Orthogonal Frequency Division Multiplexing
Optimization Problem

PARAIllel FACtors decomposition
Power Spectral Density
Quadrature Phase Shift Keying
Semi-Blind

Successive Convex Approximation
Symbol Error Rate
Signal-to-Noise Ratio
Single-Input-Multiple-Output
Second Order Statistics

Subspace

Soft Thresholding Successive Convex Approximation
Time Division Duplexing

with respect to

Zadoff-Chu

Zero-Forcing

>0 200>




Notations

R(.), S(.)
N (u, C)

Oaxb

2
1]

lower case letters for scalars

lower case boldface letters for (column) vectors

upper case boldface letters for matrices

hat is used to denote an estimate

diagonal matrix with entries of x spread along the diagonal
operator stacking the diagonal of a matrix into a vector
operator stacking the columns of a matrix into a vector
transpose operator

complex conjugate operator

conjugate transpose (Hermitian) operator

pseudo-inverse operator

trace of a matrix

expectation operator

real and imaginary parts of complex variables

Gaussian distribution with mean p and covariance matrix C
identity matrix of size m x m

all-zeros matrix of size a x b

L2 norm

Kronecker product

convolution operator.




xXxVi List of Figures




CHAPTER

Introduction

% Creativity requires the courage to let go of certainties . 99
EricH FroMM

1.1 Overview

Mobile and wireless technologies have improved substantially [2]; allowing continuous accessibility
to the user for situations where installation of physical equipment is not feasible and which
require on-the-spot access to information via voice or data. Along, wireless devices become
remarkably convenient and affordable, leading to the expansion of wireless communications
applications. Public welfare agencies such as police, fire safety, and ambulance services are using
extensively mobile computing devices for their daily tasks. Airline staff are gathering information
about ticketing, flight scheduling, and luggage using wireless devices. Electronic bills enable
consumers to receive and pay their bills using a phone by Wireless Application Protocol (WAP).
Hand-held devices used by courier companies such as Federal Express, UPS, and DHL have
adopted the wireless and mobile computing technology for parcel tracking, as well as emergency
drop or pickups of shipments. Also, besides the importance of transmitting voice, data and
video in real time with high accuracy, military leaders are focusing more and more on advanced
wireless technologies to help create a digitally networked force, which uses wearable computers
and wireless radios to help create composite view of the battlefield [3]. In the background, the

same wireless appliances are improving the efficiency of logistics and maintenance personnel.
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Moreover, mobile cellular communications have become the most common radio access
application for wireless communications in nowadays. Indeed, such an astonishing development
of the mobile cellular networks has gone through different technology generations ranging from
the first genaration (1G) to the fifth one (5G) so far [1]. While the first generation (1G) of mobile
communications refers to the analog mobile radio systems used in 1980s, the second generation
(2G) resulted from the appearance of the digital technologies mainly the Global System for
Mobile communications (GSM) and the Code Division Multiplexing Access (CDMA) [5] which,
with high system capacity and quality of service, have been standardized as 2G technologies
and have spread all over the world [0]. Later on appeared the standard GPRS (General Packet
Radio System) as 2.5G and the EDGE (Enhanced Data Rates for Global Evolution) norm
as 2.75G leading to high throughput. Such a success motivated the development of the third
generation (3G) through the norm UMTS (Universal Mobile Telecommunications System) and
the protocol HSDPA (High-Speed Downlink Packet Access) considered as 3.5G, which boosted
new applications such as internet browsing and audio/video streaming. The fourth Generation
(4G), introduced in 2012, aimed at delivering high speed communication with enhanced security to
enable high definition mobile TV, video-conferencing and pervasive computing with bandwidths
up to 150 Mbps. Long-Term Evolution (LTE) delivered the technological fundament to fulfill
the 4G standards. But only the enhanced LTE+ or LTE Advanced (LTE-A) has met the 4G
requirements. The milestone technologies of 4G systems were Multiple-Input Multiple-Output
(MIMO) and Orthogonal Frequency Division Multiplexing (OFDM) techniques [7]. The 5-th
generation (5G) of mobile networks is a new global wireless standard, that enables a new kind
of network which is designed to connect virtually everyone and everything together including
machines, objects, and devices. Indeed, 5G wireless technologies are meant to deliver higher
multi-Gbps (Giga Bit per second) peak data speeds, ultra low latency, more reliability, massive
network capacity with increased availability. Among the prime technologies for sustaining the

requirements of 5G are the millimeter wave (mmWave) and massive MIMO systems [%].

For the purpose of increasing substantially the data throughput and radio communications
reliability, multiple antennas have been used at the transmitter side (Multiple-Input Single-
Output : MISO), at the receiver side (Single-Input Multiple Output : SIMO) or at both (MIMO)
[9, 10]. Indeed, MIMO architectures allow more degrees of freedom provided by the spatial
dimension, that can be exploited to either transmit simultaneously independent data-streams,
i.e. spatial multiplexing, or perform multiple transmission of single data stream, i.e. spatial

diversity. Furthermore, it has been noticed that, with a higher number of Base Station (BS)
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antennas, around few hundreds compared to the classical MIMO systems (8 antennas for the
LTE), important gains in spectral and energy efficiencies are obtained. Such systems are called
massive MIMO or large-scale MIMO systems [11, 12, 13]. These systems hold promises of
boosting system’s throughput by 10 times or more while simultaneously serving tens of users in
the same time-frequency resources [14], which allow enhancement of both throughput and system
capacity in order to satisfy the increasing amount of data exchange and demand for quality of

service for the future cellular networks.

For data modulation and multiplexing/demultiplexing, OFDM is a very efficient modulation
technique that can achieve very high throughput by transmitting on a great number of carriers
simultaneously. It helps improving the system robustness against frequency-selective fading
channels by converting the overall channel into a number of parallel flat fading channels [15].
Besides, the OFDM eliminates the inter-symbol interference and inter-carrier interference thanks
to the use of a cyclic prefix and an orthogonal transform. Moreover, the combination of MIMO
technology with OFDM called MIMO-OFDM systems, has enabled high speed data transmission
and broadband multimedia services over wireless links [15, 16]. Although being used successfully
for LTE and LTE-Advanced, many variants of OFDM, such as Constant-Envelope OFDM (CE-
OFDM) or Generalized FDM (GFDM), are proposed for 5G systems [17] in order to overcome
the inherent Peak-to-Average Power Ratio (PAPR) issue.

In order to fully exploit all of the potentials offered by the aforementioned technologies,
efficient system identification and channel equalization remain critical tasks. Actually, systems
identification aims at estimating the Channel State Information (CSI), which is exploited for
coherent detection of the transmitted signals at the receiver side. Whereas, on transmitter side,
it is used to design efficient precoding schemes for inter-user interference cancellation. The task
of channel equalization is usually performed to compensate the distortion of the transmitted
signal imposed by the communications channel, and hence recover the transmitted data. In this
context, source separation techniques, used essentially for the multi-user case, is an alternative

that aims to detect the transmitted data without direct priors on CSI.

On the other hand, an important interest has been given recently to machine learning and,
and perticularly Deep Learning (DL) approaches, for the purpose of obtaining gains over existing
physical layer algorithms. In deed, communications is a field of rich expert knowledge focusing
on modeling channels of different types, compensating for various hardware imperfections and
designing optimal signaling and detection schemes for reliable data transmission. However,

there still exist complex communications scenarios that are difficult to describe with tractable
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mathematical models and hence, can be treated with leaned systems [18].

1.2 Communications channel estimation

Communications channel refers to the propagation environment between the transmitter and
the receiver. Several channel models and channel estimation approaches have been developed
and proposed in literature. Basically, two main classes of channel estimation approaches have
been adopted. The first class refers to pilot-based channel estimation which is performed by
using training sequences, called pilots, that are inserted in the data frames and are known q
priori by both the transmitter and the receiver. Such an approach is the most commonly used in
communications standards [19, 20] for its low computational complexity and high robustness.
However, its main drawbacks are the vulnerability to the problem of pilot contamination in
massive MIMO systems and the bandwidth waste induced by the use of pilots, since a relatively
important number of pilots is needed for accurate CSI. In the case where no pilots are available,
blind channel estimation approaches are adopted as the second class. They are fully based on the
statistical properties of the unknown transmitted symbols [21, 22]. Such approaches reduce the
overhead but still need a large number of data symbols. Nevertheless, each channel estimation
class has its own benefits and drawbacks. Generally, the first class (i.e. pilot-based channel
estimator) provides a more accurate CSI, at low computational complexity, compared to the blind
estimation class. However, the later, in most cases, increases the spectral efficiency compared to
the first one. Therefore, it would be advantageous to retain the benefits of the two techniques
through the use of semi-blind (SB) approaches [23, 24, 25] which exploit both data and pilots to

achieve the desired channel estimation performance.

1.3 Source separation for data detection

Source separation is a main field of research in signal processing, which aims at retrieving
a set of statistically independent source signals from a set of observed mixtures. In digital
communications, source separation is used for the task of channel equalization, in order to recover
the unknown data of different users transmitted through a distorting propagation medium known
as communications channel. With no training sequences nor prior knowledge on the channel,
Blind Source Separations (BSS) is an efficient alternative that has been widely investigated in
the literature[20] [27]. BSS processes the received signal based on a priori knowledge about the
statistics or the nature of the transmitted signals, through the optimization of an appropriate

cost function. However, when training symbols are availabkle, a semi-blind approach can be
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adopted through the minimization of a semi-blind cost function [25].

1.4 Deep learning for communications systems

DL-based approaches have been successfully used in many filds espacially in computer vision and
natural language processing. Indeed, while it is almost impossible to define a robust algorithm for
handwritten digits or objects detection in an image due to difficulties of characterizing real-world
images or languages with rigid mathematical models, it is almost trivial to design DL-based
techniques that can learn to accomplish such tasks even beyond human levels of accuracy [29].
In communications, on the other hand, researchers have designed channel models and transmit
signals that enable straightforward algorithms for symbol detection or system identification.
However, for complex communications scenarios that are difficult to describe with tractable
mathematical models[18], or for complex techniques/algorithms that are difficult to implement in
practice, DL-based techniques are expected to overcome such difficulties and even yield significant
improvements over classical approaches. Actually, it is believed that DL applications can be
useful and insightful way of fundamentally rethinking the communications system design; and

hold promise for performance improvements in the physical layer.

1.5 Thesis purpose and manuscript organization

This thesis is concerned with the channel estimation and data detection, for linear and nonlinear
communications systems, by relying on mathematics-based tools then by using deep learning
based approaches. More precisely, this thesis focuses on performance analysis and algorithms
development when adopting semi-blind approaches; and considering different issues such as pilot
contamination and nonlinearities effect. Besides, a focus is also given to the exploitation of priors
on the considered communications system for the purpose of performance enhancement.
Indeed, thanks to channel reciprocity property and according to the widely accepted Time
Division Duplexing (TDD) protocol, used in MIMO-OFDM and massive MIMO-OFDM systems
[30, 31], CSI is estimated only during the uplink transmission, then transmitted to the different
users for channel equalization during the downlink phase. Consequently, the BS estimates the
CSI by exploiting the known symbols (i.e. pilots), so that the pilots used within the same cell
and in the neighboring cells should be mutually orthogonal. However this necessitates a complex
cell synchronization and cooperation scheme. In addition, the channel time coherence [32, 33]
limits the total number of orthogonal pilots leading to the reuse of the same pilots in many

neighboring cells. This phenomenon is called pilot contamination [34], which is one of the major
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issues of massive MIMO systems that must be addressed because its effect cannot be reduced
by increasing the number of BS antennas. In the current thesis, the effectiveness of semi-blind
approaches is investigated, through performance limits and algorithms development, to overcome

pilot contamination effect.

Also, nonlinear behaviors can be encountered in many practical situations, in which case
appropriate (nonlinear) processing is needed, when such nonlinearities are too important to
be disregarded [35, 36]. Indeed, because most of real-life systems are inherently nonlinear in
nature, nonlinear problems have drawn important interest and extensive attention from engineers,
physicists, mathematicians and many other scientists [36]. In communications systems, and
due to the presence of nonlinear devices such as power amplifiers and optical equipments [37],
communication channels are sometimes corrupted by nonlinear distortions such as nonlinear inter-
symbol interference, nonlinear multiple access interference and nonlinear inter-carrier interference.
These nonlinear distortions can significantly deteriorate the signal reception, leading to poor
system performance. In order to overcome such an issue, nonlinear models are adopted to provide
an accurate channel representation which allows the development of efficient signal processing
techniques capable of mitigating these nonlinear distortions. Consequently, blind and semi-blind

approaches are proposed in this thesis to deal with nonlinear models.
In order to achieve the aforementioned goals, the current manuscript is organized as follows:

Chapter 2 is dedicated to investigate the effectiveness of semi-blind approaches for pilot
contamination mitigation, when considering massive MIMO-OFDM communications systems. A
performance bound analysis is carried out by using the Cramér-Rao Bound (CRB) as a basic
tool for an estimator-independent study. Two scenarios have been considered. Either the cell
under test along with the adjacent cells are synchronous or not. For the case of synchronous cells,
the analysis demonstrates the possibility to efficiently solve the pilot contamination problem,
with semi-blind approaches, when considering a finite alphabet (non Gaussian) communications
signal. However, considering only the signal’s Second Order Statistics (SOS) is not enough for
solving such an issue even if the semi-blind approach is adopted. Moreover, the analysis shows
that it is possible to get close to the optimal performance with a semi-blind approach even if the
pilots are non-orthogonal as long as they are not fully-coherent. For the asynchronous cells case,
it has been demonstrated that the pilot contamination still occurs under small inter-cell delays,

but can be strongly mitigated with large inter-cell delays.

Chapter 3 deals with the problem of semi-blind based demixing mixtures when considering,

at first instantaneous massive MIMO communications system, then convolutive systems through
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massive MIMO-OFDM communications system. In both cases, the issue of pilot contamination
is taken into account. To do so, a weighted hybrid cost function is introduced based upon the
Multi-Modulus (MM) criterion, applied to unknown data, and the Least Squares (LS) criterion for
pilot symbols. A simple but efficient semi-blind block gradient descent procedure is put forward,
in which the step size, which globally minimizes the cost function along the search direction,
is algebraically computed at each iteration for each user. Besides a reduced computational
complexity and an accelerated convergence, simulation results show that the proposed approach
allows to mitigate the inherent ambiguity of fully-blind methods, and to withstand to the pilot

contamination problem in massive MIMO systems

Chapter 4 aims to propose a semi-blind solution for joint channel estimation and data
detection, when considering the sparce nature of the communications channel. In the proposed
solution, an optimization problem is formulated then solved by using the successive convex
approximation approach. Accordingly, the optimization is performed on an approximate convex
problem, rather than the original nonconvex one. By exploiting available data (pilots) and system
structure, an iterative procedure is proposed where the channel coefficients and data symbols are
updated simultaneously at each iteration. Also an optimized step size, introduced according to
line search procedure, is used for convergence improvement with guaranteed convergence to a
stationary point. Simulation results show that the proposed solution exhibits fast convergence

with very attractive channel and data estimation performance.

In chapter 5, we propose solutions for blind and semi-blind channel estimation of nonlinear
multi-channel communications systems. For the system model, two nonlinearities have been
considered; a quadratic and a cubic. In the blind case, a first channel estimation solution is
proposed based on a subspace approach followed by an appropriate ambiguity removal method.
Then, to refine this first estimate, an original maximum likelihood approach is introduced based
on the Expectation-Maximization (EM) algorithm. In the semi-blind case, where both data and
pilots are available, an extension of this EM-based solution is proposed. Some identifiability results
and performance bounds related to the considered models (blind and semi-blind) are provided
and discussed. Simulation results show that the proposed solutions exhibit very interesting
channel estimation performance, with an attractive convergence speed for the EM-based iterative

solution.

The aim of chapter 6 is to propose a DL-based data detection solution for nonlinear MIMO
communications systems. To do so, a Neural Network (NN) is built up, trained offline with finite

alphabet data, then used for online data detection. With no direct priors about the channel
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impulse response nor the transmitted data, the proposed DL-based data detector can deal with

the performance degradation that might emerge from nonlinear components. The simulation

results show the effectiveness of the proposed solution for different nonlinear model order and

with attractive accuracy and data detection performance. Moreover, such a solution is promising

to overcome the inherent ambiguity /limitations of classical blind processing.
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CHAPTER

Semi-blind channel estimation performance limits for mas-

sive MIMO-OFDM systems

Knowledge is the conformity of

the object and the intellect.

Averroes (Ibn Rochd)

— Abstract ~
The aim of this chapter is to investigate, via the Cramér-Rao Bound (CRB) tool, the effectiveness

of semi-blind methods for pilot contamination mitigation, when considering MIMO-OFDM com-
munications systems. For synchronous cells, the analysis demonstrated the possibility to efficiently
solve the pilot contamination problem with a finite alphabet (non Gaussian) communications
signal. However, considering only the signal’s Second Order Statistics (SOS) is not enough for
solving such an issue even if the semi-blind approach is adopted. Moreover, it has been shown
that it is possible to get close to the optimal performance with a semi-blind approach even if the
pilots are non-orthogonal as long as they are not fully-coherent. For the asynchronous cells case,
it has been demonstrated that the pilot contamination still occurs under small inter-cell delays,

but can be strongly mitigated with large inter-cell delays as shown in' [38] and 2[?1!)].
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2.1 Introduction

Massive Multiple-Input Multiple-Output (MIMO) is a promising technology for the next gen-
eration cellular networks [13]. With a higher number of BS antennas (beyond 100 antennas),
compared to the classical MIMO systems, massive MIMO technology has proven its ability to
improve the spectral and power efficiency [10, 11]. So that, both throughput and system capacity
will be highly enhanced in order to satisfy the increasing amount of data exchange and demand
for quality of service for the future cellular networks [11].

In order to fully exploit all of the potentials offered by a massive MIMO system, accurate
Channel State Information (CSI) is necessary. It is obtained only during the uplink transmission,
thanks to the channel reciprocity property and according to the widely accepted Time Division
Duplexing (TDD) protocol [41]. In that case, all users in all cells send their uplink training
sequences synchronously which are used, by the BS, to estimate the uplink channels. The
traditional methods used to get the CSI rely on the pilot-based channel estimation (e.g. [13]).
However, due to the non-orthogonality of the pilot sequences, these methods are severely affected
by what is called pilot contamination [31], as depicted in Figure 2.1. It is one of the major
issues of massive MIMO systems that must be addressed because its effect cannot be reduced by

increasing the number of BS antennas.

Uplink training

Pilot contamination

Figure 2.1: Illustration of pilot contamination in massive MIMO-OFDM systems where user; 2 and

users 2 (resp. usery,1 and userzl) share the same training sequence.

Many pilot contamination mitigation strategies have been proposed [12, 13, 44]. Some of
them propose to create more orthogonal pilots by slicing the time and frequency resources [15],

however such a choice will lead to a system capacity decrease. Other approaches are based
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on suppressing the inter-cell interference by appropriate signal processing techniques, based on
statistical information of channel matrices [16, 47]. In such approaches, only a small portion of
spatial dimensions is used for data transmission, whereas the unemployed dimensions will be
used for suppressing noise and interference. However, many assumptions have to be considered
to get statistical information of channel matrices. Instead of depending only on pilot sequences,
a data-aided channel estimation has been considered (e.g. [18]), where the decoded data is
used for channel estimation. Nonetheless, it requires perfect knowledge of the iner-cell large
scale coeflicients and it is strongly assumed to have the ability to recover most of data for
accurate channel estimation. Some approaches have focused on designing appropriate inter-cell
communication protocols and resource allocation [19, 50, 51] in order to allow reusing pilots
without inter-cell interference. The counterpart is that the information exchange among cells
will add more complexity to the cellular networks.

In recent works, a particular attention has been drawn to blind (e.g. [52, 53]), and semi-blind
(e.g [54, 55]) methods. The former is fully based on the statistical properties of the transmitted
data, whereas the latter depends on the joint use of pilots and data.

In addition to pilot contamination mitigation techniques, many works have focused on the
effect of pilot contamination, in the case of unsynchronized BSs, on the channel estimation
performance [56, 57, 58].

Consequently, the focus of this work falls into the scope of performance bounds analysis of
semi-blind channel estimation approaches under the effect of pilot contamination in the context
of multi-cell massive MIMO-OFDM systems. The motivation for targeting semi-blind techniques
is that they allow to retain the advantages of pilot-based and blind-based approaches and hence
lead to better estimation accuracy and more robustness against pilot contamination.

In [39], a brief analysis of the semi-blind (SB) channel estimation performance bounds has
been initiated in certain simplified scenarios. Here, this draft work is extended to provide a
full Cramér-Rao Bound (CRB) based analysis of the pilot contamination effect and how it is

mitigated in such SB context. More precisely, the main contributions are as follows:

o Unlike prior works (e.g. [54, 55]) that focused on particular estimators for either the
synchronized or the unsynchronized cells cases, the current work is an estimator-independent
performance analysis, where the Cramér-Rao Bound (CRB) is derived for the two previous
cases when considering the pilot based or the semi-blind channel estimation. It is worth
noting that a thorough study has been conducted in [59] where the achievable performance

of semi-blind approaches, compared to pilot-based ones, has been quantified for channel
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estimation in a single cell MIMO-OFDM system. In the current study, a multi-cell massive
MIMO-OFDM system is considered, where the phenomenon of pilot contamination is taken

into account and thoroughly investigated.

o A thorough study of the channel estimation non-identifiability caused by the pilot contami-

nation is given, leading to three propositions which describe such a phenomenon.

e The analysis has been carried out by taking into account two types of data statistics: only
the Second Order Statistics (SOS) by considering a Gaussian source signal, and Higher
Order Statistics (HOS) by using a finite alphabet signal. Besides, two types of pilots have

been used: Zadoff-Chu sequences and randomly generated i.i.d. pilots.

o Compared to prior works [56, 58] about the unsynchronized cells case, the influence of the
delay between the cell of interest and the neighboring cells, on the pilot contamination
problem, has been investigated by differentiating the effect of small delays from the one of

large delays.

¢ In addition to the previous CRB-based theoretical study and due to the heavy computational
cost of the FIM derivation, the asynchronous case has been investigated through the use
of a Least-Squares Decision Feedback (LS-DF) semi-blind channel estimator. This last
analysis demonstrates that large inter-cell delays might be sufficient to mitigate the pilot

contamination problem.

Practically, such performance limits analysis helps understanding the pilot contamination effect
and can be exploited as benchmark by researchers developing channel estimators for massive
MIMO communications systems. Moreover, the different scenarios considered (data models,
pilots models and orthogonality levels) can efficiently guide developers of communications systems

for the channel estimation task.

2.2 Massive MIMO-OFDM system model

This section presents the adopted massive MIMO-OFDM wireless system model as illustrated
in Figure 2.2. It is worth noting that vectors’ and matrices’ indices represent respectively the
cell and the receiver/transmitter that corresponds to the received/transmitted symbols. For the
channel taps, the indices indicate respectively the cell, the transmitter and the receiver.

An uplink transmission is considered. The system is composed of N, cells each having one

BS with N, antennas and N; randomly located users using each a single antenna.



Chapter 2. Semi-blind channel estimation performance limits for massive

16 MIMO-OFDM systems
L(CP) L L(CP)
(\' Y “ ..\K m
X, (0) — . ® — v,(0
0 = T |P/S L. SP[ — 1O
: | IFFT : A : FFT |
X, (K-1)——| ' Ly (K-D)
Lcp) - Do L(CP)
(\' Y | | | \K
%= T |P/S SP[ — O
| IFFT : N, N, : FFT | :
X (K1) Ly (K1)

Figure 2.2: MIMO-OFDM communications system.

Let’s ignore at first the received signals from the adjacent cells. Therefore the received signal,
after cyclic prefix removal and FFT, at the r-th BS antenna of the I-th cell, assumed to be a K
sub-carriers OFDM signal (K x 1), is given by [60]:

Ny FH
Yir= Z;F T(hl,i,r)?Xl,i + Vi, (2.1)
i=
where K is the OFDM symbol length; F represents a K-point Fourier matrix; h;; . isa NV x 1
vector representing the channel taps between the i-th user, of the [-th cell, and the r-th receive
antenna; 7 (hy;,) is a circulant matrix of dimension K x K so that its first row is given by
[7,3,7(0),01x kK —N> 50 (N —1),...,hy; »(1)] while the others are obtained by a simple cyclic shift
to the right of the previous one. x; ; is a vector of size K x 1 which stands for the i-th user OFDM
symbol of cell I. v;,, of size K x 1, is assumed to be an additive white Circulant Gaussian (CG)
noise so that E[vlw(k‘)vl’r(i)H] = a‘z,lIK(Ski where U%l is the noise variance at the I-th cell; dz;

being the Kronecker delta operator.

Using the eigenvalue decomposition of the circulant matrix 7 (h;;,) given by:

FH
T(hl,iﬂn) == ?Al,i,TFv (22)

where Aj;, is a K x K diagonal matrix formed by the frequency gains of the channel at the
considered subcarriers, i.e. Aj;, = diag{Why;,} and W is formed by the N first columns of F,
and by stacking all the data in a single vector form, the received signal, of dimension N, K X 1,

at the [-th BS can be re-expressed as follows:

yi=Aix;+ vy, (2.3)

where y; = [ygl...yZNr]T; X; = [xljjl...ngt]T; v = [V?:I"'VZZ;NT]T; A=A AN, ] with Ay =

AvitAnin]t
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In order to facilitate the derivation of the CRB w.r.t. hj, equation (2.3) is rewritten as
follows:

y1 = Xihy + vy, (2.4)

where h; = [h;{l,l'”hZNt,l ...... hZI,NT‘”hZNt,NT]T is a N,N;N x 1 vector; X; = Iy ® X is a
N, K x N.N;N dimensional matrix. where X; = [Xl,Dlw---Xl,DNtW] of size K x NyN, and
X;.p, is a K x K diagonal matrix containing the i-th user symbols, i.e. X; p, = diag(x;;), and
® refers to the Kronecker product.

Now, let’s take into account the effect of the neighboring cells on the first one, considered
without loss of generality as the interest cell. With the assumption of perfect synchronization

between the N, cells, equation (2.3) becomes:

N,

y1= Z)\lxl + V1 = Aot Xtot + V1, (2.5)
=1

where Aot = [A1...AN.] and x40t = [X?...XJTVC]T.
Similarly to (2.4), equation (2.5) can be rewritten as follows:

N
y1=>_ Xihy+vi=Xyth +vi, (2.6)
=1

where X = [Xl ) --XNC] and hyo; = [h{...h%c]T.

2.3 Effect of pilot contamination with perfectly synchronized cells

In the following section, the effect of pilot contamination on the performance of semi-blind
channel estimation approaches is investigated, under the assumption of perfectly synchronized
BSs of the different N, cells. In such a case, and with same pilots in all cells, the worst case of

pilot contamination occurs as explained next.

2.3.1 Pilot contamination effect

This subsection discusses the impact of the pilot contamination in a massive MIMO-OFDM
system. During the uplink data transmission, the BS has to learn the transmission channel by
exploiting the known symbols (i.e. pilots) at the uplink. To adopt this strategy the pilots used
within the same cell and in the neighboring cells should be mutually orthogonal. However this
necessitates a complex cell synchronization and cooperation scheme. In addition, the channel
time coherence [32, 33] limits the total number of orthogonal pilots leading to the reuse of the

same pilots in many neighboring cells. The worst case occurs when the same set of pilots is
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reused in all N, adjacent cells. In this situation, equation (2.6) becomes:

Ne¢ N
YI:ZXIPhl+V1:X1PZhl+V17 (27)
=1 =1

where X » corresponds to the pilot symbols of the first cell.
To illustrate the pilot contamination effect in that case, the Least Squares (LS) estimate of
the first cell channel vector, i.e. hy, is given by:
Ne
S =Xty =h+ 3 W+XF v, (2.8)
1=1,l=1
with Xfp = (Xf;f(lp)_lfiﬂ is the pseudo inverse of Xi,.

This equation clearly shows that the channel estimate ﬁfs is affected by an additional bias
corresponding to the sum of channel components of the users sharing the same pilot sequences
in different cells. This phenomenon, referred to as pilot contamination, severely degrades the
channel estimation performance. To overcome this problem, an alternative solution consists of
using a semi-blind channel estimation approach. In the sequel, the potential of this approach is

analyzed and discussed through the use of the CRB tool.

2.3.2 Cramér-Rao Bound derivation

Before deriving the CRB for pilot-based and semi-blind channel estimation, it is worthwhile
to remind that the CRB expresses a lower bound on the variance of any unbiased estimator.
Thus, If = [01,---,0,4]7 is an unbiased estimator of 0, then Cov(f) > CRB(#) in the sense
Cov(@) — CRB(0) is a positive semi-definite matrix (i.e. with non negative eigenvalues). In
particular, this inequality implies that the estimation error variance of parameter 6; is lower
bounded by the i-th diagonal entry of the CRB matrix, i.e. var(6;) > CRB(0); ;. In practice, such
a tool provides a benchmark for unbiased estimators and alerts us to the physical impossibility
of finding an estimator whose variance is less than the theoretical bound. Basically, the CRB is
obtained as the inverse of the Fisher Information Matrix (FIM) [61]. The latter is denoted by

Jge where 0 is the unknown deterministic parameters vector to be estimated. For the complex

valued channel taps, the parameters vector 6 is defined as follows:
T
0= [hg;t (h;fkot) ]Ta (2'9)

where, for simplicity, the signal and noise powers are assumed to be known. The FIM, taking

into account the pilots and data (that are statistically independent), is then expressed as follows:

Joo = Jb, + Jdo, (2.10)



2.3. Effect of pilot contamination with perfectly synchronized cells 19

where Jge is the FIM associated to the known pilots while J 59 is related to the unknown data.

A block-type pilot arrangement, as described in Figure 2.3, is adopted for this work. In that
scheme all sub-carriers are used for pilots within a specific period of time. For a pilot-based
channel estimation, N, pilot symbols will be considered. Ny i.i.d data symbols will be added to
the pilots for semi-blind approaches. Both pilots and data are assumed to be OFDM symbols of

size K.

R OFDM symbol

[ ] ®0 0! o

[ ®0 o) o]

] ®0 ‘o o
o|e ®0 e} o
Sl|le 80 10, o
2| e @0 10! o]
o|® ®0 o} o]
c|e ®o0 10, o

[ ] ®0 :o: 0

[ ] ®0 10! o

[ ® 0 o1 o

A ~ J —— j=T_

ime
Np Ny

Pilot OFDM symbols Data OFDM symbols

Figure 2.3: Block-type pilot arrangement
2.3.2.1 CRSB for pilot-based channel estimation

The noise components are assumed to be independent identically distributed (i.i.d.), and only
N, pilots are used for channel estimation. Based on the data model, the pilot-based FIM can be

expressed by:
NP
Iho=> 30, (2.11)
i=1
with ng is the FIM associated to the p;-th pilot symbol.

The FIM for a complex parameter has been discussed in [62, (3], thus, it can be shown that

the pilot-based FIM is given for the pilot-based channel estimation case by:

. in 0
Jh = ht:;htot I : (2.12)
hzfoth:;ot
Pi __ (TP *
where J b i, = (J htothtot) )
By considering a massive MIMO-OFDM system with N, cells, the pilot-based FIM associated to
the channel vector hy,; is then expressed as follows:

SN
Di _ tot,pi t0t7pz
Jhtothtot - ’ (213)

2
Oy,
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which can also be written in a more detailed form:

1 le X, X1y, XNey,
Pi — : . .
Throtheor = 52 : : . : (2.14)
v wH Y wH Y
XNCpiX:Lpi “e XNCpZ' XNCpi

Ideally, if the pilots of the cells are mutually orthogonal, i.e. Xflpif’(j’pi =0V i#j, then the
FIM becomes a bloc diagonal matrix which is the most favorable case. On the other hand, if
the cells share the same set of pilots, i.e. the worst case of pilot contamination, the FIM is then

equivalent to:

1 X Xy, - X{L Xy,
Jflitothtot = O_T - ° ‘ (215)
v Y H % X H X
leixlpi e X]'P’LleZ

To compute the CRB, the FIM has to be inverted. However, according to this last equation,
Jﬁiot hoor? and consequently Jp, ,p,,,, is not a full rank matrix. In fact, according to propositionl,
the kernel of this FIM is of dimension 2(N. — 1)N;N, N, corresponding to the number of
indeterminacies we need to get rid of. In other words, this translates the non-identifiability of

the channel vector of the interest cell when pilot contamination occurs.

Proposition 1. The FIM in (11) is a singular matriz and its kernel dimension is 2(N.—1) NeN, N
which corresponds to the number of indeterminacies of the problem (i.e. the number of unknown

real channel parameters for the N. — 1 neighboring cells).

Proof:

The FIM kernel dimension corresponds to the number of indeterminacies we need to remove (or
equivalently the number of constraints we need to consider) to achieve full identifiability.

In the case of only pilots channel estimation in the presence of pilot contamination, the only
parameters vector that can be estimated without bias is hy,s = ZZN:C1 h;.

Now, from hyy one is able to determine every single channel h;,7 =1,...N, iff (N, —1) channel
vectors are known (besides hyyt). Since each channel vector is complex valued and of size NN, N,
this corresponds to 2(N. — 1) NN, N unknown real-valued parameters needed for full identifibility.
O

2.3.2.2 CRB for semi-blind channel estimation

This section is devoted to the derivation of the CRB for the semi-blind channel estimation

for a multi-cell massive MIMO-OFDM system with pilot contamination. Both pilots and data
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are taken into account in the derivation of the FIM as shown in equation (2.10). At first,
we investigate the performance bounds of the semi-blind scheme when only the Second Order
Statistics (SOS) are considered. For that, a Circular Gaussian data model is used. Latter on, we
extend this analysis to the case where information based on Higher Order Statistics (HOS) is

available. This will be illustrated by using a finite alphabet source signal.

2.3.2.3 Gaussian source signal

As mentioned previously, only the SOS, corresponding to the Gaussian CRB, are considered
here. Hence, it assumed assume that the data symbols are i.i.d. circular Gaussian distributed
with zero mean and a diagonal covariance matrix composed of the users’ transmit powers i.e.
Cx, = diag(agl,i) with [ =1...N.; and ¢ = 1...N;. Under this assumption, the received signal y; is

circular Gaussian with covariance matrix:

Nc
=> " NCx AT+ 02 Ign,. (2.16)
=1
The data-based FIM can be expressed as follows (e.g.[64], [65]):
J¢ It
Tty = | e et | (2.17)

h*

d
Jht thtot Jh* tot

tot

where J¢ By, 1S @ (NeNpN¢N)-dimensional matrix with elements J}‘i h given by:

H
Tin, =tr Cy}a(;;lc <a(,§;1> : (2.18)
J

The i-th component of the vector hy: corresponds to the channel tap of indices {in_,in,,iN,,iN }

associated to the cell, the user, the BS antenna and the time lag of h;. Based on the results

provided in [61], chzlihj is given by:
A ON;
o —-1_2 INesINy y H
Jh h (Jh*h*) - tT{C ZN 7ZNt AiNc7iNt ah* t C Uch’th 7ah t ch’th} (219)
7 J
and
O AT
d _(7d o iNe/IN 1 o2 o INe:IN,
Jhih; - UhIh ) —tr{C ZN Iy Aineing " ppr Oh: —n Oy TiNeriny Aje 8h* e ) (2.20)

It is important to notice that using a semi-blind estimation method with only the SOS of the
received data is not sufficient to alleviate the pilot contamination problem. Indeed, the SOS-SB
scheme reduces the number of indeterminacies but does not get rid of all of them. More precisely,

we have the following proposition:



Chapter 2. Semi-blind channel estimation performance limits for massive
22 MIMO-OFDM systems

Proposition 2. The FIM in (17) is a singular matriz and, in the case Ny > N Ny, its kernel
dimension is (N.Ny)? correponding to the number of indeterminacies in the blind channel

estimation case. When considering the SOS-based semi-blind channel estimation, the kernel

dimension of the FIM in (10) becomes ((N, —1)Ny)2.

Proof:

Considering the data only first (i.e. blind context), it is known that if the N, x (N.NV;) channel
transfer function is irreductible, then one can estimate the channel parameters using the Second
Order Statistics (SOS) up to an (N.N¢) X (N.N¢) unknown constant matrix [66, 67].

Now, since we assumed the source power known, the latter indeterminacy reduces to an
unknown (N.N;) x (N.N;) unitary matrix, which can be modeled by (N.N;)? free real an-
gle parameters. Somehow, the data SOS allows us to reduce the convolution model into an
instantaneous (N.NV¢) dimensional linear mixture model.

Finally, as in the only pilots case, due to the pilot contamination, the only way to complete
the channel identification via the pilot use, is to have (know) the space directions of the interfering

users of the neighboring cells corresponding to ((N, — 1)N;)? real parameters to determine. [

2.3.2.4 Finite alphabet source signal

Here, the non Gaussian nature of communications signals is considered through the use of a

finite alphabet data model (QPSK). The observed signal at the k-th sub-carrier is given by:
1
Yi(k) = Mot Cx2 Xy + Vi) for k=1, K, (2.21)

where /\tot(k) is the k-th Fourier component of hyy; Cx is a block diagonal matrix formed by

users’ transmit powers of each cell; x(;) = [X{(k)'“xﬁc,(k)]T 17 so

with Xl,(k) = [xl,l,(k)'“xl,Nt,(k)
that z;; 1) for k =1..K are i.i.d. QPSK symbols with equal probability values.
In this case, the likelihood function is given as a sum of QNN (Q = 4 for QPSK (4-QAM))

Gaussian pdfs as follows:

1
) QNeN: ) 3 yl(k)*)\to;(k)cx%w
Py 0) = orw D T W e ' : (2.22)
Q q=1 (7TO'V1)

where xg is the g-th realization of x.
Consequently, the data-based FIM is a weighted sum of Gaussian FIMs given by:

QNeNt 1 H 1

1 0ot Cx2x oA Cy2x

Ioineo (K = 55w D S X SChisal (2.23)
otNto Jle clVt 6htot ahtot
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To obtain a tractable FIM expression, a realistic approximation for a single cell MIMO-OFDM
system was proposed in [59]. This approximation can be easily extended to a multi-cell massive

MIMO-OFDM system. To do so, let’s express the elements of the data-based FIM:

QN Ot CxE ) [ Otorg, O
tot x tot X
3 )= b N e S I e S O C Y
j Q N on an’
1 . .
Vi a,ml

1\ H 1
8)\tot(k) ng 8>\tot<k) Cx2

i7.j —
where I'*Y = R ohs

Due to normalization and QAM constellations symmetry around zero, we have:

1 QNtNC §
ONiNe 21 qu(m)xq(l):Oform:tl
q:

QNtNC

ﬁ q;l mZ(m)xq(m):l form=1

(2.26)

Finally, the data-based FIM for the finite alphabet signals (QAM) can be reduced to:
1 y
Jgihj (k’) = gtr{l—w’]} (227)
The total data-based FIM is then obtained as follows:

K

d
Jhtnthtot Nd Z Jhtnthtot (k;)7 (228)
k=1

where Ny is the total number of data symbols.

Remark: Even though the proposed FIM simplification applies for any symmetric finite
alphabet signal, the accuracy of the approximation decreases with the constellation order level
and would be valid only for high SNRs in such a case.

Thanks to the implicit higher order statistics information available in this non-Gaussian case,
the semi-blind based channel estimation is able to alleviate completely the pilot contamination

problem according to the following proposition:

Proposition 3. The non Gaussian semi-blind FIM as given in (10) is non singular meaning

that all indeterminacies have been removed.

Proof:
For non-Gaussian (communications) signals, the information provided by the Second Order

Statistics as well as Higher Order Statistics of the data allows us to identify the channels up to
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an unknown (N.N¢) X (N.N;) diagonal unitary matrix(see for example identifiability results in
[68]). This corresponds to N.N; unknown real parameters that can be easily estimated through
the use of the pilots. [.

In this case, the top-left (N, N:N) x (N, N¢N) block of the FIM inverse is considered as the

CRB for the semi-blind estimation of the first cell channel vector.

2.4 Effect of pilot contamination with unsynchronized cells

This section is devoted to the effect of pilot contamination on the performance of semi-blind
channel estimation approaches, when the BSs in the different N, cells are not synchronized. Such
an assumption is more realistic and practical for the cellular network. It is shown in [56, 57], that
this desynchronization might help mitigating the pilot contamination problem. Here, this issue
is analyzed in detail and it is shown, in particular, that under certain conditions detailed below
(small inter-cell delays) the pilot contamination still occurs for asynchronous MIMO-OFDM
systems. For large inter-cell delays, the pilot contamination problem might be mitigated where
this case is investigated through the CRB derivation, by considering the adjacent cells signal
together with the AWGN noise as a colored noise. These results will be experimentally supported

by an estimator-dependent study, based on a Least Squares Decision Feedback (LS-DF) estimator.

2.4.1 Small inter-cell delay case

This subsection provides an explanation on why the pilot contamination problem persists when
the inter-cell delays are small. Indeed, without lose of generality, consider two time-domain
OFDM signals, sent from two adjacent cells using the same pilot sequence, and received at one

BS antenna:

z1(t) = ha(t) x zop, () (2:29)

29(t) = ha(t) xxcpi(t —7) = ha(t —7) xxcp1(t) (2.30)

xcop,1(t) being the sequential OFDM signal in the time domain including the Cyclic Prefix (CP),
* is the convolution operator and 7 is introduced here to model the inter-cell delay. Hence, when

the signal from cell 1 is corrupted by the one from cell 2, one observes:
2(t) = 21(t) + 22(t) = (h1(t) + ha(t — 7)) xxcpa(t) (2.31)
Consequently, if the channel size N and the delay 7 are such that:

T+N<L+1 (2.32)
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L being the CP length, the model given in equation (2.31) coincides with the one in equation
(2.7) which shows that the pilot contamination problem remains unsolved in this case, which
might represent a 'rough synchronization’ context. This situation is illustrated by the simulation

results in Figure 2.12.

2.4.2 Large inter-cell delay case

Now, an effective channel estimation becomes possible in this case (see for example [5%]) and
to analyze it in the sequel, the pilots from the neighboring cells are considered as interference
signal where the interference and the noise term will be modeled as a colored Gaussian signal
Veol independent from the signals of the cell of interest. The noise vector is assumed to be of

zero mean and unknown covariance matrix Cy, so that the received signal model becomes:
y1 =X1hy + veol. (2.33)

When sending only known pilots, the received signal is so that y; ~ N (“y1 (0) = lehl, Cy,(0) = CV>.

The parameters vector to be estimated is expressed as follows:
0 =i ()" " (@), (2.34)

where hy, of size N,.N:N, is the vector of the channel components of the cell of interest,
q=1[q;, 99,---9 Nq]T, where q;,7 = 1,...IN; are the parameters used to represent the covariance
matrix Cy.

According to the complex representation of 8, the global pilot-based FIM is given by:

p p P p

Jhiny Thin; Jhig Thigr

Jp* Jp* * Jp* Jp* *
JP - hihy hihj hiq “hiq (2.35)
00 J? J? J? J?

qh; qhj aq aq*

JP J? J? J?
q*hy q*hj a*q aQ*q*

Their elements are derived according to the general Gaussian CRB derivation model:

o, (0)) "7 . (6 "

(2.36)
Given equation (2.33), it can be shown that:
au)’l (0) _ Xl ’ al”’yl (0) _ 0’ al‘l’yl (0) _ 0, aI“l‘yl (0) -0
ohy ?7 0Ohj dq oq*
80)’1 (9) -0 0Cy1 (0) -0
ohy " Ohj )
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Consequently, the FIM, for the pilot-based case, will be expressed as follows:

X{ Cy'Xy, 0 0 0
3, - 0 X (X o 0 | 2,57
0 0 Ja 0
0 0 0 Joig
Finally, the pilot-based CRB for the channel parameter vector is given by:
CRBop = tr{(X{ C;'X,,) 7"} (2.38)

By taking into account the known pilots and the unknown data, the semi-blind FIM is given by
equation (2.10). Moreover, by assuming known transmit powers, the vector of parameters to be estimated

is given by equation (2.34), whereas the global data-based FIM is given by:

d d d d
Jh1h1 Jhlh{ Jhlq Jhm*
Jd J¢ B C
d h*h h*h*  Yhr h*q*
Iy = dl 1 1™ 19 14 , (2.39)

d d d
qh; thf Jaq Jqq*

d d d d
Jq*l’ll Jq*h’{ Jq*q Jq*q*

Note that the received data signal satisfies y1 ~ N (py, (0) =0, Cy, () = A1Cx, M4 cy).

Unfortunately, in that case, the off diagonal blocks Jﬁl q and Jﬁl o+ are not equal to zero as in the
pilot-based case, and hence the channel estimation CRB depends on the estimation of the vector q. The
proper parameterization of the interference plus noise covariance matrix being quite challenging, we
propose next to investigate the performance of the semi-blind case in this cell asynchronous context by
using an estimator-dependent analysis.
Remark: Note that, the pilots of the cell of interest are known and hence they are considered as
deterministic. Therefore, in the case where neighboring cells share the same pilots, the randomness comes
only from the unknown data and noise terms. In such a case, the statistical independence assumption is
valid. However, the i.i.d. colored Gaussian model remains a limiting approximation. In addition to that,
a main difficulty comes from the 'non-synchronization’ of the cells which makes the data model of the
signals impinging from adjacent cells quite complex (we cannot rely on the simple OFDM model in (3)
obtained after CP removal and FFT) and consequently the exact FIM derivation becomes cumbersome

and numerically unattractive.

2.4.3 LS-DF estimator performance analysis

The derivation and performance of the Least Squares Decision Feedback (LS-DF) estimator, introduced in
[69], are presented in this section. This ’relatively simple’ estimator is used to illustrate the semi-blind
performance in the different contexts of cell desynchronization, discussed previously.

Traditionally used for data equalization, the LS-DF algorithm is defined as a LS estimator which

incorporates a feedback equalizer. During the LS-DF process, the estimated data are re-injected, as a
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feedback, to the equalization step in order to enhance the estimation performance of the transmitted data.
This process can be iterated several times for more accuracy.

We have exploited this method as a semi-blind channel estimator in [69], where the estimated data are
considered as extra "pilots" for the channel taps estimation. The use of LS-DF estimator, as a semi-blind
approach, for massive MIMO channel identification is illustrated in Figure 2.4 and resumed by the following

steps:

e A pilot-based channel estimation is performed using the conventional LS estimator as follows:
-1
N < H ¢ v H
hopl = (lexlp) XIPYL (240)
where le is as defined in equation (2.7).

o A Zero-Forcing (ZF) equalizer is used to estimate the transmitted data, by applying the inverse of

the channel frequency response to the received signal as follows:

A

#
Xzf =A Yi, (2.41)

where X is obtained from the channel frequency response of ﬁopl and x,; is the equalized signal.

e A hard decision is performed on the equalized signal to obtain the estimate of the transmitted
. ’\Op
signal X dy
o A LS estimator is then applied using the new training sequences (i.e. pilots) given by x, =
1
[iﬂ (C2,%7)"", where Cx, is the known transmit data power matrix introduced in equation(2.21)

. This step will lead to the semi-blind channel estimate flsby

e A ZF equalizer, followed by a hard decision are performed to obtain the semi-blind estimate of the

transmitted data fcg 1B .
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Figure 2.4: LS-DF semi-blind channel estimation approach.

The LS channel estimation performance has been widely discussed in literature, where it has been shown

that the mean squares error (MSE) of this estimator reaches the CRBop in a single cell system with
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AWGN noise. Therefore the MSEgp is then given by:
2 v H ¢ -1
MSEop = CRBop = 02, tr (lexlp) . (2.42)

However, in a multi-cell system, the effect of the adjacent cells signals will result in an extra bias term
of inter-cell interference which will affect the estimation performance, depending on the inter-cell delay
range. In that case, the LS-DF performance would be affected as well as can be seen in Figure 2.12 and

Figure 2.13.

2.5 Performance analysis and discussions

In the following section, numerical experiments will be performed to highlight the different results given
in the previous sections. The pilots are generated according to Zadoff-Chu sequences [70]. The N NN, N
channel coefficients are all generated using i.i.d. unit-power, zero-mean, Gaussian distribution. It is
important to note that the average Signal to Noise Ratio (SNR) is calculated based on the received signal y
given in equations (2.5), i.e. SNR = E(||Aorxtot||2)/E(|[v1]?) = tr(Atot Cx @I AL,) /(N K02). Moreover,
the differences in users powers reflect their random locations. The different simulation parameters are

summarized in Table 2.1, unless otherwise mentioned.

Parameters Specifications
Number of cells N. =3
Number of receive antennas N, = 100
Number of users per cell Ny =2
Channel taps N =4
Number of OFDM sub-carriers K =64
Number of OFDM pilot symbols N, =4
Number of OFDM data symbols Ng =40
N, pilot signal powers (dBm) P, = [23 18 15]
(Ny) x N, data signal powers (dBm) P,, = [(20 18.8),
(15.7 13.3), (11.2 9.1)]

Table 2.1: Performance bounds analysis simulation parameters.

2.5.1 Perfectly synchronized BSs

This section discusses the potential of the semi-blind channel estimation approaches, when the worst case
of pilot contamination occurs in a massive MIMO-OFDM system.

Ezperiment 1: Figure 2.5 illustrates the normalized CRB for the channel parameters vector hy, given

tr{CRB}
e

for semi-blind channel estimation (SB) with respect to the SNR for QPSK model as well
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as the Gaussian (G) data model using orthogonal pilots. A comparison is made with respect to the
pilot-based CRB8P case, which is the top-left block of the inverse of the FIM given in equation (2.14),
using orthogonal (O) intra and inter-cell pilots. Note that CRBg and CRB “NO for the non orthogonal
case (when the adjacent cells use the same pilots) are not considered since, as mentioned in sections 2.3.2.1
and 2.3.2.3, the channel parameters vector of the interest cell cannot be identified in that cases. However,
such an ambiguity is removed by semi-blind techniques for finite alphabet source signals as illustrated by
the plot of CRBSQEI; SK=NO " which is obtained from the FIM given in equation (2.23) and stands for the
semi-blind CRB of a QPSK signal for the worst case of non orthogonal (NO) pilots (i.e. adjacent cells
using the same pilots). As can be seen, CRBQPSK is almost superposed with CRBQPSK O, which
denotes the case of orthogonal pilots. Ideally, the latter CRB can be obtained by ignoring the adjacent
cells (i.e. No=1).

Since the effect of pilot contamination is due to signals from adjacent cells, as described in subsection
2.3.1, Figure 2.6 illustrates the scenario of Figure 2.5 but with a higher number of cells (here the cell
of interest is surrounded by six cells). One can observe that the previous results still hold under severe
conditions of pilot contamination.

Ezxperiment 2: now, the impact of pilots orthogonality level is investigated through the following

metric:

X

X0 |

= (2.43)

where ||| is the 2-norm.

Note that 0 < p <1, so that p =0 corresponds to the perfect orthogonality, whereas p = 1, corre-

sponding to fully coherent training sequences, stands for the worst case of pilot contamination, i.e. same
synchronized pilots.
As can be expected, in the case of non-perfectly orthogonal pilots, the channel vector estimation is slightly
degraded but even with a high level of non orthogonality (p = 70% for the SB case and p = 50% for the
OP case), the channel estimation for the OP and the Gaussian cases remains possible with relatively good
estimation accuracy for moderate and high SNRs as illustrated in Figure 2.7.

Ezxperiment 3: In order to further investigate the impact of the pilots structure on the pilot con-
tamination, i.i.d. Gaussian distributed pilots are considered in this experiment. As given in Figure 2.8,
CRBG multi-cell jogeribed in subsection 2.3.2.3 (respectively CRBQPSK multi-cell gogeribed in subsection

BQPSK mono- cell)

Bg}};mono—cell (respectlvely CR SB

2.3.2.4) is almost superposed to CR which indicates that
the pilot contamination no longer persists and, thus, it is possible to use only SOS for semi-blind channel
estimation. Besides, a pilot-based is now possible as given by CRB‘&‘%M'CGH but with a degradation
compared to the mono-cell case CRBICT)‘I%DO'C‘SH7 given by equation (2.42), due to the interference terms from
the neighboring cells. Actually, the independent pilots are different but not perfectly orthogonal which
refers to the same results announced in experiment 2 but given in terms of the orthogonality level.

Ezxperiment 4: By considering the worst scenario of pilot contamination, the effect of the number of

OFDM data symbols, i.e. Ny, on the CRBQPSK NO, for a given SNR= 10dB, is illustrated in Figure 2.9.
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It can be observed that, starting by one OFDM data symbol, the BS can successfully identify and estimate
the channel components of the interest cell. Moreover, the CRB is significantly lowered with just few tens
of OFDM data symbols and almost reaches the performance of the orthogonal case, i.e. CRBE%D SK=0
Such a result matches perfectly with the limited coherence time constraint of massive MIMO systems and
helps to reduce the computational cost. As compared to CRB8P a significant performance gain in favor
of the semi-blind method is noticed.

Ezperiment 5: By considering again the worst case of pilot contamination, the behavior of the CRBs
considered in Figure 2.5, with respect to the number of BS antennas, i.e. N, is investigated in Figure 2.10.
It is easily observed that when NN, increases, which leads also to the increase of the number of channel
components to be estimated, the CRB%D SK g significantly lowered thanks to the increased receive diversity.
Such a result supports the effectiveness of semi-blind techniques for pilot contamination mitigation in the
context of massive MIMO-OFDM systems.

Experiment 6: The channel order is often not known with accuracy and needs extra processing for its
estimation. Thus, in Figure 2.11 we investigate the behavior of the aforementioned performance when the
number of the channel taps is overestimated, i.e. considered equal to its maximum value corresponding
to the cyclic prefix size (N = L). For illustration purpose, we have considered two cells, each with one
user and a BS with N, = 10 antennas. As can be seen from Figure 2.11, the channel order overestimation
leads to a performance loss of approximately 6 dB which corresponds to the ratio (in dB) between the

overestimated and the exact channel orders.
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Figure 2.5: Normalized CRB versus SNR.
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2.5.2 Unsynchronized BSs

This section investigates the semi-blind channel estimation potential in the case of unsynchronized BSs.
The non synchronization was generated by using same pilots in all N, cells but with different time delays
compared to the target cell. Data symbols are assumed to be drawn from a finite alphabet signal (QPSK).

Experiment 7: Figure 2.12 illustrates the NMSE of the LS estimator, as a pilot-based one, and the
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Figure 2.8: Normalized CRB versus SNR with i.i.d. pilots.
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LS-DF estimator, as a semi-blind approach, with respect to the SNR, in the case of small inter-cell delays.

As explained in subsection 2.4.1 and as given in the aforementioned figure, with small inter-cell delays,
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Figure 2.11: Normalized CRB versus SNR with channel order overestimation.

the problem of pilot contamination is still unsolved. For comparison, the results corresponding to the

mono-cell case are also provided in this figure. In particular, the latter highlights the effectiveness of the

LS-DF estimator (which reaches the CRB) in the absence of pilot contamination.

Ezxperiment 8: Figure 2.13 investigates the performance, through the NMSE, of the LS-DF estimator,
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as a semi-blind approach, in the case of large inter-cell delays. Compared to the small inter-cell case,
the performance is slightly improved in this context. For only pilot case with unsynchronized cells, it is
possible to identify and estimate the channel components of the interest cell with a moderate estimation
error. As expected, the semi-blind case (SB), described by hgg_multi—cen, Outperforms the only pilot case,
but with a degradation compared to the case of perfectly orthogonal pilots hgg_mono—cell, which has a
near optimal performance as it is almost superposed to the lower bound given by CRBgg.

Ezxperiment 9: Figure 2.14 investigates effect of the pilots’ structure on the performance of the LS-DF
estimator, by using randomly generated i.i.d. pilots. The performance obtained are similar to those
obtained in the case of large inter-cell delays.

Experiment 10: Since the signal power of users in the adjacent cells is usually less than the signal power
of users in the cell of interest, the effect of such a parameter, on the LS-DF performance, is investigated
in Figure 2.15. We have considered the system parameters of Table 1 but, for each cell the IV; users are
given the same power. The superscript stands for the ratio (in percentage) between each neighboring
cell users power and the interest cell users power. One can observe for example that, for an interference
level of 25% (corresponding approximately to 50% interference level if we add the interference terms of
the two neighboring cells), the channel estimation for low and moderate SNRs with the SB approach

(h3},_lti_cen) is better than the one with the interference-free OP approach (hop_mono—cell)-

NMSE
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Figure 2.12: NMSE of LS and LS-DF estimators versus SNR with small inter-cell delays
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Figure 2.14: NMSE of LS and LS-DF estimators versus SNR with i.i.d. pilots.

2.6 Conclusion

This chapter focused on the performance bounds analysis of semi-blind channel estimation approaches,

under the effect of pilot contamination, for multi-cell massive MIMO-OFDM systems. An estimator-
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Figure 2.15: NMSE of LS and LS-DF estimators versus SNR with different data powers.

independent analysis has been conducted on the basis of the CRB by considering, at first, the worst case
of pilot contamination for different data models, then, by taking into account unsynchronized BSs. It has
been shown that the pilot contamination issue introduces a non-identifiability of the channel vector of the
interest cell, which is not fully solved by considering only SOS, unless using non-perfectly orthogonal pilots,
but can be efficiently solved with finite alphabet signals. For unsynchronized BSs with small inter-cell
delays, the problem of pilot contamination remains unsolved. However, large inter-cell delays can allow to
mitigate the pilot based non-identifiability issue. It is worth pointing out that, under this assumption, the
colored Gaussian model is a limiting approximation. Besides, the 'non-synchronization’ of the cells makes
the data model of the signals impinging from adjacent cells quite complex and consequently the exact

FIM derivation becomes cumbersome and numerically unattractive.
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Semi-blind multi-modulus based source separation

In theory there is no difference
between theory and practice. In

practice there is.

Lawrence “Yogui” Berra,1925

— Abstract N
This chapter presents an efficient semi-blind approach for demixing mixtures when considering,

at first instantaneous massive Multiple-Input Multiple-Output (MIMO) communications system,
then convolutive systems through massive Multiple-Input Multiple-Output Orthogonal Frequency
Division Multiplexing (MIMO-OFDM) communications system. In both cases, the issue of pilot
contamination will be taken into account. A weighted hybrid cost function is introduced based
upon the Multi-Modulus (MM) criterion, applied to unknown data, and the Least Squares (LS)
criterion for pilot symbols. A simple but efficient semi-blind block gradient descent procedure
is put forward, in which the step size, which globally minimizes the cost function along the
search direction, is algebraically computed at each iteration for each user. Besides a reduced
computational complexity and an accelerated convergence, simulation results show that the
proposed approach allows to mitigate the inherent ambiguity of fully-blind methods, and to
withstand to the pilot contamination problem in massive MIMO systems as shown in '[71] and

2[72).
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3.1 Introduction

Source separation and channel equalization in digital communications aim at recovering the unknown
data of the different users transmitted through a distorting propagation medium. In communications
systems, with no prior knowledge on the transmitted symbols (i.e. no pilot sequences) nor on the channel
state information, Blind Source Separation (BSS) is an efficient approach for data recovering. Indeed
many BSS techniques have been proposed in literature (see e.g [26, 73] and references therein), mainly
the Independent Component Analysis (ICA), the Sparse Component Analysis (SCA), the Non-Negative
matrix Factorization (NMF) and the Bounded Component Analysis (BCA) (see e.g. [74] for more details).

BSS processes the received signal based on a priori knowledge about the statistics or the nature of
the transmitted signals, through the optimization of an appropriate cost function. Various BSS cost
functions have been proposed in literature (e.g [26] and references therein) depending upon the type of
source signals. Among them; the Constant-Modulus (CM) criterion for phase/frequency modulated signals
such as PSK/FSK and Multi-Modulus (MM) criterion, where it has been shown that it outperforms the
CM one for the case of square QAM constellation [75], which is used in many modern communications
systems such as LTE and WiMAX. The optimization of the cost function can be performed through
a closed-form solution, such as Analytical Constant Modulus Algorithm (ACMA) [76] and Analytical
Constant Power Algorithm (ACPA) [28], when the channel accepts a noiseless AR model and the FIR
equalizer is sufficiently long. Otherwise, an iterative solution can be adopted, such as the gradient descent
technique, the Newton’s method, or Givens and Shear’s rotations-based techniques [77].

On the other hand, some pilot sequences are often available in most communications technologies,
thus, exploiting this available information should notably improve the source recovering performance of
BSS by incorporating a pilot-based Least Squares (LS) criterion in a semi-blind scheme. In particular,
this approach is shown to be an efficient solution to the pilot contamination problem in massive MIMO
systems (e.g. [13]).

In this context, the focus of current work is to propose a semi-blind source separation technique for
instantaneous mixtures and MIMO-OFDM communications systems. The motivation for adopting a SB
approach is to make use of available sequences and to avoid any issues that emerge from the BSS such as
the inherent ambiguity of blind processing. In particular, this approach is shown to be efficient to the
pilot contamination problem in massive MIMO systems (e.g. [13]). In the proposed solution, a hybrid
cost function is defined based on the blind MM criterion, for the unknown data, and on the pilot-based
LS or Least Fourth (LF) criterion, for the pilots. An iterative-based minimization of the aforementioned
cost function is performed through the gradient descent rule, where an optimized step-size procedure is
introduced for improving the convergence speed. Moreover, a batch-based full estimation procedure is

carried out so that, all sources are separated simultaneously.

3.2 Instantaneous system model

This section is dedicated to the case of instantaneous communications system model.
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3.2.1 Communications system model and problem formulation

Consider a MIMO system consisting of Ny sources (transmitters), each having a single antenna, and a
receiver equipped with N, antennas. All sources transmit their signals over the same band of frequencies.
Each transmitted source signal is drawn from an M-ary square QAM constellation, then passed through a
flat fading channel represented by an unknown mixing matrix H € CNr*Nt which is assumed to be of full
column rank so that N, > N;. Thus, for the case of instantaneous mixtures, the noisy received signal is
given by:

y(k) =Hs(k) + n(k), (3.1)

where y(k) = [y1(k),...,yn, (k)1 s(k) = [s1(k),...,sn, (k)T refers to the transmitted signals and n(k) =
[n1(k),...,nn, (k)] is an additive white Gaussian noise with a covariance matrix o2Iy;, .
The objective of source separation and channel equalization is to recover the transmitted data symbols,
by applying a separation matrix V € CVr*Ne o the observed (received) signals as follows: z(k) = VZy (k).
It can be noticed that each row v; can extract one source signal. In batch processing approach, Ng samples
of the received data are collected before processing, so that the matrix formulation of the problem is given
by:
Y=HS+N, zZ=Vy, (3.2)

where the received signals are given by Y € CNr*/Ns: the transmitted signals are represented by S € CNexNs;
the additive white noise is given by N € CNr*Ns: whereas Z € CNt*Ns s the estimated signals. Moreover,
in semi-blind approaches, both pilots and data are used, hence, without loss of generality, the pilots are
assumed to appear at the beginning of the transmitted frames in a block-type arrangement, thus each

frame is formed by N, pilots followed by Ny data samples, so that Ny = N, + Ny and Y =[Y,,, Y ).

3.2.2 Semi-blind source separation

The proposed semi-blind source separation approach is based on the MM criterion for the unknown data
and on the LS criterion for the pilots. Indeed to take advantage of both pilots and data, a hybrid cost

function denoted Jgp(V) is defined as follows:
Jsp(V) = (1—a)Jp(V) +adis(v), (3.3)

where Jg(V) stands for a fully blind cost function; Jyg(V) refers to the use of pilots; and « is a
real constant, taking values in the interval [0,1], considered as the weight given to the blind and the
training-based parts of the semi-blind cost function.

In what follows, an iterative method based on the gradient descent is adopted to minimize the cost

function, given by (3.3), according to:
V1=V, —puG,, n=01., (3.4)

where V41 (respectively V) represents the updated (respectively the old) value of the matrix V; p is a

small positive value, called step size, that determines the speed of convergence; and G,, is the gradient of
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the cost function, at the n-th iteration, given by:
G =VJsp(Vn) = (1-a)VJIs(Vn) +aVJisg(Va). (3.5)

As adopted in [28], the iterative procedure is stopped as soon as:

[Vat1—Val _ 0.1p
Pl 3.6
V. VA (36)

Also, a maximum number of iterations can be defined for stopping the iteration process.

In the current work, we adopt a batch processing based on the use of block iterative implementation, as
opposed to stochastic algorithms. The latter approaches approximate the gradient by using a one-sample
estimate, which leads to dropping the expectation operator. Consequently, these methods generally lead
to a slow convergence. By contrast, batch-based methods approximate the gradient from a block of the
received samples repeatedly at each iteration. This more precise gradient estimate improves convergence
speed and accuracy [78]. Moreover, all the sources are simultaneously estimated, so that the accumulated

errors of the deflation-based methods are avoided [79].

3.2.2.1 Multi-Modulus criterion

In the current work, the blind process is based on the MM criterion, which penalizes the deviation of the

real and imaginary parts of the equalized signals from the squared constellation shape as follows:

AV =S = S (2k) — Rp)? + (220k) — Ri)?), (3.7)

im Na k=Np+1
where z; p = real(viHYd) (respectively z; 1 = imag(vf[Yd)) is the real (respectively imaginary) part of
the (i,k)-th element of the recovered signal; R = E[sh(k)]/E[s% (k)] and R; = E[s}(k)]/E[s%(k)] are the
real and imaginary dispersion constants.
The gradient of the MM criterion, for the i-th user, is defined as follows:
Ns
1 2 2
Vi (vi) = > Iyalk) (5 (k) = Rr)zi,m(k) — 3 (27 (k) = Rp)z 1(K))]. (3.8)
4 k=Np+1
In what follows, the CM criterion is used for comparison. It is given by [70]:
Nt 1 Ns
Jou(V) =3 = 2. (zk) P =R)% (3.9)

i=1 " " k=Np+1

The gradient of the CM criterion, for each user, is defined as follows:

Ns
Vo)== Do yalk) (k) (| 2k) 2 —R))) (3.10)
k=Np+1

Note that the multiplicative constants of the previous gradient formulas are omitted because they are

absorbed by the step size as given in (3.4).
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3.2.2.2 Pilot-based criterion

In the current work, the use of the pilots is through the LS criterion, which is based on the error between

the transmitted pilot symbols and their estimates, according to:

N 1 Np
Js(V) =D 5 > | ilk) = sp, (k) . (3.11)

i=1" P k=1
where z;(k) and sp, (k) stand for the k-th estimated and transmitted pilot sample of the i-th source.
The gradient of the pilot-based LS criterion, for the i-th user, is defined as follows:

N,
1 p
Viis(vi) = N Z[Yp(k) ((2i(k) = sp; (k))")]- (3.12)
Pp=1
It is clear that the MM and CM functions are 4-th order ones whereas the LS is a quadratic function.
In some works (e.g. [80] and references therein), the 4-th order CM cost function is approximated by
a quadratic function. To get a ’homogeneous’ hybrid criterion, an alternative pilot-based cost function

would be the Least mean Fourth (LF) [$1] given by:
Nt 1 Np
TE(V) =30 3 25lh) — sy ) [ (313)
i=1" P k=1

As can be seen in the sequel, the latter cost function leads to a slight improvement of the source separation

quality.

3.2.3 Optimal step size

Exact line search optimization technique has been successfully used recently for optimizing the step size
of the steepest-descent gradient-based algorithms for channel identification/equalization and independent
component analysis (e.g. [28] [82]), where the update rule is expressed as given in (3.4) but with a variable
step size. Indeed, it can be observed that Jop(Vy+1) is a polynomial function of the step size parameter
1, thus, it is possible to perform a steepest descent of the objective function by finding the optimal step

size:

Hopt = arg m}in Js (Vi — uGy). (3.14)

Consequently, fiop¢ is the appropriate root of the derivative of Jgp(Vy41) w.r.t. u, which is a 37_degree

polynomial given by:
VJsp(Vni1) = (1= a)pp(p) + aprs(p), (3.15)

where

pe(1) =P () = (Bs,, + B, )1® + (Ba, + Ba, ) + (Biy, + B1,) i+ Boy, + Bo,» (3.16)
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so that
9 X 3 &
ﬂgR:Fd Z (a%)a IBQR :Fd Z (aRbR)7
k=Np+1 k=Np+1
N
9 ‘
Bra= e D (anen+bh) (3.17)
k=Np+1
L
Bop =~ . (brer),
4 k=Np+1
and

ap=|Gy |27 bgr = —2Teal{VrGrH},
(3.18)
cr=|V:["-R,

Gr=rea{G"Y,;} and V,=rea{VIY,}.

For B,,,2=0,...3 the same equations used in (3.17) still valid but with Gy = imag{GHY,} and Vi=
imag{V7Yz}.

Also we have

prLs(p) = a1p+ g, (3.19)
where
gL
_ H 2
al—ﬁp E (1G"Y, %), (3.20)
k=1
13
_ H
o0 = —Np kg_l(real{G Y;‘,(Yp -Sy) 1), (3.21)

where S, contains the pilots of all users.

Remark: For the CM criterion, an optimal step size can be calculated by considering the polynomial:

pCM(lu):/B30/'L3+IBQCM2+/310M+IBOC7 (322)

where B3, 8,81, and By, are calculated in the same way as in (3.17) but by considering G¢ = Gy,
and Vo = V7Y,

Finally, ftopt is chosen as the real-valued root that minimizes the cost function Jsp(Vpy1).

It is important to note that an optimal step size can be calculated for each user, so that, the upgrading
rule can be expressed as follows:

Vn+1 =V, - Gndiag(ll')7 (323)

where p = [p1,..., 1, | contains all the optimal step size values of all users.
Remark: in the SB cost function, given by equation (3.3), a weighting parameter « has been
introduced to determine the influence of the blind or the pilot-based part. Experiments will be given in

section 3.5 to illustrate the effect of such parameter on the performance of the proposed approach.
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3.2.4 SB-MM source separation under the effect of pilot contamination

This section considers a multi-cell massive MIMO system composed of N, cells. In such a case, the system

model is given by:
Ne
y(k) =Y Hsi(k)+n(k), (3.24)
=1

where the first cell represents the cell of interest while the others are the interfering neighboring cells.

Traditionally, a channel estimation is performed before recovering the transmitted data during the
uplink phase according to the Time Division Duplexing (TDD) protocol. However, pilots of the cell of
interest are interfering with pilots of adjacent cells leading to the phenomenon of pilot contamination [13].
Recent work (e.g. [54]) show that semi-blind approaches represent a potential solution to this problem.
Thus, we propose to recover the data of users located in the cell of interest by means of the proposed
semi-blind source separation method. Interestingly, exploiting the pilots, through the LS or LF criterion
included in the semi-blind cost function (i.e. equation (3.3)), allows to recover only the data of the cell of
interest, from the observed mixture signal, and removing the inherent ambiguity of the blind-based source
separation techniques.

Indeed, massive MIMO systems are characterized by their large size antennas, so that we assume that
N is larger than the total number of users, i.e. Ny +---+ Nty » coming from the N, cells and hence the

global system matrix H is left invertible. In that case, the target separation matrix V is of size IV, X Ny, .

3.3 Convolutive system model: MIMO-OFDM system model

This section is dedicated to the convolutive model through MIMO-OFDM communications system model.

3.3.1 Communications system model and problem formulation

The system model adopted in this section is similar to that described in chapter 2, where an uplink
transmission is considered. Let’s consider a BS equipped with IV, antennas and receiving signals from Ny
randomly located single-antenna users. Thus, the received signal, after cyclic prefix removal and FFT, at

the r-th BS antenna, assumed to be a K sub-carriers OFDM signal, is given by [60]:
Ny FH
yr = ZlF T(hz,'r‘)?Xl + n;,, (325)
1=

where F is a K-point Fourier matrix; (.)* is the transpose conjugate operator; h;, is a N x 1 vector
representing the channel coefficients between the i-th user and the r-th receive antenna; 7 (h;,) is a
K x K circulant matrix so that its first row is given by [h;(0),01xx— N, hir(N —1),...,hi»(1)] while
the remaining rows are obtained by a simple cyclic shift to the right of the first one. x; is the i-th user
OFDM symbol of size K x 1. n,, of size K x 1, is assumed to be an additive white Circulant Gaussian
(CG) noise so that E[n,(k)n,(i)f] = 0215 01; where o2 is the noise variance, dy; represents the Kronecker

delta operator and I is the identity matrix of size K x K.
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By exploiting the eigenvalue decomposition of the circulant matrix 7 (h; ), given by:

FH

T (h,) = 7/\1‘,7~F, (3.26)

where A;» is a K x K diagonal matrix formed by the frequency gain of the channel at the considered
sub-carriers, i.e. A;, = diag{Wh,,} and W is formed by the first N columns of F, and by stacking all the

N, received symbols in a single vector form, the received N, K X 1 signal, can be re-expressed as follows:

y=Ax+n, (3.27)

where y = [le...y%T}T; X = [xlT...x%t]T; n, = [an...n%T}T; A=[Ar. Ay, ] with A; = [Ai,l...)\inT]T.
Moreover, by collecting Ns symbols, one can write the received signal, at the k-th sub-carrier, as
follows:

Y = A X, + Np, (328)

where Yj, € CNrxNs X, e CNexNs N, € CV*Ns and A, € CV"*Nt which is explicitly given by:

N—-1

A = ZH(l)exp(—jzn%), (3.29)
=0

where H(I) € CNr*Nt is the I-th matrix coefficient of the considered MIMO transfer function.
In the sequel, the objective is to recover the transmitted data symbols by applying a separation matrix
V to the observed (received) signal. However, the first step is to determine the form of such a matrix.
Basically, the separating matrix is constructed so that V(z)A(z) = Iy,, where Iy, is an identity
matrix and the elements of A(z) are polynomials of the form A; ,(2) = Zfiﬁl hir(1)z=" for every z. At
this step we assume that the conditions for the existence of the inverse of the polynomial matrix A(z) are
satisfied, mainly A(z) is irreducible (see [66, 83] for further details). Thus, V(z) would be a polynomial
matrix with elements v, ;(z) = sz\i 61 vy;(1)2~! for every z, which means that, on the unit circle we have
V(exp(—j2n fi.)) A exp(—j2n f,)) = In, where fi, = % This result is equivalent to saying that ViyAx = Iy,
for every sub-carrier k. Consequently, we seek for the separating matrix given, at the k-th sub-carrier, by:
N-1 k
Vi = Y, V(l)ewp(—j2m1=D), (3.30)
=0
where V(1) € CNexNr,
Thus, the recovered signal, at the k-th sub-carrier, is given by:
N-1
Z, = VY= Z V(l)emp(*j%%l)Yk,
=0
Ty,

exp(—jionE
[V(0) V(1)... V(N —1)] p( 72: )N, -

eap(—j2m & (N = 1)1y,

[V(0) V(1)...V(N — 1)](wi ®1Iy,) Y,

VWY, (3.31)
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where W, = W{ ® Iy, , with wy being the k-th row of W and V € CNexNe N

Indeed, as given in equation (3.31), one needs to estimate only one matrix (V), independently of the
sub-carriers, rather than estimating W},. Moreover, it is worth noting that each row v; of V allows to
extract one source signal.

Moreover, in SB approaches, both pilots and data are used, hence, w.l.g the pilots are assumed to

appear at the beginning of the transmitted frames in a block-type arrangement. Thus each frame is

formed by N, pilots followed by Ny data symbols, so that Ny =N, + Ng and Y =Y, Y4].

3.3.2 Proposed Semi-blind source separation

In the sequel, we introduce the proposed solution described in section 3.2.2 for the case of MIMO-OFDM

communications system.

3.3.2.1 Multi-Modulus criterion (MM)
For the case of MIMO-OFDM communications system, the same MM criterion used in 3.2.2.1 is used but
for every sub-carrier as follows:

K N

Te(V) = Jam(V) = > B[} r(n) — Rr)* + (27 ;.1(n) — Rr)?] (3.32)
k=1i=1

where F is the expectation operator?, zy ; g(n) = real(viWYg(n)) (resp. 2x;.1(n) =imag(viWiYg(n)))
is the real (resp. imaginary) part of the (i,n)-th element of the recovered signal at the k-th sub-carrier.
Rp = E[z%(n)]/E[z%(n)] (resp. Ry = E[z}(n)]/E[2z?(n)]) is the real (resp. imaginary) dispersion constant,
which depends on the constellation of the transmitted signal x; and n = N, +1,...N,.

The gradient of the MM criterion, for the i-th user, is defined as follows:

K
V(i) = Y 4E[(WYg(n))* ((Zl%,i,R(n) — RR)zir(n) + (27, 1(n) — RI)Zi,I(”))] (3.33)
p

where (.)* refers to the complex conjugate.
Also, for benchmarking, the CM criterion [70] is introduced, since it has been widely used in literature.

In such a scenario, the CM criterion is given by:

K N

Jom(V) =YY El(| zk.4(n) > =R)?, (3.34)

k=11i=1

where zj ;(n) = v;W Y (n) and R = E[z*(n)]/E[z%(n)] for n = N, +1,...N;.

3.3.2.2 Pilot-based criterion
The pilot-based part, defined through the LS criterion, is given by

K N

Jis(V) =D | z(n) — apri(n) %, (3.35)

k=1i=1

3Replaced in practice, by the time averaging operator.
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where zj, ;(n) and zpy, ; stand for the n-th estimated and transmitted pilot symbols of the i-th source at
the k-th sub-carrier, n =1,...N,,.

The gradient of the pilot-based LS criterion, for the i-th user, is given by:

VJis(Vi) =2E[(WY(n))* (21,(n) — xpp(n))]. (3.36)

Here again, one can notice that MM and CM criteria are 4-th order functions whereas the LS-based

criterion is a quadratic function. In order to get ’homogeneous’ criteria, some works approximated the

4-th order CM cost function by a quadratic one (e.g. [30] and references therein). Thus, for homogeneity
purpose, an alternative pilot-based cost function would be the Least mean Fourth (LF) [31], given by:
K Nt
Jr(V)=> > E|zi(n) —apri(n) |*. (3.37)
k=1i=1

3.4 Multi-cell case and pilot contamination

In [38], authors have investigated the performance bounds of semi-blind channel estimation approaches
for multi-cell massive MIMO-OFDM systems (under the effect of pilot contamination). In the current
work, the performance of the proposed SB source separation technique is assessed under the effect of pilot
contamination (same pilots in all cells). In such a case, a multi-cell massive MIMO system composed of
N, cells is considered. Thus, the system model is given by:

Nc

Yie=Y AiwXin+Xig, (3.38)
i=1

where the first cell is considered as the cell of interest while the others are the interfering neighboring cells.

Mainly, pilot contamination occurs when same pilots are used in different adjacent cells, in which
case, the channel estimation using only pilot symbols would fail. Thus, we propose to recover directly
the transmitted data without performing channel estimation but rather source extraction of the desired

sources (i.e. the users signals of the cell of interest) via our SB algorithm.

3.5 Performance analysis and discussions

This section highlights the performance of the proposed semi-blind source separation and its effectiveness
under the effect of pilot contamination, for the case of instantaneous and convolutive communications
systems. MM-SB refers to the MM-based SB source separation technique where pilots are used for
initialization and in the cost function. However, MM-B stands for a blind cost function but with pilot-
based initialization. CM-SB refers to the use of CM criterion for a SB data recovering. LS refers to
the use of available pilots, which is calculated using the available training pilots: Vg = Y# S]Ij , where
Y# = (YpY};I )~1Y, is the pseudo inverse of the received pilots Y,. Accordingly, we refer to the LS
solution with both data and pilots used for training as the "MMSE lower bound", which is introduced

for benchmarking. Except for the experiment of Figure 3.9 and Figure 3.10, pilots and data are drawn
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from a 4-QAM modulation, whereas channel coefficients are generated using i.i.d. unit-power, zero-mean,
Gaussian distribution. The results are averaged over 200 Monte Carlo runs, and the performance is
assessed through an average Symbol Error Rate (SER). Simulation parameters are defined as: Ny = 4, N,
=10, Ng = 100, N, =1, K = 64, N = 4 and a = 0.5 and the fixed step size p = 0.01.

Figure 3.1 illustrates the performance of the blind MM Algorithm (MMA-B), the blind CM Algorithm
(CMA-B), the semi-blind MM Algorithm (MMA-SB), and the semi-blind CM Algorithm (CMA-SB) for
source separation, in a mono-cell system, with separating matrix randomly initialized. One can notice
the enhancement, in terms of SER, of the semi-blind approaches compared to the blind ones. Moreover,
better performance is obtained with an optimal step size (MMA-SB-OSS, CMA-SB-OSS) compared to
the fixed step size case. By taking into account the nature of the cost function, the MM-based approaches

outperform slightly the CM-based ones, since the former takes into account the phase variation.

Since some training pilots are available, an LS-based initialization is used for the separating matrix. In
this context the performance of the different approaches are illustrated in Figure 3.2. One can observe that
the blind approaches have been clearly enhanced (compared to the results given in Figure 3.1), whereas a
local minimum convergence problem is observed for the semi-blind ones with a fixed step size at high
SNR. By contrast, one can notice that the performance with optimal step size is virtually independent of
the initialization, while dramatically reducing the iterations number as illustrated in Table 3.1. Notice

that this reduction compensates the additional consumed time of calculating the optimal step size.

As explained in section 3.35, a LF criterion is adopted to obtain two homogeneous 4-th order cost
functions (i.e. the MM and the LF). As shown in Figure 3.3, an enhancement of the semi-blind performance
with LF (MMA-SB4 and CMA-SB4) is observed for medium and high SNRs as compared to the case of
LS (MMA-SB and CMA-SB).

Remark: note that in figures 1, 2 and 3 the very small values of SER (<< 107°) are not plotted.

Figure 3.4 illustrates the behavior of the semi-blind approaches when increasing the number of pilots,
for a given SNR=5dB. One can observe that with very few pilots (< 5 in our case), the fully blind case
performs better than the semi-blind one as if using too few pilot symbols could ’confuse’ the semi-blind
approaches and leads to ill convergence. Similar effect has been observed for the semi-blind equalization
in [28]. However, for a reasonable number of pilots, the semi-blind methods are able to attain the MMSE

lower bound while maintaining good spectral efficiency and an effective data rate.

Figure 3.5 illustrates the behavior of the blind and semi-blind approaches when increasing the number
of data symbols Ny (for MMSE lower bound Ny is kept fixed as reference). It can be clearly shown that
with higher number of data symbols (around Nz = 100), for a given SNR=5dB, the performance of the
blind and semi-blind source separation are enhanced. This result allows to use a small pilot/data size

ratio for better throughput.
Figure 3.6 illustrates the behavior of the proposed solution under the effect of pilot contamination.

One can observe that the LS-based equalizers are severely affected by the problem of pilot contamination

(LS-contam) compared to the single cell case (LS). However, such a problem can be alleviated by the semi-
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blind approach especially with MM criterion as compared to CM one (MMA-SB-contam, CMA-SB-contam).
This result is very promising for pilot contamination mitigation in massive MIMO communications systems.

Figure 3.7 illustrates the performance of the proposed MM-based SB source separation technique with
respect to SNR. One can notice the enhancement, in terms of SER, of the SB approaches as compared
to the blind and the pilot-based ones. Also, within an OFDM framework, it is possible to perform a
pilot-based and SB source separation with only one pilot symbol, which corresponds to K samples for the
case of single-carrier framework. As shown in Figure 3.8, an enhancement of the SB performance with LF
(MM-SB-4 and CM-SB-4) is observed for medium and high SNRs as compared to the case of LS (MM-SB
and CM-SB).

Moreover, using an optimal step size leads to reducing dramatically the iterations number, as illustrated
in Table 3.2. It is worth noting that this reduction compensates the additional time consumed for optimal
step size calculation.

According to Figure 3.9 and Figure 3.10 , the results obtained in Figure 3.7 are still valid for higher
order QAM modulations (16-QAM, 64-QAM). Moreover, one can notice that MM-based processing
outperforms the CM-based one for such modulations.

Figure 3.11 investigates the effect of the weighting constant o on the performance of MM-SB. It can
be noticed that, taking a values from the interval [0.45,0.65] allows better performance of the proposed
SB approach. Moreover, one can notice that with just a few pilots, interesting performance is obtained
with MM-SB. This result illustrates the efficiency of SB techniques for reducing the pilot overhead and
improving the throughput of MIMO-OFDM communications systems.

Figure 3.12 investigates the behavior of the proposed solution under the effect of pilot contamination.
One can observe that LS-based equalizers are severely affected by the problem of pilot contamination
(LS-contam) compared to the single-cell case (LS). However, such a problem can be alleviated by the SB
approach especially with MM criterion as compared to CM one (MM-SB-contam, CM-SB-contam). This
result is very promising for pilot contamination mitigation in massive MIMO-OFDM communications

systems.

Table 3.1: Average number of iterations for convergence (instantaneous model)

B-CMA | SB-CMA | B-MMA | SB-MMA

Fixed Step Size 482 677 616 783

Optimized Step Size 280 392 350 460
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Figure 3.1: Average SER vs SNR for blind and semi-blind source separation with random initialization

(N, =20,N; = 4,Ng = 100, N, = 5)
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Figure 3.2: Average SER vs SNR for blind and semi-blind source separation with pilot-based initialization

(N, =20,N; = 4,N; = 100,N, =5)

3.6 Conclusion

This chapter proposed a new approach for semi-blind source separation, which can help mitigate the

problem of pilot contamination in massive instantaneous and convolutive MIMO communications systems.



3.6. Conclusion 51

——CMA-SB
—— CMA-SB4
—=—MMA-SB
——MMA-SB4
LS
—>—MMSE

SER

[Eny
o

0 5 10 15 20
SNR (dB)
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Figure 3.4: Average SER vs number of pilots Ny for blind and semi-blind source separation (N, =
20,N; =4,N; =100,SNR =5dB)

A hybrid cost function is defined based on the MM criterion for the blind part and the LS or LF criterion
for the pilot-based one. A full estimation procedure has been adopted based on the gradient descent

rule and an optimized step size. Simulation results have shown that the proposed method exhibits an
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Figure 3.6: Average SER vs SNR under pilot contamination with asynchronous cells (N, =20, Ny =
2 per cell, No=4,N4=100,N, =5)

attractive data recovery accuracy, convergence speed, and a promising source separation (deconvolution)

performance under pilot contamination in massive MIMO-OFDM systems.
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Table 3.2: Average number of iterations for convergence (MIMO-OFDM model)

MM-SB | CM-SB | MM-B

Fixed Step Size 893 779 713
Optimized Step Size 574 496 472
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CHAPTER

Joint channel estimation and data detection with succes-

sive convex approximation

Problems are not stop signs, they

are guidelines.

Robert H. Schuller.

This work has been done in collaboration with Pof. Marius Pesavento as part of a mobility to Germany

(Darmstadt).

— Abstract N
The aim of this chapter is to propose a semi-blind solution, for joint sparse channel estimation

and data detection, based on the successive convex approximation approach. The optimization
is performed on an approximate convex problem, rather than the original nonconvex one. By
exploiting available data and system structure, an iterative procedure is proposed where the
channel coefficients and data symbols are updated simultaneously at each iteration. Also an
optimized step size, introduced according to line search procedure, is used for convergence
improvement with guaranteed convergence to a stationary point. Simulation results show that
the proposed solution exhibits fast convergence with very attractive channel and data estimation

performance. This work has been published in in 1[(\4}

2 [81] 0. Rekik, K. Abed-meraim, M. Pesavento and A. Mokraoui"Semi-blind Sparse Channel Estimation and
Data Detection by Successive Convex Approximation", 21st IEEE International Workshop on Signal Processing

Advances in Wireless Communications (SPAWC), 2020, pp. 1-5.
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4.1 Introduction

Channel estimation and data detection is a key task in wireless communications systems and different
approaches have been proposed for joint channel and data estimation (e.g. [35, 86]). Moreover, In many
wireless communications, growing experimental studies have showed that many practical channels exhibit
sparsity as the delay spread could be very large but the number of distinguishable multi-path delays is
usually small. In such a case, sparse channel estimation should be considered (see [87] and references
therein).

A solution to perform channel identification and data recovery, by taking into account prior information
about the channel and/or the data, would be solving a regression-based Optimization Problem (OP).
Many techniques have been proposed for the problem of constrained linear regression, such as the Fast
Tterative Soft Thresholding Algorithm (FISTA) [38], the Block Coordinate Descent (BCD) algorithm [39],
the Alternating Direction Method of Multiplier (ADMM) [90] or the parallel best-response with exact line
search algorithm [91]. In our context, the sequential update algorithm seems to be a good alternative to
overcome difficulties arising from the nonconvexity of the problem, however, a major drawback of the
sequential update is the induced large delay, because the update of a block variable cannot be performed
until its predecessor block variable is updated (BCD algorithm [39]). In such a case, the delay may be
very large with big number of data blocks.

Conseqently, an appropriate approach would be the successive convex approximation framework ([92]
and references therein), where a sequence of successively refined approximate problems are solved, while
preserving the algorithm’s convergence to a stationary point of the original OP.

On the other hand, it bears mentioning that, in practice some training sequences, known by the
transmitter and the receiver, are usually sent periodically within the wireless network frames besides
the unknown data. Thus, the focus of the current work is to propose a solution for semi-blind sparse
channel estimation and data recovery by considering a single-carrier Single-Input Multiple-Output (SIMO)
system?. The motivation for adopting a semi-blind approach is to make use of available sequences and to
avoid the different difficulties and issues that emerge from the blind process such as the inherent ambiguity
of blind processing [67]. The proposed solution is based on the Successive Convex Approximation (SCA)
framework along with the Majorization-Maximization approach [93]. An iterative procedure is performed
where channel coefficients and data symbols are estimated simultaneously, at each iteration, with an

optimized step size introduced for improving the convergence speed.

4.2 System model

For this work, a SIMO convolutive communications system is considered, where the r-th system output,

r=1,---,N;, is given by:
M

yr(k):Zhr(n)s(k*n)JrvT(k)a (4.1)

n=0

2This solution can easily be extended to the multi-user case (i.e. convolutive MIMO systems).
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where h, refers to the r-th channel finite impulse response of size M + 1, s(k) represents the transmitted
symbols and v,.(k) is a white Gaussian noise with variance o2. By considering N received samples, one
can write (4.1) as follows:

Y=HS+V, (4.2)

where Y,V € CN*Ns H e CNrx(M+1) and § € CIM+D*Ns jg o Toeplitz matrix. Moreover, and
without loss of generality, N, training symbols (pilots) are sent at the beginning of the data
frame, so that the transmitted and received symbols are given by S = [S,,S] and Y = [Y,Y]

respectively.

4.3 Proposed channel estimation and data recovery framework

This section is dedicated to the formulation of the appropriate OP describing the aforementioned

scenario, then the derivation of the proposed solution.

4.3.1 Problem formulation

In what follows, we consider the problem of joint channel estimation and data recovery, by taking
into account the channel sparsity as prior information. Also, a number of data symbols (pilots)
are assumed to be known by the transmitter and the receiver. To do so, one can formulate an
appropriate OP that incorporates all available model information and requirements. Basically,
our OP is composed of the estimation error of a data matching function and regularization
(penalty) terms for promoting, in the solution, a certain structure known a priori. Hence, the

following OP is considered:
‘II. i 1” Y _||2 || H (4 3)
minimize —||Y — HS + H .
'S € 5 F 1% 1,

where the [; norm enforces the sparsity of the channel response H, with a regularization constant
11, whereas the term ||Y — HS||% can be expressed as the sum of a data (blind) and a pilot-based

terms as follows:

IY -HS|z = [[[Y,,Y]-H[S, S|

1Y, —HS, ||+ ||Y —HS| % (4.4)

where Y, and S, refer respectively to the received and transmitted pilot symbols.
Moreover, given equation (4.1), the data matrix S has a Teoplitz structure, which can be
added as a constraint to our OP (given by (4.3)). To do so, we define the matrix S; which

is formed by removing the last row and column of S, and the matrix Sr which is formed by
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removing the first row and column of S. In such a case, we have: S; = Sp where:

Sy, = Jr,SJr,. (4.5)

Sr = JrpSJg, (4.6)

where Jr, = [Inr,00%1], I, = [INS—l,O(TNS_l)XJT, Jr =01, Im], I = [O{Ns_l)XpINS—l]T)

I and O refer to the identity matrix and all-zero matrix, respectively.

Thus, we can write:

S;, —Sp = Mvec(S), (4.7)

where M = J %2 ®Jr, —JEQ ®@Jpr, (® being the Kronecker product) and vec(.) denotes the matrix
vectorization operator. Consequently, the OP, given by equation (4.3), can be re-expressed as

follows:

Lo wrang Ay~
minimize §HY—HSH%+ 5HMvec(S)H?F+uHHH1. (4.8)

N.B.: This OP can be easily extended to the multi-user case (i.e. MIMO system) by modifying
properly the matrix M.

4.3.2 Proposed solution

To solve the aforementionned OP, the successive convex approximation approach proposed in
[92] is adopted. Basically, this approach deals with OP given by:

mirzlier%ize NZ)=f(Z)+9(Z), (4.9)

where f(.) is a smooth nonconvex function, g(.) is a regularization nonsmooth function and Z is
a convex set.

First, an upper bound of the original function A is constructed, by the standard Majorization-
Maximization method, then, a convex approximation of this upper bound is defined, based on
the standard SCA framework. Finally, the obtained function is minimized so that it has the
same optimal points as the original one (see [92] for proofs). Also, a line search based procedure
is introduced for calculating an optimal step size.

In the sequel, the following notation is adopted:
Z = (H,S), (4.10)
1, < - A~
F(Z) = JI¥~HS|} 4 [ Mvec(S) 3 (411)

9(Z) = plH[:. (4.12)
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One can notice that f(H,S) is not jointly convex w.r.t. (H,S) but it is individual convex in H
and S. This leads to the best OP approximation: given fixed values Z' = (H!,S?) at iteration t,

the original nonconvex function f(Z) is upper bounded by a proximal convex function f(Z,Z¢)

given by:
f(zvzt) :fH(H,Zt)—f—fs(S,Zt), (413)
where
Fir(H.2Z!) = f(H,8") = | |Y ~HS'|}. (114)
fs(8,2) = F(H,8) = LY ~H'S|[} + 2 [Nvec(S)[ . (115)

and S? (resp. H?) refers to a fixed value of the parameter S (resp. H). In such a case, at iteration

t, the approximate problem consists of minimizing;:
mirlliirélize f(Z,2%) + ¢(Z). (4.16)

Since f(Z,Z?!) is a convex function w.r.t. Z and g(Z) is convex in H, the approximate problem,
given by equation (4.16), is strongly convex and has a unique globally optimal solution, which is
denoted by BZ! = (ByZ',BsZ!). Moreover, the approximate problem (4.16) is separable w.r.t.

variables H and S, so that it can be decomposed into smaller problems that can be solved in

parallel:
ByZ' = argmin fg(H,Z")+g(H), (4.17)
BgZ! = arg msin fs(S,ZY). (4.18)

In order to compute By Z' while g(H) is not differentiable, the elements of H are updated

element-wise according to:
ByZ' = diag(S'S"")8,, (diag(8'S" )H'" — §'(S""HH - Y1), (4.19)

where S,,(X) is an element-wise soft-thresholding function so that its complex (i, j)-th element is
given by [real(X; ;) — p|* — [~real(X; ;) — p|* + j[[imag(X; ;) — pu]* — [~imag(X;,;) — p]*] with
[z]T = max(z,0).

On the other hand, we have:

N Ay
Bz’ = argmin oly —H's|3 + 5 |Ms|}

= @\AIH+MIM) Ry, (4.20)
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where H=I® H, y = vec(Y) and s = vec(S) (or equivalently S = unvec(s)).

By using these optimal solutions, the variables update is given by:

Ht! = H +~ByZ —H), (4.21)
Sttt = Sty (BgZ! S, (4.22)
where 7 € [0,1] is the algorithm’s step size (see [92] for more details).

As can be noticed, H and S are updated simultaneously at each iteration based only on the
old solutions of the approximate problems (4.19) and (4.20), respectively. Also, the approximate
problem (4.16) can be solved efficiently because the optimal solutions are provided in analytic

expressions.

4.3.3 Optimal step size computation

One can notice that in equations (4.21) and (4.22), the choice of the step size is crucial for the
convergence speed and accuracy. Therefore an optimal step size would notably improve such
characteristics. For this, a line search can be adopted to obtain an optimal step size value as
follows:

Yopt = arg_min [f(Z'+~(BZ' - Z") + g(Z' +~(BZ' — Z"))]. (4.23)
fy b

Although it is a scalar problem, it has no closed form solution due to the non differentiable

function g. To overcome this limitation, we use the Jensen’s inequality:
g(Z' +~(BZ' — Z")) < g(2Z") + yg(BZ' - Z")). (4.24)

One can notice that, the function on the right hand side of (4.24) is differentiable and linear with
respect to v. Hence, a closed form expression, of an approximate optimal step size, is obtained
by mimimizing the following polynomial function:

Yopt = arg min [f(Z'+~(BZ' - Z")) +~(9(ByZ) — g(H"))]
~€[0,1]

’

S VIR S
= arg min {-ay"+ -bv" + =y +dv}, 4.25
gve[m]{4 7 g+ gyt +dy} (4.25)

where terms independent of v are omitted, and:

a = 2|[AHAS|%, (4.26)
b = 3tr(real(AHAS(HAS + AHS))), (4.27)
¢ = 2tr(real(AHAS(HS — Y)H)) + |HAS + AHS|)5 + \|MAs||3, (4.28)

(4.29)

d = tr(real((HAS +AHS)(HS — Y)1)) + AsE M MAs + pu(||ByZt||1 — |H!||1), (4.29
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where tr(.) is the trace of a matrix and AH =By Z! — H!, AS =BgZ! — S!, and As = B,Z’ —s'.
The proposed solution will be named ST-SCA for Soft Thresholding Successive Convex

Approximation algorithm. This method is resumed in Algorithm 1.

Algorithm 1 the proposed ST-SCA algorithm

Initialization:

1: pilot-based initialization for H, zero-forcing equalization for the initialization of S and stop
criterion e;
Processing:
2: Compute By Z! and BgZ! according to (4.19) and (4.20);
3: Compute the optimal step size according to (4.25);
4: Update H and S according to (4.21) and (4.22);
5. While | tr((BZ! — ZHHV f(Z1)) 4 g(BZ!) — g(Zt) |> € repeat from step 2.

4.3.4 Alternative solutions

In what follows, and for benchmarking, the OP given by equation (4.8) can be optimized by
using the widely used ADMM approach. To do so, (4.8) can be reformulated as:

migimize Y — AS|[%+ 3 |Nivee(S) |} + B,

1y

subject to A = B. (4.30)

Consequently, the augmented Lagrangian of (4.30) is given by:
L(A,B,S,IT) = - [ ¥ — AS|2+ 2 [ Mvec(S) 2+ ul|B 17 (A—B))+<|A—BJ|%, (4.31
(A,B,S,II) = _ | 7+ 5 [IMvec(S) || + | B2 +tr (T ( )+5ll 7, (4.31)

where the matrix IT is the dual variable (the Lagrange multiplier) which adds the constraint
to the cost function and c is a positive constant. Within ADMM framework, the variables are

updated as follows:

A = arg Injin L(A,B S!1IY), (4.32)
B! = arg mén L(A B, S! ITY), (4.33)
St = arg msin L(AT B S 1T, (4.34)
M — I+ (AT — BHH), (4.35)
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The solutions to the above OP are as given by:

AL = (Y(SH)H 4 B - I (S'(SHH + D), (4.36)
t\H

Bt~ g.artty I (4.37)

st = (ATPHHAT L NN LAy (4.38)

where st = vec(St!) and A =I® A.

Also a BCD-based solution is considered in the sequel (for simulation comparison) for solving
OP (4.8) where the channel matrix is updated row-wise, whereas the data symbols are updated
by considering the channel’s matrix as fixed.

It is important to notice that the numerical cost of the proposed algorithm increases signifi-
cantly mainly due to the number of the observation samples. To reduce this cost, due mainly to
equation (4.20), one should exploit the block-tridiagonal structure of (H”H + XM M) and its
quasi block-Toeplitz property for its fast inversion [94]. Another alternative would be to replace
the term associated to the data matrix structure by a term associated to the channel matrix. For
example, one can use the Cross-Relation (CR) quadratic criterion [95] for blind SIMO channel

estimation according to:
o . . 1 Y, a2 )\ H
minimize ¥ —HS||%+ S Qerh -+ ul[H1. (4.39)

where h = vec(H) and Q¢ is the quadratic form (obtained from the observations) associated to
the CR method. In the case of large sample sizes, the minimization of the latter cost function is

much cheaper than the minimization of (4.8).

4.4 Performance analysis and discussion

This section highlights the performance of the proposed solution for channel estimation and data
detection. A pilot-based initialization is used for channel coefficients, which are, in turn, used for
zero-forcing equalization to get the initial data values. Also, for comparison, we have used a fully
pilot-based channel estimator (i.e. we assume the data symbols known for benchmarking), and
a subspace-based (SS) channel and data estimators [66, 96]. The pilots and data symbols are
drawn from a 4-QAM modulation, whereas the channel coefficients are generated randomly using
i.i.d. unit-power, zero-mean, Gaussian distribution, with some randomly chosen null coefficients
(60% of columns in our case) to model the channel sparsity. The results are averaged over 100

Monte Carlo runs, and the performance is assessed through the normalized mean squared error
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Parameters Specifications
Number of transmitters Ny =1
Number of receive antennas N, =20
Number of data symbols Ng = 100
Number of pilot symbols N, =10
Channel’s taps M =15
Cost function constants A=0.25 Y] (|'Y||: spectral norm of Y)
u=1.8
c=10* (for ADMM-based algorithm)

Table 4.1: ST-SCA simulation parameters.

(NMSE) and an average symbol error rate (SER). Simulation parameters are summarized in
TABLE 4.1, unless otherwise mentioned.

Figure 4.1 investigates the performance of channel estimation, in terms of NMSE w.r.t.
SNR, of the different techniques described previously. One can notice that the proposed
solution (Hg7r_gc4) outperforms the ADMM-based (Hapasar), the BCD-based (Hpcop) and
the subspace-based (Hgg) solutions, while becoming close to the fully pilot-based one (Hp;jots)
for high SNRs.

Figure 4.2 assesses the performance of data estimation, in terms of NMSE w.r.t. SNR, of the
different techniques described previously. Note that for S p;j.is, & zero forcing is applied by using
the estimated channel matrix Hp;,s. It can be seen that the proposed solution (Sgr_sca)
performs better than all other techniques S Aparar, SBoD, Sss and S pjjots-

By using the estimated data symbols, a hard decision is performed to obtain a 4-QAM
symbols. Hence, Figure 4.3 illustrates the obtained SER w.r.t. SNR of the different solutions
described previously. One can notice that the results obtained in Figure 4.2 are confirmed here.

Figure 4.4 illustrates the behavior of the cost function, given in (4.8), w.r.t. the number
of iterations needed for convergence. One can notice the gain obtained by using an optimal
step size illustrated by ST-SCA (optimal step size), compared to the use of a fixed step size
(v=10.06) illustrated by ST-SCA (fixed step size). On the other hand, it is shown that a similar
behavior is observed for the proposed solution (ST-SCA (optimal step size)) and the BCD-based
algorithm, whereas slightly lower number of iterations is observed for the ADMM-based solution.
Nevertheless, small number of iterations are needed for convergence for the three techniques, in

this context. However, it is worth noting that the choice of the appropriate constant ¢ for the
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ADMM-based solution remains a very hard task that influences the algorithm’s convergence.
Whereas for the BCD-based solution, the sequential update may incur large delays, especially for
high dimensions (see TABLE 4.2), which becomes not suitable for real-time processing.

TABLE 4.2 illustrates the CPU time (in seconds) needed for one iteration of the proposed

channel’s memory | ST-SCA | BCD | ADMM

M=15 2.0296 1.0991 1.9881

M = 80 26.1254 | 30.7365 | 27.0012

Table 4.2: CPU time (in seconds) for one iteration.

algorithm (ST-SCA), the ADMM-based and the BCD-based solutions. In this comparison we
considered a brute-force implementation of the algorithms (i.e. without exploiting the close to
Toeplitz, block tridiagonal structure of the involved matrices). Compared to the ADMM-based
solution, ST-SCA has similar time consumption, but still performs better in terms of channel
and data estimation as illustrated in Figures 4.1, 4.2 and 4.3. However, one can notice that the
BCD-based solution needs more time for longer channels (e.g. M = 80). Note also that the CPU
time given in TABLE 4.2 has been calculated for a sequential implementation, and can be further
reduced, by around the half, for ST-SCA when using parallel processing or multithreading, since

the variable update at iteration ¢t + 1 depends only on the variables of the t-th iteration.

10
B .
; 107 ——Hgr g \
B HPiIots
10— Mss !
H 1
-4 -MaAbvm
1o Heco
-5 0 5 10 15 20

SNR

Figure 4.1: NMSE of channel matrix H estimate vs. SNR.
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Figure 4.2: NMSFE of data matriz S estimate vs. SNR.
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Figure 4.3: SER vs. SNR.

4.5 Conclusion

This chapter proposed a semi-blind solution for joint sparse channel estimation and data recovery,
by solving an appropriate OP. The proposed solution is based on the successive convex approxi-
mation approach, where the optimization is performed on an approximate convex problem, rather
than dealing with the original nonconvex one. An OP is formulated, based on available data

(pilots) and convolutive system structure, then an iterative procedure is proposed where the
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Figure 4.4: Cost function vs. number of iterations at SNR = 10dB.

channel coefficients and data symbols are updated (estimated) simultaneously, at each iteration.
Along the iterations, an optimized step size procedure is introduced for convergence improve-
ment with guaranteed convergence to a stationary point. Simulation results show that ST-SCA
outperforms state-of-the-art techniques by exhibiting moderate-complexity, fast-convergence and
a promizing channel and data estimation accuracy. Moreover, the adopted approach is suitable

for parallel processing or multithreading since all variables are updated simultaneously.



70

Chapter 4. Joint channel estimation and data detection with successive convex
approximation




CHAPTER

Blind and semi-blind multichannel identification for nonlin-

ear communications systems

The only way of discovering the
limits of the possible is to venture a
little way past them into the

impossible.

Clarke’s Second Law.
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— Abstract ~

The aim of chapter is to propose solutions for blind and semi-blind channel estimation of
nonlinear Single-Input Multiple-Output (SIMO) communications systems. For the system model,
two nonlinearities have been considered; a quadratic and a cubic. In the blind case, a first
channel estimation solution is proposed based on a subspace approach followed by an appropriate
ambiguity removal method. Then, to refine this first estimate, an original maximum likelihood
approach is introduced based on the Expectation-Maximization (EM) algorithm. In the semi-blind
case, where both data and pilots are available, an extension of this EM-based solution is proposed.
Some identifiability results and performance bounds related to the considered models (blind and
semi-blind) are provided and discussed. Simulation results show that the proposed solutions
exhibit very interesting channel estimation performance, with an attractive convergence speed for

the EM-based iterative solution. A part of this work has been published in '[07].

1 [97] O. Rekik, K. Abed-meraim, A. Mokraoui and M. Nait-meziane,"Contribution & ’estimation aveugle du

canal de transmission dans les systémes SIMO non linéaires", in GRETSI, 2019.
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5.1 Introduction

Nonlinear behaviors can be encountered in many practical situations, in which case appro-
priate (nonlinear) processing is needed, when such nonlinearities are too important to be
disregarded [35, 306]. Indeed, because most of real-life systems are inherently nonlinear in nature,
nonlinear problems have drawn important interest and extensive attention from engineers, physi-
cists, mathematicians and many other scientists [36]. In communications systems, and due to
the presence of nonlinear devices such as power amplifiers and optical equipments [37], communi-
cation channels are sometimes corrupted by nonlinear distortions such as nonlinear inter-symbol
interference, nonlinear multiple access interference and nonlinear inter-carrier interference. These
nonlinear distortions can significantly deteriorate the signal reception, leading to poor system
performance. In order to overcome such an issue, nonlinear models are adopted to provide
an accurate channel representation and to allow the development of efficient signal processing
techniques capable of mitigating these nonlinear distortions. In the case of system identification,
a widely used class of nonlinear models is the class of linear-in-the-parameters models. The
input-output relation is essentially nonlinear but the estimation problem is linear with respect
to the channel coefficients. Popular examples are polynomial filters, and more particularly
Volterra filters [95]. They have been applied in many fields such as, electronic and electrical
engineering, mechanical engineering, aeroelasticity problems and control engineering [99]. Indeed,
the motivation for adopting these filters is that, they have the ability of modeling the behavior
of nonlinear real-life phenomena, especially the ability to capture their “memory” effects [30];
and have mathematical relationship with other nonlinear system models namely the Wiener
series, Hammerstein model, Wiener model, Wiener-Hammerstein model (block-oriented nonlinear
systems), Taylor series or NARMAX model [99].

For nonlinear system identification, several approaches, most of them based on Volterra
filters, have been proposed in the literature. Some works exploited training sequences and
are essentially based on Least-Mean-Squares adaptive filters [100], Recursive Least-Squares
algorithms [101, 102], and Affine Projection algorithms [103]. Other approaches are fully blind,
thus, they seek to determine the system’s kernel using the output data only. One could cite
the higher order output cumulant-based approach [1], the subspace-based approach [101], the
genetic programming-based method using Volterra filter [105] or the tensor-based frameworks
in [106, ]. One can notice that, these methods have been adopted and adapted to nonlinear
systems mainly due to their efficiency for the linear case. Consequently, and due to the attractive

advantages of the Maximum-Likelihood (ML) approaches (which is used in the current work),
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namely the consistency, and the asymptotic efficiency of the estimates, some works proposed
ML-based identification techniques of certain nonlinear systems [105, ]. In these works, an
approximation of the complex likelihood function is minimized via modified Gauss-Newton
methods assuming the input data to be white Gaussian and a block-structured system model.
However, a review of the current literature reveals that an ML solution for the case of nonlinear,

finite alphabet, multi-channel communications systems does not exist.

Other works, like those in [1 10, |, have considered a Hammerstein model with cascaded
nonlinear and linear blocks, where the initialization and the system identification (channel
estimation) are performed by firstly estimating the impulse response of the linear filter, which is
then used to estimate the nonlinear function parameters. By contrast, in the proposed work,
both linear and nonlinear parameters are estimated simultaneously through solutions that fit
into the framework of joint channel estimation and data detection.

Also, in [112] a blind nonlinear system identification is proposed based on the parallel factors
(PARAFAC) tensor decomposition. However, it is shown that the input signals must satisfy some
orthogonality constraints associated with the channel nonlinearities in order to allow the desired
PARAFAC decomposition. Hence, a precoding scheme is introduced using temporal redundancy

on the signals, which is carried out by imposing some constraints on the symbol transitions.

The aim of the current work is to present ML-like blind and semi-blind channel estimators for
Volterra-like nonlinear Single-Input Multiple-Output (SIMO) systems, that can be easily extended
to MIMO scenarios. The proposed blind channel estimator combines a subspace-based estimation
and an EM-based one. More precisely, firstly we exploits the Second Order Statistics (SOS)
using a subspace approach for channel estimation where the nonlinear SIMO system is treated
as a linear Multiple-Input Multiple-Output (MIMO) system. A straightforward motivation is
that, the use of SOS-based estimators avoids the need of high number of data symbols often
required for High Order Statistics based methods, e.g. [!]. Then, unlike many blind-based
works (e.g. [104]), we propose also an original method to remove the ambiguity inherent to such
a blind approach. Finally, a second estimation is performed based on a maximum likelihood
approach, where an iterative optimization is performed using the Expectation-Maximization (EM)
algorithm. Indeed, due to its sensitivity to initialization, the EM-based estimator is initialized
using the subspace-based one. Note that, efficient and practical initialization for blind EM-based
techniques is often missing in the literature. Moreover, within the proposed EM-based framework,
one could perform a joint channel estimation and data detection as will be highlighted later in

this chapter.
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The global scheme of the proposed blind EM-based estimator is given in Figure 5.1, in which
the signal at the received antennas is the input for the subspace-based estimator, whereas the
estimates of linear and nonlinear channel coefficients represent the output of the EM algorithm

after convergence.

Initialization

Subspace-based Ambiguity
estimator removal

Y

> Expectation step

!

Maximization step

Convergence?

EM algorithm

Refinement

Figure 5.1: Proposed blind channel estimation scheme.

To make our method more flexible, and to consider the case where training sequences (pilots)
are available, this work is extended to the semi-blind framework where data and pilot symbols
are jointly exploited to improve the estimation accuracy and overcome certain limitations of the
blind processing. In this case, the initialization of the EM algorithm is performed by exploiting
the available pilots.

The proposed blind and semi-blind approaches are supported by some identifiability results
and performance bounds related to our context, that allow the reader getting more insights on

the problem’s identifiability and its inherent performance limits.

5.2 System model

This section details the data model adopted. A nonlinear SIMO system is considered as illustrated
in Figure 5.2. It is composed of one single-antenna transmitter and a receiver equipped with N, > 2

antennas. The received signal at the r-th receive antenna, denoted y, (k) with 1 <r < N,, is
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given by:
M1 My NL
=Y hep(m)u(k—n)+ Y henc(n)i(k —n) + vp(k), (5.1)
n=0 n=0

where hy.1(n) (resp. hyNi(n)) refers to the elements of the linear (resp. nonlinear), r-th receiver,
channel’s finite impulse response coefficient vector of size M1 +1 (resp. M, nrp + 1), u(k) is
the transmitted (input) symbol sequence assumed to be independent and identically distributed
(i.i.d.) complex random variables taking values, with equal probabilities, in a finite alphabet
set A={a1,a9,...,a98} where B is the number of bits per symbol. @(k) stands for a nonlinear
combination of the input signal so that 4(k) = f(u(k),u(k —1),...) (f being an appropriate
nonlinear function, chosen to accurately model the system’s non-linearity) and v, (k) is a white

circular Gaussian noise (uncorrelated from sensor to sensor) with variance o2.

(41
w > hi1
\
AR e
oD
- f(.) > h11NL
[ ] [ ]
[ ] [ ]
[ ] [ ]
UN,
> hy,L
A
6 YN,
A
> hy.NL

Figure 5.2: Architecture of the considered SIMO system, where f(.) is a nonlinear function w.r.t. the

linear signal u

In the sequel, two models for the nonlinear function (k) will be considered. The first one
is a second-order (quadratic) model (e.g., [100, 113]), where (k) = u(k)?, whereas the second
one is a third-order (cubic) model (e.g., [1, 114]) where (k) = |u(k)|?u(k). These models have
been used to model real-life nonlinearties, namely those related to power amplifiers and optical
devices.

Since the system model is nonlinear with respect to the transmitted signal but linear in regards

to the channel coefficients, we propose to treat this nonlinear SIMO model as a linear MIMO
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model with two inputs (u(k) and @(k)) [115]. For this, let us define the following vectors: h, 1 =
[h'r’,L(O)y RRE) hT,L(M)]Ta hT,NL = [hT,NL(O)v [ERE) h’r’,NL(M)]T7u(k) = [u(k),u(k - 1)7 e ,’U,(k} - M)]T
and a(k) = [@(k),i(k — 1),...,a(k — M)]T where M = max (M,1,M,NL), 1 <7 < N,. The

received signal, given by equation (5.1), can be represented as:
yr (k) = hzﬁ(k) + v (k), (5.2)

where h, = [hrT,LahZ,NL]T and u(k) = [u(k)T,a(k)"]". Moreover, by considering the N, receive
antennas, one can write:

y(k) =Hu(k) + v(k), (5.3)

where y(k) = [y1 (K),.....ux, (8)]7, H = [hy,.... by, 7 and v(k) = [o1(F),...,ux, (B)]

The system model, provided by equation (5.3), is considered as a Markov process where
the state vector defined as s(k) = [u(k —1),...,u(k — M)]T contains M successive symbols.
The set of N = 2BM gtates is denoted Q = {q1,...,an}. The transition vector is defined as
Xpm = [u(k),...,u(k — M)]T, containing (M + 1) symbols associated with the transition between
two connected successive states q, and q,,. The set of the 2B(M+1) possible transitions is
denoted X. For convenience, sequences of observations y(n),...,y(m) and states s(n),...,s(m)
are denoted Y{,.,,;) and Sy,.,,,), respectively. Note that the number of possible transitions and
states depends only on the number of linear terms since the nonlinear terms are directly obtained
from the former.

In what follows, the parameters to be estimated are the channel coefficients and the noise

Q]T'

variance, grouped in a single vector denoted 6 = [vect(H™)T, o2

5.3 Blind EM-based estimation

This section details the proposed blind channel estimation approach. A subspace-based estimation,
for the nonlinear SIMO system, is firstly considered. Then, solutions for ambiguity removal
are proposed to get rid of the inherent ambiguity of the blind processing. After that, an EM-
based channel estimation is detailed, which helps refining the subspace-based estimation already
performed, as illustrated in Figure 5.1. Besides, a data estimation scheme, within the EM

framework, is provided.

5.3.1 Subspace-based estimation

Blind subspace-based techniques have been used successfully for channel estimation based on

Second Order Statistics (SOS) in the case of linear MIMO systems [66]. In what follows, the
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nonlinear SIMO system will be considered as a linear MIMO (2 x N,) system, where the term

u(k) will be treated as the second source signal. The following assumptions are supposed to hold:

« The polynomial matrix H(z) = [hy(2), hn(2)] = 1L H(1)2 7! of size (N, x 2) is irreducible
[66] and its highest order coefficient H(M) is full column-rank. Its (r,7)-th input is the
transfer function given by hy.;(z) = S hep(1)27! for i =1 and hy;(2) = Mo he (1) 2™

for 1 =2.
+ The 2 x 2 covariance matrix of the input signal [u(k),@(k)]” is of full rank.

With the aforementioned assumptions, the subspace channel estimation technique introduced
in [66] will be adopted. It allows us to identify the polynomial matrix H(z) up to a constant
matrix Q of size (2 x 2), which represents the inherent ambiguity of the blind subspace technique.

This technique exploits the received signal’s SOS through the use of the covariance matrix
of random vector y, (k) = [y(B)T,y(k — 17T, ...,y(k — Nu)T]T, Ny being the window length?
assumed sufficiently large (N, > 2M). In this case the channel matrix has a Sylvester block-
Toeplitz structure, denoted by Ty, (h) (h = vectH?), of size N,.(Ny +1) x 2(M + N, + 1) where
its first block row is given by [H(0),...,H(M),0n, x2,--.,0n,.x2].

Under the previous assumptions, the noise variance 012) is the smallest eigenvalue of the
covariance matrix Ry, of y, (k). The eigenspace associated with o2 is referred to as the noise
subspace, which is the orthogonal complement of the signal subspace (i.e., range7y,, (h) where
rangeX denotes the subspace generated by the column vectors of matrix X) and is denoted
IIy =rangeTy, (h)J‘. The subspace identification method used is ultimately related to the fact
that:

i 7y, (h) = 0. (5.4)

To take into account the noise effect, one solves equation (5.4) in the Least-Squares (LS) sense,

which leads to the following quadratic expression (see [(6] for details):

h,s = argmin h” Qh, (5.5)
h

where the subscript "ss" stands for subspace and Q is a 2N, (M +1) x 2N, (M + 1) symmetric
matrix corresponding to the considered LS cost function.
Note that to avoid degenerate solutions, different constraints on h can be considered including
the unit-norm constraint for which the solution of equation (5.5) is given by the eigenvector

associated to the smallest eigenvalue of Q.

2This technique processes the signal using windows of length Ny,.
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This method allows to estimate the polynomial matrix H(z) up to a 2 x 2 constant matrix Q,
i.e., H(z) = H(z)Q. In order to use the estimated channels’ vector hy, for further processing,
one needs to remove the latter matrix ambiguity. In the sequel, solutions are proposed to get rid

of Q by exploiting the nonlinear relation between u(k) and a(k).

5.3.2 Ambiguity removal for quadratic nonlinearity

In this section, it is assumed that (k) = u?(k). At first, a channel equalization is performed
based on the subspace channel estimate h. More precisely, a zero-forcing equalizer of delay M
has been used in our simulations. It is given by the (2M + 1)-th row” of the pseudo inverse

matrix Tﬁ; (fl) The obtained signal, in the noiseless case, is given by:
x(k) = Q 'u(k) with u(k) = [u(k),u?(k)]", (5.6)

The unknown matrix Q = (Qi,j)lgi,jgz can be seen here as the separating matrix of the previous
mixture, characterized (up to a diagonal) by the fact that vector z(k) = Qx(k) verifies zo(k) =
21(k)2. Thus, in order to estimate the unknown matrix Q, we propose to minimize the following

LS criterion:

Ny
20112 2
D lra(k) = 2 (k) = | Xl (5.7)
k=1
where ¢ = [q2,1,qz72,q%,1,q%,2,Q1,1Q1,2]T ; N is the size of the equalized signal and

—z1(1)  —z9(l)  23(1)  23(1) 2z (1)aa(1)

—ﬂ?l(NS) —$2(NS) 95%(N8) CK%(NS) 2$1(N5)1'2(N8)

Vector ¢ is estimated up to a constant. It is proportional to the eigenvector v = [v1,v2,v3,v4, v5]T
associated to the smallest eigenvalue of XX, The latter is shown to be uniquely identified under
some mild assumptions on the input signal as it will be detailed in section 5.5. Consequently, it

is possible to estimate Q as follows:

q2,1 U1
q2,2 v2
9= iy |=| vs (5-8)
QiQ U4
i q1,191,2 | i ) |

3Note that the odd rows of T]ﬁw (h) extract symbols u(n) at different delays while even rows of 7'1#“ ) (h) extract

delayed samples of @ (k).
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where « is an unknown scalar factor. Hence taking into account the structure of g, one can write

Vavs

av 1 0| .

Q= SV | —a Q. (5.9)
avy vy 0 A

The common scalar factor \/a can be disregarded due to the scale ambiguity of such blind
processing. However, for the diagonal matrix term, scalar A = y/« is estimated by substituting
the expression (5.9) in the criterion given by equation (5.7), leading to:

N (OETD
_ Sy AW,
S (k)P

(5.10)

where z(k) = Qx(k).

In the case of blind processing, the source signal (and also the channel coefficients) is estimated
up to a constant, which represents the inherent ambiguity of the considered problem. However, it
is possible to further reduce this indetermination (unknown phase multiple of /2 for Quadrature
Amplitude Modulation (QAM) signals) by exploiting the independence of the real and imaginary
parts of the transmitted symbols. In our simulations, we have used the phase rotation given

in [116].

5.3.3 Ambiguity removal for cubic nonlinearity

In this section, it is assumed that (k) = |u(k)|?u(k). Similarly to the previous case, after channel

equalization the obtained signal, in the noiseless case, is expressed as:
x(k) = Q~"u(k) with u(k) = [u(k),u(k)[*u(k)]", (5.11)

To get rid of the unknown mixing matrix Q, one can minimize:

N
> lza(k) = |21 (k) P21 (k) (5.12)
k=1

with z(k) = Qx(k). This multivariate optimization problem can be reduced to the search of one
complex parameter b = ¢j 2, by normalizing qi,1 =1 (this is possible thanks to the inherent scale
ambiguity of the considered problem) and by solving equation (5.12) with respect to [g21,G2,2] in
terms of b. Indeed, for a fixed value of b, the criterion in (5.12) reduces to a LS optimization

problem with respect to [g2,1,G2,2], for which a closed-form solution exists:
[q_2,1a(j2,2] = [Lb](XX#)? (513)

with X = [x(1),...,x(N,)]. Plugging equation (5.13) into equation (5.12) leads to a nonlinear

cost function in terms of parameter b that can be solved using numerical optimization techniques.
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Note that, as it will be shown in section 5.5, criterion given by equation (5.12) has spurious
solutions for small or moderate size constellations (e.g., QAM 4, 16 and 32) in which case an

alphabet matching cost function (see [117] and references therein) should be used instead.

5.3.4 EM-based estimation

This section is devoted to the proposed EM-based, maximum likelihood channel estimator for
the system model given by equation (5.1).

The EM algorithm is an iterative method aiming at finding maximum likelihood or maximum
a posteriori estimates of parameters in statistical models, where the model depends on unobserved
latent variables. Thus, the sequence of Ny states S(1:n,]; Which are not observed, represent
the missing data, whereas the Nj received symbols Y.y, stand for the incomplete data
(observations). Moreover, the complete-data is given by the sequence (Y[.n,],S[1:n,])- Each EM

iteration alternates between two steps: E-step and M-step as described below.

5.3.4.1 E-step

The objective of this step is to find the auxiliary function, denoted by Q(8, G(m)), which is defined
as the conditional expectation of the complete-data log-likelihood, with respect to the conditional
distribution of the missing data Sy;.y,), given the observations Y|;.y,) and the current estimated

T7 Jg(m))

parameter value at the m-th iteration 8™ = (Vect(H(m)) . Thus, such an auxiliary

function can be expressed as:
Q,0"™) = E (10gfe (Yin,):Siiny)) ‘Y[LNS],@(M)) ; (5.14)

where E(-) refers to the expectation with respect to the distribution of the missing data.
After some straightforward derivations and by ignoring terms that are independent of @,

Q(6,0™) is shown to be proportional to (see [118]):

> Z( N, log(02) = [y (k) — B2/ ) vg0m) (k3.), (5.15)
x;j€X k=1
where X;; = [XZ,XZ]T (X;; being the nonlinear term associated to x;;), and vywm) (k;i,5) =

fom) (s(k:) =q;,s(k+1) =q;[ Y. Ns]) represents the posterior probability of the trellis branch
(s(k) = ai,s(k+1) = q;) given the observations Y|, ) and the current estimate of the parameter
6™ . This probability can be efficiently computed using the forward-backward variables ([119,

]) denoted by agem) (k;i) and Byem)(k;j). Consequently, by omitting multiplicative scaling

factors independent of k,7,j, it can be shown that:

Yooy (K30,5) o< agem (k58) Bgam) (K +155) bgemy (K;31,7),
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where

agem) (k39) = foem) (Yk—1),8(k) = i), (5.16)

Boany (k;3) = foom) (Yrenvy) | 8(k) = qj), (5.17)

boom (k,i,5) o (05( )) exp< Iy (k) 2 il ) . (5.18)
Ov

The forward and backward variables can be evaluated recursively as:

, 1 ,
agem (k+1:0) = > g (ki Dbyim (s 1,1), (5.19)
leF (i)
. 1 ,
By (ki) = 5 D Byom (K+1:Dbyimy (K, 5:1), (5:20)
leB(5)

where F(i) (resp. B(j)) denotes the set of states connected to q; (resp. qj) in forward
(predecessors) (resp. backward (successors)) directions. Note that, the predecessors of the state
qi = s(k) = [u(k —1),...,u(k — M)]T take the form s(k —1) = [u(k —2),...,u(k — M — 1)]7,
whereas its successors are given by s(k + 1) = [u(k),...,u(k — M +1)]T, where the symbols u(k)
and u(k — M — 1) take values from the set A with equal probabilities. Hence, the total number

of a state’s predecessors and successors is 25.

5.3.4.2 M-step
The objective of this step is to find the parameter 0D that maximizes Q (B;G(m)>, ie.,

6"V = argmax Q (0;0(’")> . (5.21)
0

This process is shown in [61] and [121] to increase the likelihood function, and consequently it

leads to the algorithm’s convergence to a global maximum point.

Since Q) (0;0(m)> is quadratic in its argument, the maximization step reduces to:

HD = R,R;L (5.22)
1
(Jg)(erl) = NSNTtraceRyy—H(m+1)ny, (5.23)

where Ry, is the autocorrelation matrix of observations, R, is the “weighted” cross-correlation
matrix between the unobserved symbol transitions and the observations, and R, stands for the

“weighted” auto-correlation matrix of the unobserved symbol transitions. These matrices are
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given by:
Ry, = > y(k)yk)", (5.24)

N,
Ry, = RIL=>D" " xiy(k) ypom (ki)
k:lxijEX

N

= ZEH("L) (X(k)’Y[lepy(k)Ha (525)
k=1
N

Roe = D D XX vgem (k3i,5)
kZlXijGX

N,
= > Epom (x(k)x(K)[ Y 1.v,))- (5.26)
k=1

The iterative procedure can be stopped as soon as:
oo -]
6|

<, (5.27)
for a chosen positive threshold e.

5.3.5 Data detection within EM framework

Several data detection methods can be designed given the value of the estimated parameter
obtained at the end of the iterations, denoted by 8(>): the observation sequence Y1y, and the
trellis diagram of the channel. The optimal criterion retained in the current work is the minimum
symbol-error probability [122], which can be easily implemented within an EM framework.
Minimizing the symbol-error probability aims at choosing, at each instant k, the data symbol
which maximizes the posterior probability of the symbol u(k) given the observations Y(;.y,) and

the channel parameters 0(>) as follows:

(k) = argmax fy (o) (u(k‘) = a;, Y[LNS];O(OO)) . (5.28)

a; €A

This quantity may be simply expressed, as a function of the posterior probability v, (k;1,7) of
the trellis branch (s(k) = q;,s(k + 1) = q;) given the observations Y|;.y,] and 0(>) as:

fo(e0) (Wﬂ) =a;, Y[l:NS]§9(OO)) = Z Vg(oo) (K3, 7), (5.29)

where S(ig) is the set of all trellis branch values so that x;; = [u(k) = a;,,u(k—1),...,u(k—M)].
Consequently, the EM-based solutions presented in this work can be further considered as a joint

channel estimation and data detection within a maximum likelihood framework.
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5.4 Semi-blind EM-based estimation

In most communications systems, some training symbols (pilots) are usually sent periodically
within the wireless network frames besides the unknown data. Hence, a Semi-Blind (SB)
approach, exploiting pilots, can be adopted in order to take advantage of this available data
and reduce the different difficulties and issues related to the blind processing. To do so, and
without loss of generality, the transmitted sequences and the received observations are assumed

to be composed of N pilots and Ny data symbols so that Sj.n,) = [S and

P[1:Np) Sd[Npﬂ:Ns]]
Y, = [Yp[lsz],Yd[NpH:Ns]] where N, + N; = N (indices p and d stand for pilot and data,
respectively). Moreover, since the initialization can be performed using the available pilot
symbols, the constraints on the number of receive antennas N, > 2 as well as channel diversity
conditions defined in section 5.2, are no longer required.

In what follows, we describe the E-step and the M-step for the case of EM-based semi-blind

framework.

5.4.1 E-step
By considering pilots and data, the auxiliary function, given in equation (5.15) for the blind case,
has now an additional term corresponding to the pilot sequence. The new function becomes:

Np

Hu k) —Hx;;||? .
Q0.0 3 (N, tog(o?) — YL =Tt ) S 3 (N log(ed)— ] = Bl ).
k=1 o X;j€EX k=Np+1 v

(5.30)
where , (k) = [up(k),...,up(k — M), ay(k),. .., ap(k — M)|T, of size 2(M +1), is composed of linear and

nonlinear terms of the pilot signal.

5.4.2 M-step

In the case of semi-blind processing, equations (5.25) and (5.26) become:

Np
" .
Rye = Ry => y(k)uy(k Z > YRR vp0m (ki ),
k=1 k=Np+1x;;€X
N, Ne
Ry = Y u(mk)"+ > > xyxliym (kiij). (5.31)
k=1 k:Np-‘rlxijEX

Remark: A normalization of the posterior probability of the data terms might be performed when
considering such semi-blind context. To do so, one can write®:

Yo(m) (K3, )
inje)(' 79(””) (k7 Z,])

Yoimy (K3i,5) = (5.32)

4To avoid introducing a new notation, we kept the same expression for the normalized posterior probability

Yo(m) (K34, 5).
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5.4.3 Extension to Nonlinear MIMO systems

The previous results can be easily extended to the multi-user case (i.e., MIMO system). To do so, the

system model given in equation (5.1), is re-written as follows:

Ny Mi L Ny M »NL
yr(k) = DD hiprMuik—n)+Y Y hipNe(n)di(k—n) + o (k), (5.33)
i=1 n=0 i=1 n=0

where h; 1 (resp. h;rni) refers to the linear (resp. nonlinear) channel impulse response between the i-th
user and the r-th receive antenna; while u;(k) represents the transmitted symbol of the i-th user.

Consequently, the system model given by equation (5.2) will be based on the following vectors: h, | =
[h1,r0(0), ... ha L (M), .. B, ot (M)]T, BNt = [ NL(0), - BN (M), Ay U (M)]T, u(k) =
[ur(k),...,u1(k—M),...,un,(k—M)|T and G(k) = [a1(k),..., 41 (k — M),... iy, (k— M)]T, where M =
max; { M r 1, M;rNL}

In such a case, the state vector is given by s(k) = [u1(k—1),...,u1(k—M),...,un,(k—1),...,un, (k—
M)]T containing Ny M symbols, with 2BNiM 1 ossible state values. Whereas, the transition vector is
defined by Xpm = [u1(k),...,u1(k— M),...,up, (k),...,un,(k — M)]T of Ny(M + 1) symbols.

By using this new vectors, equations (5.31), (5.31), (5.22) and (5.23) are still valid, leading to an

EM-based channel estimation for nonlinear MIMO communications systems.

5.5 Identifiability results and performance bounds

To get more insights on the problem’s identifiability and its inherent performance limits, some supplemen-

tary results are provided below.

5.5.1 Identifiability results

In the blind context, there exist certain inherent ambiguities with respect to the identification of the
channel parameters. In particular, since we are using the subspace method for the initialization of our EM
algorithm, we are interested in the SOS-based identifiability. Under the assumption of i.i.d. input symbols

considered for the data model, the power spectral density (PSD) of the observed data is expressed as:
Py(e™) = [hp (™), hne (e7277)] x Ry [hy (e7%™), hy (e727)]H 4 621, (5.34)

where hy (e/2™) = [hy 1(e72™), ..., harL(72™)]T (vesp. hni(€72™) = [y nL(€72), .. har e (€727)]T)
is the frequency response of the linear (resp. the nonlinear) channels, while R,, is the 2 x 2 covariance
matrix (assumed full rank) of [u(k),@(k)]”. As shown in [(6], by considering u(k) and (k) as two different
source signals, the SOS allow us to identify H(z) up to a constant matrix Q. Indeed, the PSD can be

rewritten as
Py () = (Iu(e?). b (?)]Q) x R ([be (™). b (P)Q) " + 2L (5.35)

where R, g = Q 'R,Q . Now, to get rid of this ambiguity, we need to use higher order information

through the nonlinear cost functions in equations (5.7) and (5.12). The latter help to reduce the ambiguity
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from a 2 x 2 matrix factor to a scalar factor under certain additional assumptions given in the following

lemma.

Proposition 4. For the quadratic nonlinearity case with @(k) = u?(k), the minimization of the criterion
given by equation (5.7) in the large sample size and noiseless case leads to the desired input signal
(up to a constant factor c), i.e., z1(k) = cu(k), if and only if the correlation matrix of vector u(k) =
[1,u(k),u®(k),u® (k)T is full rank, i.c., BE(@(k)a(k)") > 0.

For the cubic nonlinearity with (k) = [u(k)|?u(k), the minimization of the criterion given by equation
(5.12) in the asymptotic and noiseless case leads to the desired input signal (up to a constant factor), if

and only if the number of possible modulus values of the input signal, denoted d, satisfies d > 4.
Proof. Consider an instantaneous mixture of u(k) and a(k):

Zl(k‘) mi1 mi2 u(k)

Zg(k) mo1 Moo ﬂ(k)

For the quadratic nonlinearity case, we would like to prove that criterion given by equation (5.7) is

minimum (null in the noiseless case) if and only if (iff):

m m c 0
11 2 | 7 (5.36)
mo1  Ma2 0 c?

for a given constant c. We have

zo(k) =22(k) <= wu(k)mTu(k)=0
— mlu(k)=0 sinceu(k)=0,

where m = [—mgl,m% — m22,2m11m12,m%Q]T. Hence, by taking the mean value, E(|z2(k) — z%(kj)|2) =0

is equivalent to m” E(T(k)a(k)¥)m* = 0. This latter equality has a unique solution m = 0 under the
full-rank condition, i.e., B(u(k)u(k)") > 0. Finally, the vector m is null iff equation (5.36) holds.
For the cubic nonlinearity, we would like to prove that the criterion given by equation (5.12) is null

(in the noiseless case) iff:

m m c 0
11 12 | ’ (5.37)
ma1 M2 0 |c|%c
for a given constant c. We have:
2o(k) = |z1(k) P21 (k) < uk)mTa(k)=0
— mTak)=0 sinceu(k)=0,
Where m = [—m217 (m11|m11 |2—m22), 2m11Real(m11m’{2)+m12\m11 |2,m11 |m12|2+2m12Rea1(m11m’{2),m12|m12|2]T

and u(k) = [1, [u(k)|?, Ju(k)[*, [u(k)[8, |u(k)|®]T. Now, the equation system m?’ (k) =0, for all k will
have a unique solution m = 0, if the Vandermonde-like matrix formed by vectors w(k) has a full (row)
rank equal to 5. This is the case iff symbols u(k) have at least d > 4 different modulus values. Finally,
vector m is null iff (5.37) holds. O
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For M-QAM modulations, one can easily check that in the case of quadratic nonlinearity, the lemma’s
condition is met for M > 4. However, for the cubic nonlinearity, the lemma’s condition is quite restrictive
and requires large modulation sizes with M > 64. In such a case, when the modulation size is small or
moderate (i.e. M < 64), the ambiguity removal requires the use of another criterion such as the alphabet

matching one [117].

Also, note that when the polynomial degrees of the nonlinear and linear channels are not the same, i.e.,
deg(hy(z)) = deg(hnr(2)), the subspace method would identify the channel matrix H(z) up to a certain
2 x 2 polynomial matrix Q(z) (see [66] for details). In such a case, the proposed ambiguity removal method
does not apply and consequently the EM algorithm’s initialization might be ineffective leading to potential
ill-convergence of the considered blind algorithm. All these issues can be avoided in the semi-blind context
where the knowledge of pilot signals can be exploited to initialize our EM algorithm but also to remove
the previous blind processing indeterminations. Next, we derive the deterministic’ Cramér Rao Bound

(CRB) relative to the SB context, that will be used later for our algorithm’s performance benchmarking.

5.5.2 Deterministic Cramér-Rao Bound (CRB)

Given a parametric statistical model, the CRB provides a lower bound of the error variance for all unbiased
estimators of the system’s parameter vector. In particular, the Gaussian CRB (G-CRB) represents a
lower bound within the class of estimators using only the SOS of the observed data. It is also the least
favorable CRB as shown in [123]. In the sequel, we derive the expression of the deterministic G-CRB for

our system model.

The data model in equation (5.1) can be rewritten in a more compact way by considering all data

samples Ng and all outputs N, as:

y =Hrur +Hnrune + v =Uphy +UnLha, + v, (5.38)

where y = [y1(0),...,y1(N—1),...,yn,.(0),...,yn, (N —1)]T (N = N, + N; the total number of transmitted
pilot and data symbols), v = [v1(0),...,v1 (N —1),...,0n,(0),...,un,. (N — DT, up = [u(0),...,u(N —1)]T,
unt = [@(0),...,a(N — D)), hy = [~y 0(0),...,h1,L(M),..., N, L(0),.... AN, L(M)]T, hap = [h1 NL(0), ..,
hNL(M), .. h, NL(0), - by, NL(M)]T, Hy = [HY . HY T, Uy = T®@ Uy (1 =L or NL) where
denotes the Kronecker product, and H, ; and Uy are defined as (ut(k) equals u(k) if f =L or a(k) if

5The input symbols are treated as deterministic unknown parameters.
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I=NL):
hyy (M) hy.+(0) 0
HT,T. = - - y (539)
| 0 heg (M) hegO)] v any
ug(0) - ug(=M)
Uy = : uy(0) : (5.40)
up(Ns =1) o uy(Ns =1 = M))| Nx(M+1)

Since we assumed a semi-blind approach, we can write u; = [u%:p,ugjd}T where uy ;, contains pilot-data
samples and u; 4 contains unknown-data samples. We consider the vector of unknown parameters to be
0 = [hf bl ul]T (of size 2(M + 1)N, + N;) where ug =uy 4.

The unconstrained complex Fisher Information Matrix (FIM) is defined as:

J J * J J *
7 06 00" | _ 06 ) 00" | (5.41)
Joro Jo+o* (Joo=)"  (Joo)*
where
1 (op\" op
Joo = — or 5.42
00— 52 <60) 90 (542)

= [pT, pMT p= Hi pup + Hy qug + HNL pUp + Hii, glg, and % (f € C™*1 x € C™*1) denotes the

differentiation operator defined as:

9h of
3f Ox1 e OTn
- = R : A
9fm Ofm
ox1 T Oy
where the matrix elements represent Wirtinger’s derivatives [124]. Note from equation (5.41) that we only
need to find Jgg and Jgg+ in order to find J. After derivation, we find that:
Ui, ufung U A
1
Joo = —5 Ui Uit Ut A : (5.44)
v
AUy At ATA+TTTY
0 0 uft
1
Joor = — q 5.45
00 2| 0 0 Ui : (5.45)

ruy ttug;  APT +(ATT)T

where A =Hy 4+ 27—[NL’ddiagabsud2, and I' = ’HNL,ddiagug for the cubic case. For the quadratic case, we

found Jgg+ = 0,A = Hy g+ 2Hn1 ¢diagug, and T = 0.
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The G-CRB is computed as the inverse® of equation (5.41). The G-CRB for the channel parameters is
given by the top left submatrix of the global G-CRB.

5.6 Generalization and numerical complexity

This section is dedicated to the extension of our methods to other non-linear models. It provides also

details about the computational complexity of our algorithms.

5.6.1 Generalization

The proposed semi-blind estimator can be easily generalized to other, finite memory, nonlinear models,
like the one considered in [126]. Indeed, since the initialization is performed by using the pilots, and the
state vector, exploited in the EM procedure, depends only on the linear terms, the extension remains
possible upon certain derivation adaptations. However, for the blind case, it is feasible only when using
‘another’ appropriate initialization, since the main difficulty comes from the ambiguity removal of the
blind initialization (subspace-based in our case). To do that, one could rely on some algorithms given
in the literature (e.g., [126]). In fact, by assuming a linear-in-the-parameters model, a known nonlinear

function and a finite impulse response, the proposed techniques can be applied to the following general

model (given also in [113]):
M1 My NL My NL )
yr(k) =D hep(n)u(k—n) + v, (k Z Z W (m,0)u(k — n)u(k —1)
n=0

+ZZth’&L (n,l,m)u(k — n)u(k — Du* (k —m) + - (5.46)

Furthermore, by considering the input-output relation, a block-oriented nonlinear model (e.g., Hammerstein
model) can be expressed (approximated) as in (5.46) and hence, treated by the proposed techniques.
However in this case, the estimated coefficients would represent products of the block-oriented linear and

nonlinear parameters.

5.6.2 Algorithms’ complexity discussion

It can be seen that the parameter estimation given by equations (5.22) and (5.23) requires, at each iteration,
the calculation of the different conditional expectations given in equations (5.25), (5.26), (5.31) and
(5.31). Hence, the global complexity of the proposed techniques is of order O(Njze,r N5 2BNt(M+1)2Nt(M +
1)(4N¢(M +1)+2N;)), where Ny is the number of transmitters and Njz, is the total number of iterations
needed for convergence.

It can be noticed that the algorithms’ computational complexity is of the same order as the linear case’.

6Note that, in the blind case, the FIM is singular (due to the problem’s ambiguities), in which case one needs

to rely on the constrained CRB [125].

"For our model, there is approximately a factor 2 between the costs of the NL and the L cases.
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It is worth pointing out that the computational complexity of our EM-based algorithm is mainly affected
by the number of transitions, given by 2BNe(M+1)  However, as it will be seen through simulation results,
a relatively small number of pilots, data symbols and iterations are needed for convergence.

On the other hand, to reduce the computational complexity, one can apply some approximations for
the posterior probability (as in [I 18] and references therein), use independent symbols through OFDM
coding to avoid the forward-backward variables calculation or exploit some approximation/simplification

approaches as proposed in [127]. Such complexity reduction is left for future work.

5.7 Performance analysis and discussion

This section provides the performance analysis of the proposed blind and semi-blind channel estimators
for the considered nonlinear systems. For benchmarking, we consider a ‘full’ training-based (fully-pilot)
estimator, as done in many works (e.g., [113]), where all transmitted symbols (pilots and data) are assumed
known and used to estimate the channel parameters. The estimation performance is evaluated in terms of
the Normalized Root-Mean-Square Error (NMSE) given by:

2

A~

Nme hmc - hewact

1

ch me=1 ||hexactH2

NMSE =

7 (5.47)

where N, = 500 represents the number of independent Monte-Carlo runs used, ﬁmc is the vector of
estimated channel parameters at the mc-th run, and hegqer contains the true (exact) values of the channel
coefficients. For data detection, the performance is evaluated in terms of the Symbol Error Rate (SER),
which is the ratio between the wrongly detected symbols and the total number of transmitted data symbols.
The channel coefficients are generated as i.i.d., unit-power, zero-mean (complex) Gaussian random variables,
whereas the pilots and data symbols are uniformly randomly drawn from different QAM modulations
(specified later for each experiment). The Signal-to-Noise Ratio (SNR) was defined as SNR = |[Ha||%/[|v||,
where || - ||  is the Frobenius norm, H is defined in equation (5.3), and @ = [@(1),...,w(Ny)] € C2M+1)xNs
and v = [v(1),...,v(Ns)] € CVr*Ns are formed by stacking all values of (k) and v(k) (see equation (5.3)),
respectively.

In the following, different experiments highlighting different aspects of our estimators are presented.
Simulation parameters are summarized in Table 5.1. They are used for all experiments, unless otherwise
specified.

Ezperiment 1: Effect of neglecting the nonlinear terms (Figures 5.3-5.4)

In order to illustrate the effect of ignoring the nonlinear term and considering only a linear model, the

system model given by (5.1) is rewritten as follows:

My M NL
yr(k) =D hepmu(k—n)+a D hene(n)i(k—n) +vp(k), (5.48)
n=0 n=0

where a determines the weight of the nonlinear term that exists in the assumed underlying model (e.g.,

a =0: the underlying model is linear, & = 1: the weight of the nonlinear term is equal to the linear one).
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Table 5.1: Nonlinear models simulation parameters

Parameter Specification
Number of data symbols Ng =100
Number of pilot symbols N, =10
Number of receive antennas N, =4
Window length for SS Ny =5

Order of linear and nonlinear channels M =4

Figure 5.3 illustrates the NMSE vs. SNR behave when there is a nonlinearity (assuming different weights
« indicated in superscript) in the underlying model. One can notice that, depending on the weight of the
nonlinear term, the performance of the linear EM-based blind and semi-blind estimators could be highly
degraded.

Furthermore, Figure 5.4 illustrates the SER vs. the weight a, for SNR =5 dB. We notice a clear gain
(especially for high « values) obtained by considering a nonlinear model (NL-B, NL-SB) as compared to
the case where only linear terms are taken into account (L-B, L-SB).

In the sequel, the nonlinear model will be considered by setting o = 1.

Ezxperiment 2: NMSE vs. SNR (Figures. 5.5-5.8)

Figure 5.5 investigates the performance, in terms of NMSE, of the subspace(SS)-based estimator (hgg), and
the blind and semi-blind EM-based estimators (hgy—p,hgyv—sp) with respect to SNR for the quadratic
nonlinearity considering 4-QAM (Figure 5.5a) and 16-QAM (Figure 5.5b) modulations. These estimators
are benchmarked against the semi-blind Gaussian CRB (G-CRBgg) and the fully-pilot-based estimator
(hproT). The blind EM-based estimator is initialized by the subspace-based one, whereas the semi-blind
estimator is initialized by some pilots. One can observe that hgg presents sub-optimal performance
compared to hprpor (to all other estimators as well), whereas a significant improvement is observed with
hpv—p and hgyv_sg. Moreover, the exploitation of the available pilots enhances the performance as
hgyv_sp outperforms hgy_p and hugs very tightly hpp,or for moderate and high SNRs. On the other
hand, the EM-based estimators are found, interestingly, below the G-CRBgp, which reflects the fact that
our channel identification solution outperforms all SOS-based identification methods. This result strongly

supports the effectiveness of the aforementioned estimators for non-Gaussian QAM signals.

Also, a comparison has been performed with a cumulant-based technique [1], as illustrated in Figure 5.5a
and Figure 5.5b, where, in the context of our scenarios, poor performance has been obtained since such a
method requires higher number of symbols for convergence (at least 16000 data symbols as mentioned
in [1]).

As mentioned in section 5.4.3, the proposed estimators can be easily applied to MIMO systems, where

similar performance to the SIMO case is observed (see Figure 5.6).
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From Figure 5.7, one can observe that an important spatial diversity (higher number of receive
antennas, as is the case for massive MIMO systems) improves the performance for both hgy g and
hgv_sp at low SNRs.

In Figure 5.8, a cubic nonlinear model has been used with a 16-QAM modulated input signal. One can
note similar performance as provided in Figures. 5.5-5.7; EM-based estimators outperform the SS-based

estimator and all SOS-based estimators (represented by the G-CRBgp) for moderate to high SNRs, and

hgnv_sp outperforms hgy_p as it hugs more tightly the hpir,o curve.

Note that using a 4-QAM signal modulation with our cubic model will render the model linear, leading
to a loss of identifiability. This can be ecasily seen by writing the 4-QAM sequence as u(k) = /2¢/(7H1(F)3)
where n(k) ~14{0,1,2,3}, then, @(k) = absu(k)*u(k) = 2u(k), which is linear.

Ezperiment 3: NMSE vs. SNR with different linear and nonlinear channel orders (Figure 5.9)

In many practical situations, the channel order of the linear and nonlinear channels are different. Figure 5.9
illustrates the behavior of two different scenarios considered in Fzperiment 1 with a channel order Myp = 2
for the nonlinear channel (the last two channel coefficients out of the previously used five coefficients have
been considered null). On can note, particularly, that for high SNRs hgg performs badly affecting the

performance of hgy_g.-

Ezperiment 4: Speed of convergence (number of iterations vs. SNR, Figures. 5.10-5.11)
Figure 5.10 shows the number of iterations needed for convergence for blind (B) and semi-blind (SB)
EM-based estimators with respect to SNR. Considering 4-QAM and 16-QAM signal modulations and
the considered nonlinear models (Quadratic and Cubic), we observe that for low SNRs (0 —5 dB), the
number of iterations varies according to the signal’s model and modulation but is still relatively small
(less than 30 at 5 dB). For moderate to high SNRs (> 10 dB), very few iterations (less than 8) are needed.
In fact, for high SNRs (> 15 dB) only 2 or 3 iterations are needed independently of the signal’s model
and modulation. Moreover, using a higher number of antennas at the receiver (e.g., as in massive MIMO
systems) leads to further reducing the number of iterations needed for convergence, especially at low

SNRs, as can be seen from Figure 5.11.

Ezperiment 5: NMSE vs. number of iterations at fized SNR (Figure 5.12)
Figure 5.12 illustrates the variation of the NMSE with respect to the number of iterations needed for
convergence of the subspace(SS)-based estimator (hgg), and the blind and semi-blind EM-based estimators
(hgm—B,hgm-—sB) at SNR = 10 dB. Note that hgy_p is initialized by hgg, whereas hgy—gp is initialized
by some pilots such that hgy—p and hgy_gp start from the same initial point (i.e., no iterations yet). We
observe that after two iterations, hgyi_gp converges to the solution given by the fully-pilot-based estimator
(hpioT). We also observe that hgy—p comes very close to hpyp,or after being initialized by hgg. This
result illustrates better the use of the word “refinement” in Figure 5.1, for the blind EM-based processing
and is very interesting with regards to the computational complexity, especially for the nonlinear case

where the number of channel coefficients is, in general, higher than the linear case.

Experiment 6: NMSE vs. number of pilots Ny (Figure 5.13)
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We consider the quadratic model and 4-QAM modulation and we investigate the impact of the number of
pilots N, on the NMSE of the semi-blind EM-based estimator hgy—gg, at SNR = 10 dB (Figure 5.13a;
hgs and hgy_p are included for reference). We observe (Figure 5.13b) that only a slight decrease
(around 3 x 1073) in the NMSE accompanies the increase in the number of pilots from 1 to 30, which
indicates that only few pilots are needed to allow a quasi-optimal semi-blind channel estimation within
the EM framework.
Ezxperiment 7: Symbol Error Rate (SER) vs. SNR (Figure 5.14)

Figure 5.14 investigates the performance of the proposed estimators in terms of Symbol Error Rate (SER)
with respect to SNR. For blind and semi-blind EM-based estimators (EM-B and EM-SB), a data detection
is performed within an EM-based framework as described in section 5.3.5. For the subspace (SS) and
the fully-pilots approaches, a zero-forcing is applied using the estimated channel coefficients. It can be
noticed that performing data detection, using a ML-based approach leads to a significant performance

gain and is part of a joint channel estimation and data detection.

NMSE

10

0 5 10 15 20
SNR (dB)
Figure 5.3: NMSE vs. SNR with different values of the weight a (see (5.48)), indicated in superscript,

for the blind and semi-blind ‘linear’ EM-based estimators.

5.8 Conclusion

In this chapter, a Maximum Likelihood (ML) solution is presented for the identification of nonlinear multi-
channel communications systems. The ML criterion is maximized through the Expectation-Maximization
(EM) algorithm. In the blind case, the EM algorithm is initialized by the subspace method followed by an
original ambiguity removal technique introduced in this work. However, an identifiability study reveals
that the success of the initialization step requires some stringent conditions that might not be verified for

low order QAM modulations. An alternative solution is proposed, based on the Semi-Blind (SB) approach.
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Figure 5.4: SER vs. a with SNR =5 dB for linear blind and semi-blind (L-B, L-SB) EM-based estimators
and for nonlinear (NL-B, NL-SB) ones.
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Figure 5.5: NMSE vs. SNR for subspace-based estimator (hgg), blind (hgy—p) and semi-blind (hgy—sB)
EM-based estimators benchmarked against the semi-blind Gaussian CRB (G-CRBgg), the cumulant-based

technique [1] (heum) and the fully-pilot-based estimator (hpror), in both cases: (a) quadratic model and
4-QAM modulation, and (b) quadratic model and 16-QAM modulation.

The EM extension to the SB context is first provided followed by simulation experiments that highlight
the efficiency of our EM-based method.
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Figure 5.6: NMSE vs. SNR for blind (hgy—p) and semi-blind (hgy—sp) EM-based estimators bench-
marked against the fully-pilot-based estimator (hpipor). We consider a quadratic model, 4-QAM modulation
and a MIMO system with Ny = 2,N, =4, and M = 2. hi is included for reference and refers to a

pilot-based estimator using available pilot symbols.
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Figure 5.7: NMSE vs. SNR for subspace-based estimator (hgs), blind (hgy—p) and semi-blind (hgpa—sp)
EM-based estimators benchmarked against the semi-blind Gaussian CRB (G-CRBgg) and the fully-pilot-
based estimator (hpipor), in the case of a quadratic model, 4-QAM modulation and N, = 9 receive

antennas.
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Figure 5.8: NMSE vs. SNR for subspace-based estimator (hgg), blind (hgp—p) and semi-blind (hgpy—sB)
EM-based estimators benchmarked against the semi-blind Gaussian CRB (G-CRBgg) and the fully-pilot-

based estimator (hpior). We consider a cubic model and 16-QAM modulation.
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Figure 5.9: NMSE vs. SNR with My = 4 and ML = 2 for subspace-based estimator (hgs), blind
(hgy—B) and semi-blind (hgy—sp) EM-based estimators benchmarked against the fully-pilot-based estimator
(hpiror). We consider: (a) quadratic model and 4-QAM modulation, and (b) cubic model and 16-QAM

modulation.
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Figure 5.10: Number of iterations for convergence vs. SNR for blind (B) and semi-blind (SB) EM-based

estimators considering different nonlinearities and modulations.
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Figure 5.11: Number of iterations for convergence vs. SNR considering a quadratic model, a 4-QAM

modulation, and N, =9 receive antennas.



5.8. Conclusion 99

100 T T T T 2
o——6—6—o o6 —o0——6—9
- =g o7
(é) 10_1 —e—hSS il
—— hEM-B
+hEM—SB
102"
0 2 4 6 8 10

Number of iterations

Figure 5.12: NMSE vs. number of iterations for subspace-based estimator (hgg), blind (hgy—p) and
semi-blind (hgp—sp) EM-based estimators benchmarked against the fully-pilot-based estimator (hproT),
in the case of a quadratic model and 4-QAM modulation at SNR = 10 dB.
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Figure 5.13: NMSE vs. number of pilots N, for subspace-based estimator (hgg), blind (hgy—p) and
semi-blind (hgy—sp) EM-based estimators benchmarked against the fully-pilot-based estimator (hpioT),
with a quadratic model and 4-QAM modulation at SNR = 10 dB.
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Figure 5.14: SER vs. SNR for subspace-based estimator (SS), blind (EM-B) and semi-blind (EM-SB)
EM-based estimators benchmarked against the fully-pilot-based estimator (PILOT), with a quadratic model

and 4-QAM modulation.



CHAPTER

Deep Learning based data detection for nonlinear commu-

nications systems

It always seems impossible

until it’s done.

Nelson Mandela.

— Abstract ~
The aim of this chapter is to propose Deep Learning (DL) based data detection solution for

nonlinear Multiple-Input Multiple-Output (MIMO) communications systems. A Neural Network
(NN) is built up, trained offline with finite alphabet data, and then used for online data detection.
With no direct priors about the channel impulse response nor the transmitted data, the proposed
DL-based data detector can deal with the performance degradation that might emerge from
nonlinear components. The simulation results show the effectiveness of the proposed solution for
different nonlinear model order and with attractive accuracy and data detection performance.
Moreover, such a solution is promising to overcome the inherent ambiguity/limitations of classical

blind processing.
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6.1 Introduction

DL-based applications have showed recently important potential for the physical layer, when considering
a wireless communications system [18]. Indeed, DL has become a new way of fundamentally rethinking
the communications system design problem while promising performance improvements in complex
communications scenarios, that are difficult to describe with tractable mathematical models, or that have
solutions/algorithms with large complexity when implemented in practice. Moreover, open-source DL
libraries [18] and readily available specialized hardware along with the astonishing progress of DL in
computer vision have stimulated renewed interest in DL applications for communications and networking
[128]. Currently, there are essentially two different main approaches of applying DL to the physical layer.
Either to improve/augment parts of existing algorithms with DL or to completely replace them. Among the
works falling into the first category are [129] and [130] that consider improved belief propagation channel
decoding and MIMO detection, respectively. These works are inspired by the idea of deep unfolding [131]
of existing iterative algorithms by essentially interpreting each iteration as a set of NN layers. In the
second category, one can cite [132], that deals with blind detection for MIMO systems with low-resolution
quantization, and [133], which investigates the detection for molecular communications; for which no
mathematical channel model exists. The idea of learning to solve complex optimization tasks for wireless

resource allocation, such as power control, is investigated in [134].

On the other hand, nonlinear behaviors can be encountered in many practical situations, in which
case appropriate (nonlinear) processing is needed, when such nonlinearities are too important to be
disregarded [35, 30]. Indeed, because most of real-life systems are inherently nonlinear in nature, nonlinear
problems have drawn important interest and extensive attention from engineers, physicists, mathematicians
and many other scientists [36]. In terms of machine learning point of view, a DL-based solution is proposed
in [135] for Wiener-Hammerstein systems identification in the case of nonlinearities faced in electrical
circuits. The solution is based on the Restricted Boltzmann Machine (RBM) along with the Randomized
algorithms. Authors in [136] investigated the effectiveness of DL-based approaches for nonlinear system
identification when considering soft-robot actuators nonlinearities. A Hammerstein model is used with
a heating cooling signal as input for the DL network. In [137], a DL-based solution is proposed for
nonlinear systems that describe coupled electrical drivers (two electric motors driving a pulley using a
flexible belt). The solution is based on the Bayesian framework by combining deterministic and stochastic
layers of recurrent network. However, it can be noticed that DL-based solutions that deal with nonlinear
communications system models are still missing in the literature.

Hence, the aim of this chapter is to propose a DL-based solution for data detection, when considering
nonlinear MIMO communications systems. By considering a finite alphabet transmitted signal, drawn
from QAM modulation, the data detection is formulated as a DL classification problem. The proposed
solution is performed blindly, i.e. based only on the observed data and on the trained network. The latter
is trained according to a supervised learning fashion, with pairs of generated input-output data according

to a nonlinear data model. So far, it is assumed to know the active users and the modulation constellation.
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6.2 Communications system model and problem formulation

This section describes the communications system model adopted in this chapter. A MIMO system
composed of N; transmitters and a receiver equipped with N, antennas is considered. At the receiver,

nonlinear components, associated to the transmitted symbols, are assumed to be present. Thus, the

instantaneous received signal, according to Volterra nonlinear models [98], is given at the r-th receive
antenna by:
P
yr(k) =hi x(k)+ > hlxi(k)+n(k), (6.1)
i=2

where k refers to time index, hy,_,h;, € CNtX1 contain the channel coefficients for linear and nonlinear
terms; with P being the nonlinear model order. x(k) = [x1(k),z2(k), ..,z n, (k)]” contains the instantaneous
users transmitted symbols; whereas x;(k) refers to the data nonlinear terms so that x;(k) = [z, ...,x?vt]T.
n(k) is a white circular Gaussian noise, uncorrelated from sensor to sensor, with zero mean and variance

ag . Hence, by considering all the antennas of the receiver, equation (6.1) can be expressed as follows:
P
y(k) =Hpx(k) + Y Hix;(k) +n(k), (6.2)
=2

where y(k) = [y1(k),y2(k),...,yn, (k)]T is the observed signal, H, = [hL1>-~-,hLNT]T;Hz' =[hyy,...h; T €

T

CNr*Ne contain respectively the channel coefficients for the linear and nonlinear terms and n(k) =
[n1(k),...,nn, (k)T

The objective of blind data detection is to detect the transmitted symbols x(k), relying only on the
observed signals y(k) and with no ’strong’ priors on the channel impulse response nor the transmitted
data.

Many techniques have been proposed in the literature to deal with nonlinear models. However, in
such approaches, more complex solutions with higher size data are exploited as will be briefly discussed in
section 6.3.

Consequently, in the current work, we propose a solution based on the use of deep learning approach
for the problem of data detection, when considering nonlinear data models. Indeed, deep learning based
approaches are, in general, applied to solve regression or classification problems. In our case, data detection
is treated as a classification problem, where according to the received symbol vector, a well trained neural
network is able to assign to it the corresponding transmitted data vector. Actually, such a procedure is
somehow similar to a maximum likelihood one, where the network chooses one (the most likely) of the

possible realizations of the transmitted signal vector for a given observation.

6.3 Classical approaches for nonlinear systems data detection

Many approaches have been proposed in the literature for the problem of system identification when
dealing with nonlinear systems (see e.g. [, , , ]). Few of them have focused on data detection,

since it can be performed after channel estimation. Nevertheless, one can notice that, these techniques rely
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on new vector representation of data and channel. The system model given in equation (6.2) is re-written
as follows:

y(k) =Hx(k) +n(k), (6.3)

where H = [Hy Hy.. Hp] and x(k) = [x(k)x2(k)...xp(k)]T.
These extended variables are then exploited either with analytical techniques or by iterative procedures
which might involve complex operations like matrix inversion, eigenvalue decomposition PARAFAC
representation and so on. Furthermore, these techniques are applied online with (in general) some
assumptions on data or communications channel. Besides, efficient blind-based data detection techniques
require important amount of data to be processed online, while estimating the transmitted signals up to
scaling factors and permutation matrix (the blind inherent ambiguity).

For the purpose of estimating the transmitted data while overcoming these constraints, a new deep
learning based approach is investigated in the sequel, which aims at competing with the classical approaches,

in terms of data detection performance, while providing low online computational complexity.

6.4 Proposed deep learning based data detection

By considering the problem of data detection as a DL-based classification task, the proposed solution is
based on a learning phase, performed offline, that results in a Deep Neural Network (DNN), which is in

turn, used for online data detection (inference phase) as illustrated in Figure 6.1.
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Xtrain H H /*\y train| Training N'_t kl
- [ etworl
—> L, HINL U (Offline)

Figure 6.1: DL based data detection.

6.4.1 DL network architecture

Generally speaking, Deep Neural Networks (DNNs) are deeper versions of artificial neural networks
(ANNs) by increasing the number of hidden layers and using appropriate mathematical tools. Each layer
of the network consists of multiple neurons (nodes), each of which has an output that is a function of
neurons of its preceding layer and a set of parameters.

For the proposed solution, the adopted DL architecture is given in Figure 6.2. The input layer receives

the signal observed at the output of the MIMO system given by y(k) (as illustrated in Figure 6.1). Since
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the available libraries treat only real-valued variables, the size of the input layer is 2 x N,., which results

from stacking real and imaginary parts of the observed symbols.

Class 1
layer Softmax
LSTM LSTM  Fully connected layer

layer 1 layer 2 layer

Figure 6.2: DL network architecture adopted.

The output layer returns the corresponding class (one node) out of N, classes, which is then exploited
to find the corresponding transmitted symbols x(k). This is performed through a predefined mapping
between the N, classes and the corresponding N, possible realizations of the transmitted symbols x(k).
For the hidden layers, the network describes a mapping f(xo;8) : RNo — RNe of an input vector xg € R0

to an output vector x7, € RV through L iterative processing steps:
x; = filxi-1;0;) 1=1..L, (6.4)

where L is the hidden layers (L =4 in our case as given in Figure 6.2) and 6 = [01,...,0] being the
parameters for all hidden layers; Ng = 2 x N,; x; refers to the input data at the I-th hidden layer and
fi(x;-1;0;) € RNi-1 — RN stands for the I-th activation function, which depends on the chosen hidden
layer. Such a function introduces a non-linearity which is important for the so called expressive power of
the NN. Otherwise there would be not much of an advantage of stacking multiple layers on top of each
other.

A Long Short Time Memory (LSTM) structure was adopted, which is followed by a fully connected
layer then a softmax layer. The motivation behind using LSTM cells is to allow capturing dependencies
between time steps in time series and sequence data. The fully connected layer multiplies the input data
by a weight matrix and then adds a bias vector; while allowing a size adaptation between LSTM and
softmax layers. The later implements the softmax function which assigns a probability to each output
class, by maintaining the individual outputs to be within the interval [0, 1], with a sum equals to one. The
parameters of hidden layers (i.e. 8) will be estimated during the learning phase.

It is worth noting that the proposed DL architecture, for the considered realistic scenario, is not
obvious. Actually, many investigations have focused on the choice and the design of the DL architecture
(e.g. number and nature of hidden layers) as well as the training strategy which is tailored by taking into
account the nature of transmitted signals. In the sequel, the performance of the proposed DL architecture

is confirmed by experimental results.
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6.4.2 Learning strategy

The learning phase consists at giving the network enough data (y(k),x(k)) to be able to assign to
each unknown received signal y(k) the corresponding transmitted symbol vector x(k) (performing a
classification). To do so, the network is provided with all possible cases for the transmitted signal vector
x(k). We consider that every transmitted symbol; for each user z;(k), i = 1,..., V¢, is taken from a finite
alphabet set A = {a1,...,aps} with M = 28 is the cardinal of A and B is the number of bits used to code
each alphabet. Hence, the total number of possible realizations of x(k) is N, = M Nt From deep learning
point of view, N, is the number of classes to which will be assigned each symbol y(k). Consequently, by
taking into account the effect of the communications channel and the noise, the received signal and the
original transmitted data are collected as the training data set.

Basically, the learning process aims to minimize, with respect to 8, a loss function. Different loss
functions can be used, mainly the mean squared error (MSE) and the Categorical cross-entropy or its
variants [138]. In the proposed solution, the network is trained to minimize the difference between the
output of the neural network and the known transmitted data class. The difference can be portrayed in

several ways. In our experiment settings, we choose the Lo loss function defined as follows:

1 Niot
Lo=— x; — %3), 6.5
2 Ntotizzl(ll i —Xill2) (6.5)

where Ny is the size of the training data set; x; refers to the transmitted symbol class, whereas X; stands
for the inferred class.

The minimization of the loss function; and hence the estimation of vector 8; is performed in general
iteratively through the Stochastic Gradient Descent (SGD) algorithm. The gradient in SGD can be
computed efficiently through the backpropagation algorithm [139]. Also, instead of updating the parameters
at each training sample, small batches of the data set can be used within a mini-batch Gradient descent
framework. In the proposed solution, the optimization of the loss function is performed through the
"Adam" optimization algorithm [140], which is considered as a combination of RMSprop and SGD with
momentum. It uses the squared gradients to scale the learning rate as in RMSprop and takes advantage of
momentum by using moving average of the gradient instead of gradient itself like SGD with momentum.

When the entire training dataset is passed forward and backward through the neural network only

once, this is called one epoch. Many epochs are performed to obtained a well trained network.

6.5 Complexity discussion

One can notice that the main computational complexity of the proposed DL-based solution comes from
the learning step, which needs important amount of data and the use of iterative procedures for parameter
estimation. However, this constraints concern only the learning phase which is performed offline. For the
online step, basic operations are performed; additions and multiplications; through hidden layers to obtain
the final decision (output) of the network for given observations. Thus, no need for complex calculation

like matrix inversion that consumes time and memory space. Moreover, for an optimal implementation,
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one could easily take advantages from the available open-source DL libraries [18] and readily available
specialized hardware.

On the other hand, to make the proposed solution more efficient and to alleviate the learning parameters
dependency, one could use many prelearned models with different parameters; SNR, number of users,
nonlinear model orders or data modulation. Also, it could be advantageous to associate other classification
approaches, such as modulation classification as in [111, ] to the proposed one. Nevertheless, one could
notice that with high order modulations and high number of users, the number of classes become very

important which may require more complex network. Actually, this issue is left for future work.

6.6 Experimental results and discussion

This section highlights the performance of the proposed deep learning based data detection. Unlike other
DL applications (e.g. image classification) no specific data set are available for performing experiments.
Thus, synthetic data will be generated and used. The performance evaluation is based on the accuracy,
which is widely used for DL-based performance assessment and on the Symbol Error Rate (SER) which is

mostly used for data detection performance evaluation.

6.6.1 Experimental settings

A 4x4 (N¢ =4, N, =4) MIMO system was considered for simulations. The transmitted symbols are drawn
from 4-QAM modulation, thus, the number of the possible realizations for the vector x is Nyor = 4% = 256.
Linear and nonlinear channel coefficients are generated as i.i.d., unit-power, complex Gaussian random
variables, so that Hy, = Hg+ 0H, where Hy is supposed to be known up to éH which takes different values
at each realization according to a Gaussian random process, with zero mean and a standard deviation of
10! in our experiments. For each possible realization of x and each SNR value, 1000 realizations are
generated, where at each of which, dH, H; and n(k) take new values. Consequently, 256000 pairs (y,x)
are obtained, where 80% of these pairs are used for training, 10% for validation, whereas 10% are left for
testing. It is worth pointing out that the simulation results given latter are based on the testing data,
i.e. using the network obtained after training. By contrast to the validation data, which are used during
training process for parameters tuning. Also, since most of the available deep learning libraries are based
on real-valued variables, each complex variable is represented by concatenating the real and imaginary

parts, i.e. Yyeq = [real(y),imag(y)]T. Simulation parameters are summarized in Table 1.

6.6.2 Simulation results and discussion

Figure 6.3 illustrates the accuracy of the trained network v.s. the SNR; for the case with only linear terms
(DL-L), a 3-rd order (DL-NL-3"%) and a 5-th order (DL-NL-5¢") nonlinear models, which are benchmarked
with the case of perfect knowledge of linear and nonlinear channel coefficients (DL-Perfect-H). One could

notice that the accuracy of the trained network is not very affected by the presence of nonlinear terms,
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Parameters Specifications
Number of LSTM hidden layers 2
Number of fully connected hidden layers 1
Number of softmax hidden layers 1
Nodes per hidden layer for LSTM layers 100

Nodes per hidden layer for fully connected

and softmax layers Niot
Input layer size 2N,
Output layer size 1
Number of epochs 2
Mini-batch size 40
Training optimization algorithm Adam
Learning rate 0.001

Table 6.1: Simulation parameters.

and is almost independent of the nonlinear model order. Moreover, on could notice that the obtained

performance are acceptable compared to the most favorable case given by (DL-Perfect-H).

Figure 6.4 illustrates the performance of the deep learning based data detection in terms of the symbol
error rate (SER). Similar to results of Figure 6.3, very interesting performance is obtained when considering
nonlinear terms. Also, it can be noticed that the nonlinear model order does not affect much the obtained
performance. Moreover, the proposed solution outperforms the Zero Forcing (ZF) based (ZF—NL—3”J) one

even with true channel coefficients, i.e. x(k) = H#y(k), with (.)# being the pseudo-inverse operator.

Figure 6.5 assesses the performance in terms of SER when considering different signal levels between
linear and nonlinear terms (P, — Py, in dB), since in practice nonlinear terms have usually less power

than linear terms. Also we considered a variable linear channel estimate accuracy, given by NMSE(Hp) =

[HL—Ho|?
[Hol?

solution still presents promising potential under different realistic scenarios.

, which is used during the offline learning phase. Here again, it can be noticed that the proposed

Figure 6.6 assesses the performance in terms of SER w.r.t. SNR for different values of the receive
antennas number. One can notice that the space diversity offers important performance gain for the
proposed DL based solution. This result allows to say that such a solution is promising for large scale (or

massive) MIMO systerns.

Figure 6.7 assesses the performance in terms of SER w.r.t. SNR when considering 4-QAM and 16-QAM
modulations. One could notice that the used network architecture provides interesting performance with

relatively higher order modulations, 16-QAM in our case.
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6.7 Conclusion

This chapter proposes a deep learning based data detection solution for nonlinear MIMO systems. A
neural network is built up, trained offline, then used for online data detection. With no strong priors
about the channel impulse response nor the transmitted data, the proposed DL-based data detector
can overcome the performance degradation that emerge from nonlinear components. Simulation results

show that the proposed solution can be easily used for high order nonlinear models and offers attractive
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Figure 6.6: SER v.s. SNR for different number of receive antennas Ny.

accuracy and data detection performance. Also, such a solution is promising to overcome the inherent

ambiguity of classical blind processing.
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7.1 Achieved work

System identification refers generally to the problem of developing empirical mathematical models of
systems based on excitation and response measurements, then designing appropriate approaches/algorithms
for the model’s parameters estimation. It is an important issue in many areas including process control
and communications. For wireless communications, channel estimation is of paramount importance for
equalization and data detection problems in most wireless communications, especially (massive) MIMO-
OFDM systems. Nevertheless, in the case of non availability of CSI, one could adopt source separation
approaches as an alternative to detect the transmitted data without direct priors on CSI. Either for
channel estimation or source separation, semi-blind techniques are adopted in this thesis, in order to take
advantages of blind and pilot-based approaches, while reducing their drawbacks. Besides, the astonishing
advances of machine learning approaches, especially deep learning, motivates us to investigate, in the
current thesis, the potential of DL-based techniques for the problem of data detection.

Several contributions to semi-blind channel estimation and source separation have been proposed in
this thesis, mainly through performance bounds analyses and the development of efficient algorithms by
exploiting priors on the system for performance improvement. In the sequel, we briefly summarize the
overall thesis work, before listing the main contributions.

For semi-blind communications channel estimation, a performance bound analysis, based on the CRB,
has been conducted by considering massive MIMO-OFDM communications systems. The aim of such
an analysis is to assess the effectiveness of semi-blind approaches for pilot contamination mitigation,
either when the cell under test along with the adjacent cells are synchronous or not. For synchronous
cells case, the analysis demonstrates the potential of semi-blind approaches to efficiently overcome the
pilot contamination problem, when considering a finite alphabet (non Gaussian) communications signal.
However, relying only on the signal’s Second Order Statistics (SOS) is not enough for solving such an
issue. Nevertheless, it is possible to get close to the optimal performance with a semi-blind approach even
if the pilots are non-orthogonal as long as they are not fully-coherent. For the asynchronous cells case, it
has been demonstrated that the pilot contamination still occurs under small inter-cell delays, but can be
strongly mitigated with large inter-cell delays.

For channel equalization and data detection via source separation approaches, a semi-blind MM-
based source separation solution has been proposed for instantaneous mixtures in a massive MIMO
communications system, then extended to a MIMO-OFDM communications system, i.e. convolutive
case. In the latter case, a separating matrix has been defined independently on the sub-carriers, leading
to computational complexity reduction. For both cases, a hybrid cost function is defined based on the
MM criterion, for the blind part, and on the Least Squares (LS) criterion for the pilot-based part. The
optimization is performed through a simple but efficient semi-blind block gradient descent procedure, with
an optimized step size computed at each iteration and for each user. Besides interesting source separation
performance and accelerated convergence, the proposed approach is very promising for source recovering

when pilot contamination occurs in massive MIMO-OFDM communications systems.
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Besides, when taking into account the problem of system identification with data detection, a semi-
blind solution for joint channel estimation and data detection, by considering the sparce nature of the
communications channel, has been proposed. An optimization problem is formulated then solved by
using the successive convex approximation (SCA) approach. Accordingly, the optimization is performed
on an approximate convex problem, rather than the original nonconvex one. An iterative procedure
has been performed where the channel coefficients and data symbols are estimated simultaneously at
each iteration. Also an optimized step size, introduced according to line search procedure, is used for
convergence improvement with guaranteed convergence to a stationary point. Simulation results showed
that the proposed solution exhibits fast convergence with very attractive channel and data estimation
performance.

In order to deal with system identification for multichannel nonlinear communications system, blind
and semi-blind solutions have been proposed based on the ML approach. For the blind solution, an
original combination of a subspace approach and the EM algorithm is proposed. Basically, an initial
channel estimation is performed based on a subspace approach, which is followed by an appropriate
ambiguity removal method. Then, to refine this estimate, a maximum likelihood approach is introduced
based on the EM algorithm. For the semi-blind case, both pilots and data are used to define the different
steps of the EM algorithms. This solutions are supported by some identifiability results and performance
bounds analysis, related to the considered models (blind and semi-blind). Basically, the simulation results
highlighted the very interesting channel estimation performance and the attractive convergence speed for
the EM-based iterative solution for the considered nonlinear communications system.

In this thesis, besides the mathematics-based techniques, a DL-based data detection solution is
proposed for nonlinear MIMO communications systems. Basically, data detection is treated as a DL
based classification problem, where a Neural Network (NN) has been built up and trained offline with
appropriately chosen finite alphabet data. Then, it has been used for online data detection. With no direct
priors about the channel impulse response nor the transmitted data, the proposed DL-based solution is
shown to deal with the performance degradation that might emerge from nonlinear components. Also, the
simulation results showed the effectiveness of the proposed solution for different nonlinear model order
and with attractive accuracy and data detection performance. Moreover, such a solution is promising to

overcome the inherent ambiguity/limitations of classical blind processing.

7.2 Thesis contributions

The main contributions of this research are listed below:

e Derivation of semi-blind channel estimation CRBs for multi-cell massive MIMO-OFDM system

under pilot contamination phenomenon and highlighting the resulting non-identifiability.

e Thorough study of the effectiveness of semi-blind techniques for pilot contamination mitigation in

massive MIMO-OFDM systems, by considering SOS, HOS, different pilot structures, synchronous
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cells and non-synchronous cells with small and large inter-cell delays.
Highlighting the effect of pilot’s orthogonality level to mitigate pilot contamination.

For finite alphabet signals, i.e. QPSK data model, a realistic CRB approximation has been given to
bypass the high complexity of the exact CRB computation.

Proposition of a multi-moduls based semi-blind technique for source recovery when considering
instantaneous MIMO systems under pilot contamination effect. Then, extending this solution to
the convolutive systems, i.e. MIMO-OFDM, where a separation matrix is defined independently on

the sub-carrier then estimated.

Highlighting the importance of optimal step size, for iterative algorithms, to improve convergence

speed.

Putting forward the importance of semi-blind approaches for throughput gain and channel/data

estimation performance improvement.

Proposition of a joint sparse channel estimation and data detection solution based on the successive
convex approximation (SCA). This solution deals with an approximate convex problem rather than

with the original non convex one.

Exploiting priors on the system for performance improvement, such as pilots, channel’s sparsity

and data matrix structure.

Contribution to blind and semi-blind channel estimation for nonlinear system models by combining

a subspace method with the EM-algorithm.

Proposition of two techniques for blind channel estimation ambiguity removal. The first one concerns

the quadratic nonlinearity, whereas the second one is designed for cubic nonlinear models.
CRB derivation and identifiability study of system identification for nonlinear systems.

Assessing the potential of a machine learning for communications systems, by a deep learning based

solution for data detection; when considering instantaneous nonlinear MIMO systems.

7.3 Future work

The research work related to semi-blind channel estimation and source separation for linear and nonlinear

multi-channel communications systems, carried out in this thesis can be extended in several directions.

Some recommendations for future work are listed below.

e Extend the semi-blind channel estimation performance analysis, carried out for massive MIMO-

OFDM systems, to the stochastic channel model (instead of deterministic one) where Bayesian

approach can be considered to evaluate the CRB for a given channel type.
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Investigate the possibility to develop an analytical multi-modulus based solution for source separa-

tion.

Investigate on a solution for computational complexity reduction for the proposed EM-based

solutions.

Propose a DL-based solution for system identification and/or for joint channel estimation and data

detection.

Implement the proposed algorithms in this thesis in a real-world system, such as a video/image

transmission system, in order to further evaluate the performance gain in practice.
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Appendix: Performance Bound Analysis of Side Informa-
tion Effect on MIMO-OFDM Channels Semi-Blind Identi-

fication

Success is not final, failure is not
fatal: it is the courage to continue

that counts.

Winston Churchill.
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— Abstract ~

This paper studies the impact of different priors on semi-blind channel estimation performance

for Multiple-Input Multiple-Output Orthogonal Frequency Division Multiplexing (MIMO-OFDM)
communications systems. To do so, for an estimator-independent study, the Cramér-Rao Bound
(CRB) is considered to quantify and analyze the performance limits. The analysis is carried
out by considering three cases: (i) no modeling while estimating the channel coefficients in the
frequency domain (for each frequency bin); (ii) a finite memory linear time invariant channel
model while estimating the channel taps in the time domain; and finally (iii) a specular channel
model while estimating the propagation channel parameters, i.e. the fading, the delay and the
angle of arrival of each path. In particular, this analysis quantifies the performance gain obtained

by properly exploiting side information about the propagation channel.
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A.1 Introduction

Channel State Information (CSI) remains a current concern in Multiple-Input Multiple-Output Orthogonal
Frequency Division Multiplexing (MIMO-OFDM) wireless communications systems, since the system’s
overall performance depends strongly on it [143]. Several channel estimation approaches have been proposed.
Some techniques fall into the scope of blind channel estimation which have been extensively studied.
These techniques are fully based on the statistical properties of the transmitted data (e.g. [21, 22, 144]).
While other techniques rely on some inserted known symbols, called pilots, in the transmitted frames
as specified in most communications standards [19, 20]. However all of these approaches have their own
merits and weaknesses. In general, pilot-based channel estimators provide an easier and more accurate
channel estimation, but leads to decreasing the spectral efficiency and the throughput as compared to the
blind methods. Consequently, it would be advantageous to benefit from the two strategies where both
data and pilots are exploited through a semi-blind estimation approach [59, 24, 25].

Besides known data or statistical information, some priors (or side information) on the communications
system can be available and can therefore affect the performance of the channel estimation.

Consequently, this paper aims to study the impact of different priors, relative to the channel, on
a MIMO-OFDM system identification performance when adopting semi-blind approaches. To do so,
Crameér-Rao Bound (CRB) is used to quantify the performance limits independently of the estimator.
Furthermore, a comparative study is conducted by considering three cases. The first case concerns the
estimation of the channel fading coefficients in the frequency domain (for each frequency bin) disregarding
its (finite memory) time domain structure. In the second case, a finite memory linear time-invariant
channel model is considered and the channel taps are estimated in the time domain. In the third case, a
specular channel model is considered and the propagation channel parameters, i.e. the fading, the delay
and the angle of arrival of each path are estimated.

It is worth pointing out that authors in [59] carried out a through study on the CRB derivation
when only considering the channel taps estimation in time domain. In the current work; and as an
extension of this work, a comparative study of the performance gain is conducted by considering also the
CRB derivation for estimating the channel coefficients in the frequency domain as well as the CRB for
estimating the propagation channel parameters (i.e. the fading, the delay and the angle of arrival of each

path) corresponding to a specular channel model.

A.2 MIMO-OFDM Communications System Model

The MIMO-OFDM communications system considered in this paper is represented by N; mono-antenna
transmitters and a receiver equipped with N, receive antennas. The transmitted symbols are assumed to
be OFDM ones. Each OFDM symbol is composed of K samples extended by the insertion of a Cyclic
Prefix (CP) corresponding to the last L samples at the beginning of the OFDM symbol, so that the CP
length is assumed to be greater than or equal to the maximum channel delay denoted N (i.e. N <L).

Once removing the CP and taking the K-point FFT of the received OFDM symbols, the received signal
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(of size K) at the r-th antenna is given, in time domain, by [60]:
N¢ FH
yYr :ZIF T(hi,T)?Xi“v_Vr, (Al)
1=

where F stands for the K-point Fourier matrix; h;, = [h;(0),-+,h; (N —1)]7 is the N x 1 vector
containing the channel taps between the i-th transmitter and the r-th receive antenna; T(h;,) is a
circulant matrix and x; is the i-th OFDM symbol of length K. v, is assumed to be an additive white
Circular Gaussian noise with £ {vr(k)v,«(i)H} = 021 6pi; with (.)F being the Hermitian operator; o2 the
noise variance; I the identity matrix of size K x K and Jg; the Kronecker delta operator.

By exploiting the eigenvalue decomposition of the circulant matrix T(h;,) given by: T(h;,) =
%diag {Whm}F, where W is a matrix containing the N first columns of F and diag is the diagonal
matrix composed by its vector argument, equation (A.1) becomes:

Nt

Yr = Zdiag{Whi’T}xi—kv?«. (A.2)
i=1

By taking into account the NV, receive antennas, the observed signal can be written as:

y=Ax+v, (A.3)

wherey = [lemy%T}T; X = [X1T~~~x7]\}t}T; V= [vlev%T]T; and A =[A1---Ay,]and A; = [)\iyl...)\ier}T

where A; . = diag {th} .

Note that, equation (A.3) is expressed w.r.t. the channel coefficients in the frequency domain. In
order to facilitate the analytical CRB derivations w.r.t. channel coeflicients in the time domain, it is
rewritten in a most appropriate form. To do so, let’s introduce the following notation: h = [h{ . ~~h7]\}T}T
is a vector of size N, NN x 1 where h, = [h{r . ~-h%”}T; X p, = diag {x;} is a diagonal matrix of size
KxK; X= [XD1W~ --XDNtW} of size K x NNy; and X =TIy ®X is a matrix of size N, K x NN;N,

with ® being the Kronecker product. Accordingly, equation (A.3) is rewritten as follows:
y=Xh+v. (A.4)

Furthermore, some priors on the channel impulse response and/or on the communications system
can be available. Hence, by assuming a specular channel model in our case, the communications channel
impulse response, of the i-th user, is expressed as a function of the fading, the delay and the Direction Of

Arrival (DOA), in time domain, as follows:
M —
hy(t) = hga(oq)sine(t — i), (A.5)
=1

where M is the number of paths for each transmitter, Bi,l is the complex fading related to the I-th path,
o d o d o d

7;, being the I-th path delay and a(a;;) = [1 eiﬂﬁicos(o‘ial)...e*ﬂ”X’"lcos(o‘iJ)...e*J%X(Nrfl)cos(ai’l)]T is

the steering vector with «;; being the corresponding DOA'; while X and d represent respectively the wave

length and the distance separating two adjacent receive antennas.

IFor simplicity, we assumed that the receive antenna corresponds to a uniform linear array.
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Without loss of generality, a block-type pilot arrangement is adopted in this paper. In such a scheme
all sub-carriers are used for pilots and data within a specific period of time. For a pilot-based channel
estimation, N, pilot symbols will be considered. Vg4 i.i.d data symbols will be added to the pilots for
semi-blind approaches. Both pilots and data are assumed to be OFDM symbols of size K.

A.3 CRB derivation for subcarrier channel coefficients estimation

This section is dedicated to the CRB derivation for subcarrier channel coefficients estimation. Basically,
the CRB is obtained as the inverse of the Fisher Information Matrix (FIM) denoted by Jgg where 0 is
the unknown deterministic parameters vector to be estimated [61]. Hence, by taking into account the
pilots and data (that are statistically independent) in a semi-blind fashion, the total FIM is expressed as
follows:

Joo =J5, + 00, (A.6)

where Jge is the FIM associated to the known pilots while J ge is related to the unknown data.
Actually, instead of estimating the channel taps, many existing OFDM receivers estimate the subcarrier

channel coefficients (i.e. the vector A;,) as if they were ’independent’ (see e.g. [145]), by ignoring the

relation between these coefficients through the Fourier transform of the channel taps. Therefore, under

the assumption of known signal and noise powers”, the parameters vector to be estimated is given by:

0 =[AT (AT, (A7)

T T

- T -
where A= |Aj ;- Ay, o Ajj;t,Nr , which is a KN Ny x 1 vector with A; , = Wh, ;. of size K x 1.

A.3.1 Pilot-based CRB derivation

By considering only pilots and in order to have explicitly the vector A, the system model given by equation
(A.3) is re-expressed as:

y=XA+v, (A.8)

where X = Iy, @x1..In, ®xp,]
Since the noise is an i.i.d. random process and according to the results in [59], the FIM when considering

N, pilot OFDM symbols can be expressed as follows:

Np
Too=> Too, (A.9)
1=1

where J97, which refers to the FIM associated to the i-th pilot OFDM symbol, is given by [146, 147]:

w—p { (alnp%@,m) (alnpéz§i>,A>>H}7 (A.10)

with E(.) being the expectation operator and p(y(i),A) is the probability density function of the received

signal given A.

2The case of unknown noise and signal powers leads to similar conclusions and is omitted here for simplicity.
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One could show that equation (A.10) can be expressed by:

. X(0)"X()
Moreover, based on the FIM for a complex parameter (see [62, 63]), the pilot-based FIM is given by:
) in 0
Joi ="k (A.12)
Di
0 Jh*h*

where JVi,, . = (JP1)". Therefore, the pilot-based CRB is obtained as the inverse of Jp,.

A.3.2 Semi-blind CRB derivation

For the semi-blind channel estimation case, both pilots and data are taken into account in the derivation
of the FIM as shown in equation (A.6). Let’s assume that the data symbols are i.i.d. circular Gaussian
distributed with zero mean and a diagonal covariance matrix composed of the users’ transmit powers i.e.
Cx =diag (0',2{) with Uidﬁf {03{1 ~~0,2(NJT where aii denotes the transmit power of the i-th user. Under

this assumption, the received signal y is circular Gaussian with covariance matrix:

Nt
Cy = 20,2(1)\1)\{{ + U\Q,IKNr- (A.13)
i=1
The total data FIM has the following form:
Jd Jd .
Jgo=Na| M A (A.14)

Jhin Thenr

where J4 , is a (N, Ny K)-dimensional matrix with elements JX@' A given by:

H
Thon, =tr ClaCyCyl(aCy> : (A.15)

Y OA: A’

Once the total FIM Jgg is obtained, it is inverted to obtain the CRB matrix. Then, the top-left
K N;N, x KN;N, subblock of the CRB matrix is extracted to deduce the CRB for the subcarrier channel

coefficients estimation (i.e. in the frequency domain).

A.4 CRB derivation for channel taps estimation

This section is dedicated to the CRB derivation for channel estimation considering directly the channel
coefficients in the time domain. In this case, the complex representation of parameters vector 6 is defined
as follows:

6=m" w977, (A.16)

A.4.1 Pilot-based CRB derivation

In a similar way as in A.3.1, the FIM associated to the i-th pilot OFDM symbol, is given by

m—p { (Postyto.) (alnpézgf),h))’f} (A.17)
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with p(y(i),h) being the probability density function of the received signal given h.
According to results in [59], the FIM associated to the i-th pilot OFDM symbol is deduced as:

Joo = (A.18)

Then, the pilot-based CRB is obtained as the inverse of ‘]Iée'

A.4.2 Semi-blind CRB derivation
In this section, the derivation of the CRB for the semi-blind channel estimation case is considered. Only
the Second Order Statistics (SOS) are considered via a Circular Gaussian data model. More details about
the case of Higher Order Statistics (HOS), using a finite alphabet source signal, can be found in [59]. The
derivation is similar to that introduced in section A.3.2, however in this case we have:

eI

Jg=Ng| “hh el (A.19)
d Jd

Jhen Jhens

where J¢, is a (N, N;N)-dimensional matrix with elements Jffi n, given by:

H

oC oC

d _ -1 Y1 Y
? J

... 0Cy ONH

Actually, this derivation is performed by specifying for each index i =1, --- , NN, Ny, the corresponding
channel tap, receive antenna and user indices i.e. iy =1, .-, N;in, =1,---, N, and iy, =1,---, N;.
Therefore, after some simplifications, one could obtain

H
0Cy 9 OX; N,
=0 iy ————=.
Oht XN Nt Oh
Finally, the top-left N NN, x N N¢N, subblock of the CRB matrix, obtained by inverting Jgg, refers

(A.21)

to the CRB for the channel coefficients estimation.

A.5 CRB derivation for specular channel estimation

This section derives the CRB of semi-blind channel estimation when considering a specular model for the
channel impulse response as given in equation (A.5). The vector parameter of size 4NN, Ny X 1 to be
estimated is given by:
o=[r" (R T 17, (A.22)
with h, T, being vectors of size NN,.N; x 1 containing respectively the complex fading, the delay and
the DOA of channel taps between all users and the receive antennas.
According to the FIM derivation of parameter transformation [61], the FIM in such a case is based
on that derived in section A.4. Thus, by denoting J 29 the FIM of the semi-blind channel coefficients

estimation, we have:
) )

Joo 29 “005g (A.23)
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where

oh oh Oh 0Oh 0Oh

T = | Ty T T T A.24
00 [8h’8h*’8r’8a}’ ( )

with Jge c (CNNTN,: X N Ny N¢ and Jgg € (C4NNTN,5 ><4NN,~N,5'

The former derivatives of h w.r.t. to the propagation parameters are obtained thanks to the formula
(A.5). Note that for real parameters (7 and a), the derivation is straightforward. However for complex
parameters, i.e. h, one can use either the derivation w.r.t. real and imaginary parts or equivalently, the
derivation w.r.t. the complex parameter and its conjugate [148]. Finally, the CRB is obtained by inverting

the FIM.

A.6 Simulation results

This section is dedicated to analyze the behavior of the CRB for different scenarios as described pre-
viously: the sub-carrier channel coefficient estimation (CRBé P,CRBQ p), the channel taps estimation
(CRBB 5, CRBY ;) and the specular channel coefficients estimation (CRBg’;cular,CRBsszgcumT) where OP
stands for the pilot-based estimation; whereas SB refers to the semi-blind framework. The pilot symbols
are generated according to Zadoff-Chu sequences [70]. The simulation parameters are summarized in table

A.1 otherwise mentioned.

Figure A.1 illustrates the behavior of the normalized CRB (%) versus SNR for the three
considered scenarios. Adopting a semi-blind framework helps lowering the CRB and hence performing
better than pilot-based approaches. One could notice that with only one pilot symbol and few data
symbols (40 in our case), the efficiency of the semi-blind framework is well illustrated while preserving
a lower overhead. On the other hand, one notices that compared to the frequency domain, estimating
directly the channel taps in time domain gives much better performance, which is further enhanced when

considering a parametric propagation model for the communications channel (specular representation in

our case).

Figure A.2 illustrates the semi-blind CRB behavior of the channel coefficients estimation in frequency
(CRBé\B) and time (CRBIS1B) domain w.r.t. to the number of pilot symbols N,,. It can be noticed that, in
order to reach same performance as the semi-blind CRB for specular channel estimation(CRBg%e cumr)
with one pilot symbol, one needs around 60 pilot symbols when estimating the channel coefficients in time

domain and, seemingly, even much more when directly estimating the frequency coefficients.

Figure A.3 assesses the effect of the number of data symbols on the CRBs semi-blind framework. One
can notice that with just tens of data symbols, the semi-blind channel estimation is further enhanced,
when considering the channel parameters. Also, it is noticed that the CRB curves tends to flatten with
high number of data symbols, which indicates that only a reasonable number of data symbols is needed

for better channel estimation performance.
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Parameters Specifications
Number of receive antennas N, =2
Number of transmitters Ny =2
Number of channel paths M =4
Number of OFDM sub-carriers K =64
Number of OFDM pilot symbols Ny, =1
Number of OFDM data symbols Ng =40
Pilot signal powers (dBm) Py, = [23 13]
Data signal powers (dBm) P, = [20 18.8]
Channel Fading [0.4 0.6 0.1 0.01;0.3 0.9 0.5 0.3];
Channel delay [0.4 0.6 0.1 0.4;0.3 0.9 0.5 0.1];
DOA [2:3:6:83: 178

Table A.1: Simulation parameters.
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Figure A.1: Normalized CRB vs SNR.

A.7 Conclusion

This paper focused on the effect of side information on the performance of semi-blind channel estimation;

when considering MIMO-OFDM communications systems. Three scenarios have been investigated,
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Figure A.3: Normalized CRB vs number of data symbols.

estimating: (i) the channel fading coefficients in the frequency domain; (ii) the channel taps in the time
domain; and (iii) the propagation channel parameters when considering a specular channel model. To
quantify and compare their performance limits, CRBs have been derived. An experimental comparative
analysis revealed that estimating the channel taps in time domain, leads to better performance than
estimating the frequency response. Furthermore, this performance gain is more enhanced by exploiting

priors on the channels (channel model in our case) while preserving a lower overhead.
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Résumé : Les systémes de communication MIMO (Multiple Input Multiple Output) ainsi
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technologies potentielles pour les standards de communication sans fil actuels et futurs, grace a
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et d’égalisation des canaux de transmission, qui restent une préoccupation actuelle. Dans ce
contexte, la principale contribution de cette thése s’inscrit dans le cadre de I'identification des
systémes de communication, & travers ’estimation des canaux, ainsi que 1’égalisation des canaux
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