UC San Diego

UC San Diego Electronic Theses and Dissertations

Title

Optimizing symbol timing, frequency spacing, and SNR estimation for communication
systems

Permalink
https://escholarship.org/uc/item/0rg9k4dj
Author

Das, Aniruddha

Publication Date
2013

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/0rq9k4dj
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA, SAN DIEGO

Optimizing symbol timing, frequency spacing, and SNR estimation for
communication systems

A dissertation submitted in partial satisfaction of the
requirements for the degree

Doctor of Philosophy
in
Electrical Engineering (Communication Theory and Systems)
by

Aniruddha Das

Committee in charge:

Professor Bhaskar D. Rao, Chair
Professor William S. Hodgkiss
Professor Ryan Kastner

Professor Kenneth Kreutz-Delgado
Professor Lawrence B. Milstein

2013



Copyright
Aniruddha Das, 2013
All rights reserved.



The dissertation of Aniruddha Das is approved, and it is
acceptable in quality and form for publication on micro-

film and electronically:

Chair

University of California, San Diego

2013

il



DEDICATION

To Ma, Baba, and Lopa

v



EPIGRAPH

To strive, to seek, to find, and not to yield.

— Tennyson



TABLE OF CONTENTS

Signature Page . . . . . . . ... iii
Dedication . . . . . . . . . iv
Epigraph . . . . .. o %
Table of Contents . . . . . . . . . ... vi
List of Figures . . . . . . . . . . X
List of Tables . . . . . . . . . . . xiii
Acknowledgements . . . . . ... Lo Xiv
Vita . . . o e xvii
Abstract of the Dissertation . . . . . . . . . . .. .. ... ... ... ..., Xix
Chapter 1 Introduction . . . . . ... o 1
1.1 Coherent versus Non-Coherent Systems . . . . . . . . .. 2
1.2 MIMO Systems with Offset Symbol Boundaries . . . . . 3
1.3 NDA SNR Estimation for SISO Systems . . . ... ... 5

1.3.1 NDA SNR Estimation for Remote Non-Linearity
Detection . . . . . . . ..o 6
1.4 SNR Estimation for MIMO Systems . . . . . .. ... .. 7
1.5 Rate Adaptive Non-Orthogonal MT-MFSK . . . . . . .. 9
1.6 Contribution Summary . . . . . . .. ... ... ... .. 11
Chapter 2~ MIMO Systems with Offset Symbol Boundaries . . . . . . .. 13
2.1 Imtroduction . . . . . . ... oo 13
2.1.1  Overview of Prior Work . . . . .. ... ... .. 14
2.1.2  Our Contribution . . . . ... ... .. ... ... 15
2.2 Notation . . . . .. . ... 16
2.3 Motivation behind Timing Offset . . . . . ... ... .. 17
2.4 The Timing Offset MIMO System . . . . . .. ... ... 20
24.1 2 x 2 MIMO System with Timing Offset . . . . . 20
24.2 Mp x Mr MIMO System with Timing Offset . . . 24
2.5 Receiver Design . . . . . . . .. ... L. 26
2.5.1 ZF Receivers. . . . . . . ... ... ... ... .. 27
2.5.2 MMSE Receivers . . . . ... ... ... ... .. 31
2.5.3 Viterbi Algorithm based Receivers . . . . . . . .. 36
2.6 Optimizing the timing offset, =, . . . . .. .. ... ... 37

vi



Chapter 3

Chapter 4

2.6.1 Optimal 7y for 2 x 1 system . . . ... ... ... 37

2.7 Pulse Shape Design for MIMO with Timing Offset . . . . 40
2.8 Simulation Results . . . . .. ... ... ... ..., .. 42
2.8.1 Comparison with OSIC VBLAST . ... ... .. 43
2.8.2 Performance for Various Offsets . . . . . ... .. 45
2.8.3 Performance of Sequence Detection based Receivers 46
2.8.4 Performance of a 3 x 3 system . . . . . ... ... 47
2.8.5 ZF Receivers. . . . . .. .. ... ... ... ... 48
2.8.6 Performance of New Pulse Shaping . . ... ... 49
2.9 Conclusions . . . . . .. .. .. ... 49
NDA SNR Estimation for SISO Systems . . . ... ... ... 53
3.1 Introduction . . . . . . . .. ... ... ... 53
3.1.1 Overview of Prior Work . . . .. ... ... ... 54
3.1.2  Application for Detection of Non-Linearity . . . . 55
3.1.3 Our Contribution . . . . . ... .. ... ..... 56
3.2 Surfbeam System Description . . . . ... ... ... .. 57
3.2.1 Ranging Bursts . . . . ... ... .00 58
3.2.2 Power Control . . . . ... ... ... . ...... 58
3.2.3 Dithering Ranging Bursts . . . . . ... .. ... 60
3.3 System Model . . . . ... ... oo 63
3.4 CRLB Evaluation . . . . ... ... ... ... ...... 64
3.5 EM algorithm based Iterative SNR Estimation . . . . . . 65
3.6 Implementation Issues . . . . .. ... ... ... .... 68
3.6.1 Simpler SNR estimation algorithm . . . .. . .. 69
3.7 Simulation Results . . . . .. ... ... ... ... ... 70
3.7.1 Evaluation of CRLB for SNR Estimation . . . . . 70
3.7.2 EM based estimator. . . . . ... ... ... ... 71
3.7.3 Performance of Non-Linearity Estimation Tech-
NIQUES . . v v v e e e e 74
3.8 Conclusions . . . ... ... ... 76
3.A Appendix: Constellation Points . . . . . ... ... ... 78
3.B Appendix: CRLB for Various Constellations . . . . . . . 78
SNR Estimation for MIMO Systems . . . . . . ... ... ... 80
4.1 Introduction . . . . . . . .. ... ... 80
4.1.1 Overview of Prior Work . . . . . ... ... ... 81
4.1.2  Our Contribution . . . . . .. ... ... ... .. 83
4.2 Notation . . . . . . . .. ... 84
4.3 System Model . . . . . .. ... oo 84
4.3.1 Definition of SNR . . . . . .. ... ... ... .. 85
4.4 CRLB for SNR Estimation . . . . . .. ... ... .. .. 87
4.4.1 Data Aided Model . . . . . ... ... ... ... 87

vii



4.4.2 Non Data Aided Model . . . . . . . . . ... ... 90

4.4.3 Comparison to SISO and SIMO Results . . . . . . 92
4.4.4 CRLB for SNR Estimation with Alamouti Coding 92
4.5 CRLB for Noise Variance Estimation . . . . .. ... .. 94
4.5.1 DA Model with One Parameter . . . . . . . . .. 94
4.5.2 DA Model with My Parameters . . . . ... ... 95
4.5.3 NDA Model with One Parameter . . . . . . . .. 95
4.5.4 NDA Model with Mz Parameters . . . . . . . .. 96
4.5.5 Mixed DA and NDA Model . . .. ... .. ... 97
456 With Random Channel . . . . . . . ... ... .. 97
4.6 Extension to Frequency Selective Channels . . . . . . . . 98
4.7 Estimators for SNR . . . . . . . . . . ... ... .. ... 99
4.7.1 DA SNR Estimation . . ... ... ... ..... 99
4.7.2 NDA SNR Estimation . . . .. ... ... .... 100
4.8 Simulation Results . . . . . . ... ... ... ... ... 103
4.8.1 Estimating MIMO SNR . . ... .. ... .. .. 103
4.8.2 Estimating MIMO Noise Variance . . . . . . . .. 107
4.8.3 DA + NDA Mixed Estimation . . . . . ... ... 110
4.9 Conclusion . . . . . . . . .. .. 110
4.A Appendix: Alternate Derivation of ML DA Channel Es-
timation . . . . . . . .. 112
Chapter 5 Rate Adaptive Non-Orthogonal MT-MFSK . . . . . .. .. .. 115
5.1 Introduction . . . . . . . . . ... ... 115
5.1.1 Overview of Prior Work . . . .. ... ... ... 119
5.1.2 Our Contribution . . . . . . .. ... ... .... 121
5.2 Notation . . . . . . . . . .. 121
5.3 System Model . . . . . .. ... ... L. 123
5.3.1 Transmitter . . . . . .. . . ... ... ... ... 123
5.3.2 Channel Model . . . .. . ... ... ... .... 126
5.3.3 Receivers. . . . . . . . ..o 128
534 FECCoding . . . . ... ... ... ... ..... 134
5.4 System Capacity . . . .. . ... . ... ... ... .. 134
5.5 SNR Estimation . . . . . . . . .. .. ... ... ... .. 136
5.5.1 DA SNR Estimation . . ... .. ... ... ... 137
5.5.2 NDA SNR Estimation . .. ... ... ...... 138
5.6 Simulation Results . . . . . . ... .. ... ... ... . 139

5.6.1 Capacity of non-orthogonal MT-MFSK systems . 139
5.6.2 Non-orthogonal MT-MFSK with Optimal Receivers144

5.6.3 Reduced complexity receivers . . . . ... .. .. 149
5.6.4 SNR Estimation Results . . . . . ... ... ... 152
5.7 Conclusion . . . . . . . 155

viil



5.A Appendix: Configurations for

Non-orthogonal FSK . . . . . ... ... .. ... .... 156

Chapter 6 Conclusions . . . . . . . . ... 159
6.1 Potential Future Research Areas . . . . . . .. ... ... 160

Appendix A Abbreviations . . . . . .. ... 162
Bibliography . . . . . . . 166

X



Figure 1.1:

Figure 2.1:
Figure 2.2:

Figure 2.3:
Figure 2.4:
Figure 2.5:
Figure 2.6:
Figure 2.7:
Figure 2.8:
Figure 2.9:

Figure 2.10:
Figure 2.11:

Figure 2.12:

Figure 2.13:
Figure 2.14:
Figure 2.15:
Figure 2.16:

Figure 2.17:
Figure 2.18:

Figure 3.1:

Figure 3.2:
Figure 3.3:
Figure 3.4:

Figure 3.5:
Figure 3.6:

LIST OF FIGURES

Raised cosine pulse shapes with excess bandwidth, . . . . . . . 4
Reduction of interference power in offset MIMO . . . . . . . .. 18
Interference power for various excess bandwidths and offsets. 0

excess BW leads tono gain . . . . . ... ... ... 19
Sub symbol timing offset: 2 Tx antennas . . . . . . . .. .. .. 20
Cross correlations, pjp and poy . . . . . . ..o 22
Raised cosine pulse: Impact of sampling on IST . . . . . . . .. 23
Block transmission scheme . . . . . . ... ... 0L 27
Condition number changes with block size . . . . . . . . .. .. 29
Trellis connectivity . . . . . . .. ... oo 38
Frequency response of proposed new pulse compared with SRRC

filter . . . . . . 42
Impulse response of proposed new pulse compared with SRRC

filter . . . . . . . 43

Offset MIMO with MMSE Rx compared OSIC VBLAST. (My, Mg) =
(2,2). Modulation: QPSK. Rectangular pulse shaping. . . . . . 44
Offset MIMO with SRRC pulse shaping vs OSIC VBLAST.
(Mp, Mg) = (2,2). Modulation: QPSK. Raised cosine pulse
shaping. . . . . . ... 45
BER performance with various offsets, (M7, Mg) = (2,2). Mod-
ulation: BPSK . . . . . ... 46
Error covariance for one shot and windowed MMSE Rx as a
function of offset. (My, M) =1(2,2) . . . ... ... ... ... A7
Impact of noise whitening on trellis based receivers. (Mr, Mg) =
(2,2). Offset = 0.5Ts. Modulation: BPSK . . . . ... ... .. 48
Performance of a 3x3 system. (Mp, Mg) = (3,3). Modula-
tion:BPSK . . . . .. 49
Optimal ZF receiver outperforms ZF receiver from [83] . . . . . 50
Performance of new pulse shaping, (My, Mg) = (2,2). §=0.25 51
A typical power amplifier curve of output power as a function
of input power . . . . .. .. 59
Remote terminal signal gain setting . . . . . . .. .. ... ... 60
Power settings with and without dither . . . . . . . . .. .. .. 62
Quantized soft decisions: Zones of uncertainties. I/Q axis shown
inred. . . . ... 70
CRLB for NDA SNR estimation. N =100 . . . . .. ... ... 71
MSE performance of EM based NDA SNR estimator compared
to previously published results . . . . ... ... ... ... .. 73



Figure 3.7:

Figure 3.8:
Figure 3.9:

Figure 3.10:

Figure 4.1:

Figure 4.2:

Figure 4.3:
Figure 4.4:

Figure 4.5:
Figure 4.6:

Figure 4.7:

Figure 4.8:

Figure 4.9:

Figure 4.10:

Figure 4.11:
Figure 4.12:

Figure 5.1:

Figure 5.2:
Figure 5.3:

Figure 5.4:
Figure 5.5:

Contours of log likelihood function with estimator trajectory.

Modulation: 16APSK. SNR = 2dB. h=1. ¢> =0.63. ... .. 74
Convergence speed of EM based estimator . . . . . . .. .. .. 75
Performance of different QPSK SNR estimators. N = 398 (110
symbol preamble). . . . . ... 76
CDF of transmit power when compression is detected (relative
toP1dB) . . . .o 7
NCRLB and NMSE for MIMO SNR: NDA and DA. (My, Mg) =
(2,2). N=100.. . . . . . 104
Better initializations speed up EM convergence. Modulation:
QPSK. SNR = BIE — 0dB. (M7, Mp) = (2,2). N = 1000.
Stopping crlterlon = p’p Pl < 0.05% oo 105
Increasing Mp reduces NCRLB Modulation: BPSK. N = 1000.

NDA SNR CRLB. . . ... ... . 106
Increasing My increases NCRLB at low SNRs. Modulation:
BPSK. N =1000. NDACRLB. . . . ... ... ... .. .... 107
NDA CRLB with varying My. Modulation: QPSK. N = 1000.. 108
Previously published SISO results are a special case of MIMO
results, N =100 . . . . . . . . ... .. 109
Gauss Hermite approximations compared to Monte Carlo meth-

ods. Modulation: BPSK. NDA CRLB. N = 1000. (Mp, Mg) =
(2,2). o 110
Noise variance estimation: CRLB and EM based estimators.

(Mp, MR) =1(2,2). . . . . 111
NDA noise variance estimation: Performance of closed form ap-
proximations to ML solution. Modulation: BPSK. (My, Mg) =
(2,2). N=100.. . . . ... 112
DA noise variance estimation: ML estimators achieve MCRLB

for DA model with random channel. Modulation: BPSK. N =

100. . . 113
Log likelihood function has unique maxima . . . . . .. . ... 114
Using all the symbols in a block leads to improvements. Mod-
ulation: BPSK. N = 100. (Mr, M) = (2,2). Es/No =0dB. . . 114
Adaptive coding and modulation (ACM) on shared forward link

with constant symbol rate . . . . . . . ... ... 117
System block diagram for rate adaptive MT-MFSK . . . . . . . 124
Assignment of 2 tones per symbol in an exemplary non-orthogonal
system [red squares indicate tones that are used|. N = 6, Q =

2, K=20,M=15 . . . . . . ... 127
ML detector structure . . . . . . . .. ... 129

Non-orthogonal MT-MFSK increases system capacity in AWGN 135

x1



Figure 5.6:
Figure 5.7:
Figure 5.8:

Figure 5.9:

Figure 5.10:
Figure 5.11:
Figure 5.12:
Figure 5.13:

Figure 5.14:

Figure 5.15:

Figure 5.16:

Figure 5.17:

Figure 5.18:

Figure 5.19:

Figure 5.20:
Figure 5.21:
Figure 5.22:

N = 2; Higher capacities for non-orthogonal MT-MFSK. Non-
coherent channel with unknown phase. . . . . . . . .. ... ..
N = 2; Non-orthogonal MT-MFSK achieves 1 bits/symbol with
~ 3.6dB less E},/Ny. Non-coherent channel with unknown phase. 140
N = 2; Non-uniformly spaced MT-MFSK enables higher spec-

tral efficiencies. Non-coherent channel with unknown phase. . . 141
N = 2; Spectral efficiency in Rayleigh fading channel improves

with non-orthogonal MT-MFSK . . . . .. ... .. ... ... 142
N = 8; Increased capacity with non-orthogonal MT-MFSK . . . 143
N = 8; Performance gain is ~ 2dB at 6 bits/symbol . . . . . . . 144
N = 8; Spectral efficiency in non-coherent channel with un-
known phase . . . .. ... ... 145
N = 2; Non-coherent channel with ML receiver. As SNR in-
creases, spectral efficiency can be increased. . . . . . .. .. .. 146
N = 4; Non-coherent channel with ML receiver. 2 solid lines
indicate orthogonal MT-MFSK. Non-orthogonal MT-MFSK of-

fers more choices. . . . . . . ... 147
N = 4; Non-coherent channel with ML receiver. Performance

gap between orthogonal and non-orthogonal MT-MFSK increases
with M. . ... 148
N = 16; Non-coherent channel with ML receiver. Shows in-
creased granularity of spectral efficiency with MT-MFSK and

the performance gains from using multitone symbols. . . . . . . 149
N = 16; Non-coherent channel with ML receiver and L1-norm
minimization receiver. Performance of multitone symbols. Non-
orthogonal systems outperform all except M = 1820 system. . . 150
N = 8; Performance with 3 different channels. . . . . . . ... 151
N = 8; Performance gain of ~ 2dB with convolutional code and

soft decision Viterbi decoding . . . . . . . ... ... ... ... 152
N = 8; Receiver complexity vs performance tradeoft . . . . .. 153
Data aided SNR estimation. Estimators achieve CRLB. 154
Non-data aided SNR estimation . . . . . . ... ... ... ... 155

xii



Table 1.1:

Table 2.1:
Table 2.2:
Table 2.3:

Table 3.1:
Table 3.2:
Table 3.3:

Table 5.1:
Table 5.2:
Table 5.3:
Table 5.4:

LIST OF TABLES

Summary of contributions . . . . ... ... 000

Common symbols used . . . . . . ... ..o
Square root raised cosine (SRRC) compared to new pulse . . . .
Timing aligned MIMO compared to timing offset MIMO

Constellation points . . . . . . . .. . ... ... ...
CRLB (dB?) for N=100. . . . . . . . .. . i

NCRLB = §&8 for N=100 . . . .. ... ... ... .. ..

Common symbols used . . . . .. ... ..o
Configurations for N =2, N=4 . . . .. .. ... ... .....
Tone to symbol map for N=16 . . . . . . ... ... ... ...
Tone to symbol map for N=8 . . . . ... .. .. ... ... ..

xiii



ACKNOWLEDGEMENTS

I have been incredibly fortunate to have received the support and love of a
large number of people throughout my professional and personal life and while it
will be impossible to acknowledge each one individually, undoubtedly some deserve
special mention.

Special thanks are due to my advisor, Prof. Bhaskar D. Rao. For a part
time student with significant work, travel, and family commitments, it required a
special kind of advisor and in Prof. Rao, I found just that person. Not only did
I get excellent and creative ideas, advise, and timely feedback, but, and equally
important, his patience and understanding of my other commitments were key to
getting me to the finish line. I would also like to thank the rest of my committee
members for their time and involvement and for teaching some of the excellent
courses which taught me the background material required to make progress.

My connection to UCSD would never have taken off had it not been for
the late Magnus Almgren who got me involved with CallT2. Magnus’ insight,
creativity, and brilliance are sorely missed. Thanks also to Prof. Ramesh Rao
who allowed me the freedom to explore and play around in CallT2, to Arnold,
Josh, and to Prof. Bill Hodgkiss and Prof. Pankaj Das for navigating through the
bureaucracy and letting me teach at UCSD. I am indebted to all my teachers and
my undergraduate professors and especially to Prof. John Molinder for opening
the door to the world of digital communications for me.

[ am very grateful to ViaSat Inc., for not only providing financial support,
but also for allowing a very flexible schedule. I've been fortunate to be able to work
with, and learn from, very talented engineers at ViaSat. In particular, the exem-
plary vision and technical acumen of Mark Miller, an inspiration for me, deserves
special mention. Thanks are also due to MarkD, Steve Hart, Don Becker, Rich
Lindstrom, Simon, Kristi, Dave, Tim, Nirmal, Girish, Marc, my many supervisors,
to Kevin, Shameem, Cliff, Mark, Andrew, Clarice, Navdeep, Brian, Veena, Bill,
Gina, Sandeep and everyone else on the incredible Surfbeam team.

The chapters of this dissertation have been adapted from works that have

been published or have been submitted for publications and I am grateful for the

Xiv



contribution of my co-authors and reviewers.

e Chapter 2 is adapted from “MIMO Systems with Intentional Timing Offset,”
Eurasip Journal on Advances in Signal Processing, 2011, and “Impact of
Receiver Structure and Timing Offset on MIMO Spatial Multiplexing,” IEEE
9th Workshop on Signal Processing Advances in Wireless Communications,

SPAWC 2008, both papers by A. Das and B.D. Rao.

e Chapter 3 has been adapted from a) A. Das and M. Miller, “Remote non-
linearity detection via burst power dithering and EM based SNR Estima-
tion,” International Workshop on Satellite and Space Communications 2007,
(IWSSC 2007), b) A. Das, “NDA SNR estimation: CRLBs and EM based
estimators,” IEEE Region 10 Conference, TENCON 2008 and c¢) from the
work behind US Patent 7,894,510, issued July 05, 2011.

e Chapter 4 has been adapted from A. Das and B. D. Rao, “SNR and Noise
Variance Estimation for MIMO Systems,” IEEE Transactions on Signal Pro-
cessing, August 2012.

e The contents of Chapter 5 have been submitted for consideration of publica-

tion to the IEEE Transactions of Signal Processing.

My friends have always enriched my life and 1T am grateful to be able to
count many talented and wonderful people as my friends. Dhananjay, Kamesh,
Mayur, Rohit, Muthu, Kaushik, Basundhara, Kiran, Venkat, Niraj, Devavrat,
Matt, Deny, Cheryl, Allison, Tom, Ratul, Rajarshi, Rakhee, Arnab, Nilim, An-
tar, Esha, thanks for the memories and the friendship. The “desigurus”, and es-
pecially Reshmi, Pushkar, Chhipli, Dhruba, Piu, Tuku, Atish, Malabika, Rajesh,
Muniya, Bidhan, Swapna, Soumitra, Lali, Chumki, Bappa, Debra, Madhumita,
and their talented kids provided the closest replacement one can find to an ex-
tended family — you are the best! The Saikat family of San Diego, and especially
Mahasweta, Sandip-da, Pradip-da, Chandana-di, Aloke Raj, Sharmila, Pijush-da,
Indrani-di, Muthya, Bishwaroop, Easeeta-di, Siddhartha-da, Avijit-da, Gauri-di,
Gargi, Kaushik, Shweta, Badri, and LA’s Rakhi and Arup never failed to open their
hearts and homes, always brightening up a weekend. Thanks to Rajo, Bappa, Ana,

XV



Sanjay, Arijit, Praveen, Sokuba, Imti, Shamik, Dhuju, Debdeep, Saugata, Baloo,
Dadu, Debajyoti, Alfi, Sauvik, and the rest of SJC94, for still finding all those
jokes funny.

Throughout my life, I had the fortune of having a very supportive fam-
ily and I owe so much to so many. I am extremely grateful to my uncle Dev
Purkayastha, without whose generosity I would probably never have come to the
US; to my uncle Dipankar Purkayastha who invariably found help for me to finish
my college applications in an era when I didn’t know much about computers; to
my aunts and uncles Jharna & Mohit Dutta Roy, Aparna & Ronen Dam, and
Naina whose love and generosity were omnipresent. Some of them are sadly no
longer around to see this day, but whose impact on my life is unquestionably pro-
found. My late grandparents served as beacons of inspiration, one of whom was
an engineer, and the other, a widowed single mother who was a successful high
school principal in an era when her gender all but precluded her from success. |
am incredibly thankful to many more: mamas, mashis, jethi, kaku, kaki, chhor-
damoni, chordimoni, dadamoni, didimoni, my cousins, Pratima-didi and so many
others. Invariably I have left out some, and for that, I apologize. They formed the
incredible tableau that is my family and while it is not often that I say thanks,
from an early childhood, my entire family inspired me to strive for the best and I
am very grateful for the role models, the sense of place and history, and support
and love I've always received.

The PhD journey has been made that much nicer due to the support and
love of my wife, Lopa. Paradoxically, she ensured that research wasn’t the sole
focus of my life. Her creative thinking, willingness to challenge the conventional,
and sense of aesthetic have added new dimensions to my life. Hopefully the end of
this journey is the beginning of many others, and we shall have more time to look
up and wonder at M31, climb more pyramids, and snorkel in more exotic places.
I also owe Lily a ton of thanks for never failing to stay up nights with me; she
probably knows more about this material than I will ever know.

It will be futile even to try to enumerate the reasons for which I am grateful

to my parents. This work is as much their achievement as it is mine.

Xvi



VITA

1998 Bachelor of Science, Engineering, Harvey Mudd College,
Claremont, California

2000 Master of Science, Electrical Engineering, Stanford Univer-
sity, Stanford, California

2013 Doctor of Philosophy, Electrical Engineering (Communica-
tions Theory and Systems), University of California, San
Diego, La Jolla, California

PUBLICATIONS

A. Das and B. D. Rao, “SNR and Noise Variance Estimation for MIMO Systems,”
Signal Processing, IEEE Transactions on, August 2012.

A. Das and B. D. Rao, “MIMO Systems with Intentional Timing Offset,” Eurasip
Journal on Advances in Signal Processing, 2011.

A. Das, “NDA SNR estimation: CRLBs and EM based estimators,” TENCON
2008. TEEE Region 10 Conference, 2008, pp. 1-6.

A. Das and B. D. Rao, “Impact of Receiver Structure and Timing Offset on MIMO
Spatial Multiplexing,” in Signal Processing Advances in Wireless Communications,
2008. SPAWC 2008. TEEE 9th Workshop on, 2008.

A. Das and J. Ng, “NDA SNR Estimation for 32APSK in AWGN,” in Signal
Processing Advances in Wireless Communications, 2008. SPAWC 2008. TEEE 9th
Workshop on, 2008.

B. D. Rao and A. Das, “Multiple Antenna Enhancements via Symbol Timing
Relative Offsets (MAESTRO),” in Personal, Indoor and Mobile Radio Communi-
cations, 2007. PIMRC 2007. IEEE 18th International Symposium on, 2007, pp.
1-5.

A. Das and M. Miller, “Remote non-linearity detection via burst power dither-
ing and EM based SNR Estimation,” Satellite and Space Communications, 2007.
IWSSC 2007. International Workshop on, Sept. 2007. Best Paper Award
Winner.

A. Das, “Enhancing capacity of a satellite broadband system via adaptive cod-
ing and modulation,” 24th ATAA International Communications Satellite Systems
Conference, ICSSC, 2006, p 532-538

XVil



Z. Cao, A. Das, K. P. Liolis, M. Almgren, and B. D. Rao, “System level design
methodology for wireless MIMO prototyping,” in Radio and Wireless Symposium,
2006 IEEE, 2006, pp. 67-70.

PATENTS

A. Das, B. Collins, “Adaptive satellite return link symbol rate determination,”
U.S. Patent number 8,493,877, July 23, 2013.

M. Miller, T. Eidenschink, A. Das, “MIMO satellite system,” U.S. Patent number
8,130,693, March 6, 2012.

M. Dankberg, A. Das, “Scalable satellite deployment,” U.S. Patent number
8,005,034, August 23, 2011.

M. Dankberg, A. Das, M. Miller, C. Pateros, “Multi-antenna satellite system with
wireless interface to vehicle,” U.S. Patent number 7,974,571, July 05, 2011.

M. Miller, A. Das, R. Fitting, “Remote non-linearity detection via burst power
dithering,” U.S. Patent number 7,894,510, February 22, 2011.

PROFESSIONAL APPOINTMENTS

2003-Present, ViaSat Inc., Carlsbad, CA
2002-2003, Trellisware Technologies Inc., San Diego, CA

2000-2002, Siliconwave Inc., San Diego, CA

xviil



ABSTRACT OF THE DISSERTATION

Optimizing symbol timing, frequency spacing, and SNR estimation for
communication systems

by

Aniruddha Das

Doctor of Philosophy in Electrical Engineering (Communication Theory and
Systems)

University of California, San Diego, 2013

Professor Bhaskar D. Rao, Chair

This dissertation presents techniques to improve the performance of both
coherent as well as non-coherent wireless communication systems via optimizing
symbol timing, frequency spacing and by making efficient SNR estimations. We
show that some of the design choices made in traditional systems are not optimal
and demonstrate the gains that may be achieved by making unconventional, but
judicious, choices for these parameters.

We start in the area of coherent multi-antenna communications where we
introduce an offset between the symbol boundaries of the transmitted waveforms

from the different antennas and show that this improves performance in comparison
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to the traditional symbol aligned transmission. For this modified system, we derive
various optimal receivers such as maximum likelihood (ML), best linear unbiased
estimator (BLUE), minimum mean squared error (MMSE), and zero forcing (ZF)
receivers and show that they outperform the equivalent receiver for the system
with aligned symbol boundaries. In some system configurations, the performance
gain is close to 2dB. The design methodology for a new symbol pulse shape that
increases the performance even more is also presented.

Next, we extend the study of SNR estimation from the previously published
results of a data aided (DA) single antenna system to the non-data aided (NDA)
model and also to systems with multiple antennas (MIMO). In both these cases,
we have derived the Cramér-Rao lower bound (CRLB) as well as ML estimators
that achieve or perform very close to the CRLB. For MIMO systems we define the
SNR and then derive the CRLB and the ML estimators for both the DA as well as
the NDA data model. We show that previously published results for single antenna
systems are a special case of our general solution. The proposed SNR estimation
techniques are demonstrated in a patented algorithm to detect the onset of non-
linearity in a remote transmitter by dithering the power of transmitted bursts and
estimating the difference in the received SNR.

For non-coherent systems we show that the performance of multi-tone M-
ary frequency shift keying (MT-MFSK) modulation may be significantly improved
if, instead of the usual choice of mutually orthogonal tones, non-orthogonal tones
are used. In some system configurations, the proposed system can lead to a 4-fold
increase in system capacity. The channel capacity, as well as the performance
gains of systems using practical receivers such as ML, least squared (LS) error, and
compressed sensing (CS) are demonstrated for both flat and frequency selective
channels. Many more choices of spectral efficiency are achievable by the non-
orthogonal system, thus enabling the system to adapt to changing link SNR and
send data at the optimum spectral efficiency. In order to make this practical,
we derive the CRLB and ML estimators for SNR estimation for non-orthogonal
MT-MFSK in both the DA as well as the NDA data model.



Chapter 1
Introduction

The digital lifestyle of the 21st century, with ubiquitous computing, has
fundamentally changed the way people think about Internet connectivity. People
expect to be able to connect to cheap, reliable, high speed broadband networks
not only from the comfort of their homes, but also from fast moving planes, trains,
boats etc. This expectation of constant connectivity is no longer confined to tra-
ditional computers and laptops, but has also extended to include mobile phones,
televisions, tablets, and other everyday home appliances. This “always on” lifestyle
has brought about an explosion of data that is transmitted through our commu-
nications networks. Cisco, a major network equipment company, estimates that
“globally, mobile data traffic will grow 13-fold from 2012 to 2017, a compound an-
nual growth rate of 66%,” and that “annual global IP traffic will pass the zettabyte
threshold by the end of 2016.”*

With the growing scarcity and increasing expense of available spectrum, the
challenge for the engineering community is to develop systems that will allow this
hunger for data to grow unabated in the years ahead. At the physical layer, some
key innovations that address this challenge include modulation and coding that
operate close to the theoretical Shannon limits, higher dimension signals using
multiple antennas, and high capacity satellite systems that solve the last-mile

problem. This dissertation attempts to take another step towards this never ending

1Cisco Systems: Zettabyte = 102! bytes. http://www.cisco.com/en/US /solutions/collateral/
ns341/1s525 /18537 /ns705 /ns827 /VNI_Hyperconnectivity WP.pdf



goal of increasing the efficiency and performance of our communication systems.
We propose techniques that will significantly improve the performance of
both coherent as well as non-coherent systems by judicious, but unconventional, use
of symbol timing and frequency spacing. We also demonstrate theoretical lower
limits for SNR estimation and derive efficient practical estimators that achieve
these limits. The proposed SNR estimation techniques are demonstrated in an

innovative application to detect the onset of compression in a transmitter.

1.1 Coherent versus Non-Coherent Systems

Communication systems may be classified into two broad groups based on
the amount of information that the system uses about the channel through which
the signal propagates. The wireless communication channel can impose gain and
phase uncertainty to the transmitted signal amongst other possible distortions
in the time and frequency domains [89], [74], [85]. At one end of the spectrum,
receivers are assumed to know the channel perfectly. This is known as coherent
communications with full channel knowledge as discussed in Chapter 3 of [89].
At the other end of the spectrum, receivers are assumed to operate blindly and
make no attempt to learn about the channel. This is known as non-coherent
communications. Within the class of non-coherent communications, often, it is
easier to estimate the channel gain than the channel phase and so one sub-class
of non-coherent communications assumes the knowledge of channel gain, but not
that of phase as discussed in Chapter 5 of [85]. This is a reasonable assumption
since channel phase can change quickly due to numerous reasons and hence, may
be hard to estimate. First, the oscillators in the communication chain could have
excessive phase noise — common especially in systems where it is required to use
cheap oscillators. Second, as mobile terminals move, the propagation distance of
the signals change and even very small changes in propagation distance or time,
can lead to big changes in the phase of the signal. Consequently maintaining
phase synchronization in high data rate systems with high mobility is a significant

challenge and often some receivers choose to operate without trying to achieve



phase synchronization.

In the following chapters we shall be discussing both classes of communica-
tion systems. We start by discussing coherent communications in Chapter 2, and
we end with non-coherent communcations in Chapter 5. In between, in Chapters
3 and 4 we deal with systems where the receivers attempt to estimate the channel
(with and without phase and gain uncertainty) in order to estimate the SNR of

the link.

1.2 MIMO Systems with Offset Symbol Bound-

aries

One of the most promising innovations at the physical layer of communi-
cation systems has been the use of multiple antennas at both the transmitter as
well as at the receiver. Popularly referred to as multiple input, multiple output
(MIMO) systems, under certain conditions, such systems are able to significantly
increase the capacity of the channel [89], [71]. Even though, theoretically speak-
ing, this allows for an infinite expansion of channel capacity, practical restrictions
imposed by the operating environment and device size limitations ensure that the
gains, though significant, are limited. MIMO systems are now a part of many
wireless standards such as LTE.

In these MIMO systems, especially when a single carrier system is used, the
usual design choice is to align the transmit symbol boundaries of the signals from
the various transmit antennas. In order to limit the transmit signal energy to the
bandwidth of interest while reducing inter symbol interference (ISI), typically the
transmit waveform is pulse shaped with square root raised cosine (SRRC) filters
with non-zero excess bandwidth. The frequency response of some raised cosine
filters with excess bandwidth is shown in Fig. 1.1. The minimum bandwidth

required to transmit signals while meeting the Nyquist criterion is from —% to
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bandwidth”.
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where T is the symbol duration, however, practical systems use some “excess
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Figure 1.1: Raised cosine pulse shapes with excess bandwidth, 3.

the theoretical minimum (the Nyquist bandwidth) that is required to transmit
the waveform and is usually expressed as a fraction. This excess bandwidth leads
to some exploitable inefficiencies. In Chapter 2 we show that by intentionally
introducing a known non-zero relative offset between the transmit waveforms, per-
formance gains may be obtained.

The signal at any receive antenna in a MIMO system is a linear combi-
nation of the transmit signals from all the antennas, each one weighted by its
corresponding channel gain. Consequently, assuming equal average channel gains
for the various paths, the receiver receives the various transmit signals, on average,
at equal power. With aligned symbol boundaries, the optimal sampling time (at
the receiver) for all the transmit signals is the same, thus the average received
power of the signals from all the transmit antennas is the same. We refer to this
interference power of the various transmit signals interfering with each other at the
receiver as the inter antenna interference (IAI) power. Another source of degra-

dation is inter symbol interference (ISI) where, due to imperfect timing recovery



or perhaps due to the presence of multiple propagation paths, the symbol energy
is spread over multiple symbol intervals. Due to the use of Nyquist pulse shaping
and symbol timing recovery loops that typically are close to perfect, ISI power is
typically quite low.

By offsetting the transmit symbols relative to one another, we can reduce
the TAI while increasing the ISI since the optimal sampling points of the various
transmit symbols are no longer synchronized. This is shown in Fig. 2.1 in Chapter
2. We show that an advanced receiver can utilize this information to extract
significant performance gains. The ISI converts a memoryless modulation like M-
ary phase shift keying (MPSK) to one with memory. Thus, not only are single
shot receivers (receivers which decide on a transmit symbol by only observing
the corresponding received symbol) useful, but also sequence detection receivers
(receivers which decide on a transmit symbol, by observing a sequence of received
symbols) are also useful. We demonstrate the performance with different kinds of
receivers including zero forcing (ZF), minimum mean squared error (MMSE), and
sequence detection based maximum likelihood (ML) receivers.

The design of Nyquist pulse shapes has been studied for a long time but the
focus has usually not been on reducing the interference power at specific symbol
offsets. This is only to be expected since these pulse shapes are used either in point
to point systems or in symbol aligned MIMO systems and these systems do not
gain by reducing the signal power at specific offsets. However, in our case, if we
include this additional constraint of reducing the signal power at specific symbol
offsets we can improve the performance even further. In Chapter 2 we outline
and demonstrate a methodology to design such pulse shapes and show additional

improvements.

1.3 NDA SNR Estimation for SISO Systems

In most communication systems, certain parameters have to be periodically
estimated in order to optimize or adapt the performance of the system. One of

the key parameters of interest is the signal to noise ratio (SNR). For most point to



point systems, SNR is defined as the ratio of the received signal power to the noise
power measured in the same bandwidth. For signal constellations normalized to
unit transmit power, this is equivalent to the ratio of the channel gain to the noise
power. One of the most common applications of SNR estimation is in adaptive
coding and modulation. In this technique, the link’s SNR is used to vary the
coding and modulation of the signaling between the transmitter and the receiver.
There are numerous other applications of SNR estimation such as turbo decoding,
network monitoring and control etc.

The field of SNR estimation can be broadly split into two distinct areas —
data aided (DA) and non-data aided (NDA) SNR estimation. In the DA system
model, the transmitted symbols are assumed to be perfectly known while in the
NDA model, only the symbol constellation is assumed to be known, but not the
transmitted symbols. DA SNR estimation for single input single output (SISO)
systems have been studied for a long time and both the theoretical lower bounds
as well as estimators that achieve (or come very close to) the theoretical lower
bounds are well established. In this regard, the Cramér-Rao lower bound (CRLB),
which is the lowest variance that any unbiased estimator may achieve (subject to
some regularity conditions) is a common metric of comparison.

Although DA SNR estimation has been well studied, NDA SNR estimation
had not been studied in depth until recently. Although a few specific cases (e.g.,
BPSK and QPSK modulation) had been studied, until recently the general solution
for different modulations was unknown. In chapter 3 we present the CRLB for NDA
SNR estimation for single antenna SISO systems for various modulation schemes.
The technique presented is very general and can be easily adapted to any digital
modulation. We also develop an iterative ML estimator using the expectation-

maximization (EM) algorithm that performs very close to the CRLB.

1.3.1 NDA SNR Estimation for Remote Non-Linearity De-

tection

The techniques developed for NDA SNR estimation are also applied to the

problem of detecting the onset of non-linearity in a transmitter. Most communica-



tion schemes using a non-constant envelope modulation scheme need to operate in
the linear region of their transmit power amplifiers in order to prevent distortion
as well as to lower adjacent channel interference from spectral regrowth. Thus, a
key task of many power control schemes is to determine when a terminal’s power
amplifier is entering or operating in the non-linear region.

In Chapter 3 we present an innovative patented scheme that dithers the
transmit power of its transmitted bursts on a symbol by symbol basis. Thus e.g.,
the even numbered symbols could be transmitted at a higher power than the odd
numbered symbols for a particular burst. An alternate dithering pattern could
transmit the first half of the burst at a higher power than the second half. The key
point is that a differential power profile is introduced in the digital constellation
(before the power amplifier), while keeping the total transmit power of the burst
the same. In a perfectly linear system, the received SNR difference between the
high power region and the low power region would be identical to that of the
transmitted power difference. However, as the system enters compression, the
difference between the received SNR for the two different power regions is reduced.
This can be used as a metric to predict whether the power amplifier is entering its
non-linear region and is discussed in more depth in Chapter 3.

In order to ensure accurate estimation, iterative ML estimators that ap-
proach the CRLB bound are employed. We not only present the implementation
of the iterative algorithm but we also present simpler to implement algorithms that
can be efficiently implemented on digital hardware such as field programmable gate
arrays (FPGA). The techniques described in Chapter 3 have been implemented and

have been deployed on a real network with close to 1 million users.

1.4 SNR Estimation for MIMO Systems

After presenting the results for NDA SNR estimation for SISO systems and
applying it to the problem of detecting transmitter non-linearity in Chapter 3,
we generalize the solution to multiple input, multiple output (MIMO) systems in

Chapter 4. The generalization is not only in expanding the number of antennas



in the transmitter and receiver, but in considering a complex valued channel and
presenting an extension that may be applied to frequency selective channels.

For MIMO systems, SNR estimation is more complicated since there is no
unique definition of SNR. The received signal at the receiver of any MIMO system
is expected to contain the linear mixture of the multiple transmitted signals. Thus,
there is no unique definition of signal power. One may define an SNR for each pair
of transmit-receive antenna where the signal power is regarded as the received
power of the signal transmitted only from the transmit antenna in consideration.
This leads to as many SNR parameters as there are combinations of transmit and
receive antennas (i.e., the product of the number of received antennas and the
number of transmit antennas). Another definition could define signal power as the
total power of all the signals received at a receive antenna. There can be other
definitions of signal power as well.

In Chapter 4, we chose to define the SNR for MIMO systems as the ratio
of the Frobenius norm of the channel to the noise power. One of the primary
motivations for this definition is in its simplicity and aesthetic appeal since this
general form resolves to the usual definition of SNR for single antenna systems
if the number of antennas is set to one in the formulations. Thus, the formal
expressions derived in Chapter 4 are generalized versions of the single antenna
results and we show that the previously published results are special cases of our
general formulation. The second motivation for this definition is that this form
shows up in well known equations for calculating the MIMO capacity, analogous
to the role of the single antenna SNR in the well known equation for Shannon’s
channel capacity formula.

Using this general definition, in Chapter 4, we derive the CRLB and ML
estimators for both NDA and DA SNR estimation for MIMO systems. We derive
closed form expressions in the DA model, closed form expressions that are valid
over specific ranges of SNR in the NDA model, and also numerical results for the
NDA model that are valid for all SNRs. Our derivations assume a channel with
complex gain which is a distinction from previous works some of which worked in

the less general domain of a real valued channel gain. The ML estimators derived



are shown to operate very close to the CRLB for all SNRs of practical interest.

1.5 Rate Adaptive Non-Orthogonal MT-MFSK

The improvements discussed thus far pertain to the arena of coherent com-
munications. In coherent communications, the channel is either estimated or as-
sumed to be known at the receiver. In many practical instances, however, channel
estimation is futile. As discussed in Sec. 1.1, even if the channel gain changes
slowly and can be estimated, maintaining phase coherence may not be possible.
Such communication systems typically use non-coherent communication techniques
where it is assumed that the channel phase and sometimes the entire channel is
unknown at the receiver.

For non-coherent communications, orthogonal signaling, e.g., M-ary fre-
quency shift keying (MFSK) has been the de facto standard for about 50 years.
Apart from the simplicity of the form of the optimal receiver in non-coherent sys-
tems, MFSK has an additional advantage of having a constant envelope transmit
signal. This leads to cheaper implementation costs. Although MFSK using or-
thogonal tones is very useful in non-coherent channels, its major disadvantage is
its low spectral efficiency. To maintain orthogonality, the minimum separation of
the tones is required to be equal to the symbol rate of the system. This leads
to a maximum spectral efficiency of single tone MFSK of just over 0.5 bits/s/Hz.
Modern communication systems typically have spectral efficiencies that are signifi-
cantly higher. To overcome this deficiency, multi-tone (MT-MFSK) systems where
each symbol consists of multiple simultaneous orthogonal tones have been recently
proposed.

In Chapter 5 we show that if non-orthogonal tones are used instead of or-
thogonal tones in MT-MFSK systems, and if the mapping of tones to symbols
is intelligently carried out, then non-orthogonal MT-MFSK outperforms orthogo-
nal tone MT-MFSK. We demonstrate this performance gain for various practical
configurations in both flat fading as well as frequency selective fading channels.

By calculating the channel capacity we demonstrate that the improvement is
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a fundamental characteristic of the non-orthogonal transmission scheme proposed
and at specific operating points the spectral efficiency can improve well over 3dB.
This is usually well worth the incremental increase in implementation complexity
and cost due to the use of a multi-tone waveform.

For practical configurations, we derive optimal maximum likelihood (ML),
least squared error (LS), and compressed sensing (CS) receivers. For flat fading
non-coherent channels with only an unknown phase, we show that the form of
the ML receiver is very similar to that of the equivalent receiver for orthogonal
MT-MFSK. These ML receivers perform poorly when the channel is frequency se-
lective and so we develop the LS receiver which is more appropriate when each of
the transmitted tones have a different phase uncertainty. Compressed sensing is
becoming popular as a way to solve underdetermined systems that have a sparse
solution with less complexity than the ML receiver. Since our system has nu-
merous possible transmit tones, of which only a small minority are transmitted
simultaneously, the solution we seek is sparse, thus falling directly into the ambit
of compressed sensing.

In addition to outperforming the equivalent orthogonal tone MT-MFSK, the
proposed non-orthogonal system offers the designer considerable more flexibility,
thus allowing modulations of different spectral efficiencies to have the same symbol
rate. For a system with fixed bandwidth and symbol rate, orthogonal tone MT-
MFSK functions within the constraints of limited combinatorial choices which
sometimes results in very few design choices. As an example, with 2 orthogonal
tones, the designer has no flexibility to increase the spectral efficiency since there
can at most be 2 symbols. Adding more orthogonal tones would either increase the
bandwidth (with constant symbol rate) or decrease the symbol rate (with constant
bandwidth). The same bandwidth could, however, be occupied by any arbitrary
number of non-orthogonal tones (while keeping the symbol rate unchanged), and an
appropriate subset of symbols chosen depending on the desired spectral efficiency.
With 4 orthogonal tones, the designer has only 2 choices — to send 1 tone per
symbol (which results in 4 symbols) or to send 2 tones per symbol (which results in

6 symbols). In contrast a non-orthogonal system operating in the same bandwidth,
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could use a constellation with any desired number of symbols at the same symbol
rate.

This flexibility allows us to introduce the concept of adaptive coding and
modulation to the world of non-coherent MFSK modulation. Using this scheme,
e.g., a MFSK modulated waveform shared between various users each with a dif-
ferent link SNR could have significantly higher overall spectral efficiency since the
data for each user could be modulated at the spectral efficiency that is appropriate
for each user. In order to make this achievable, we have also derived SNR estima-
tion techniques for non-orthogonal MT-MFSK. We derive both the CRLB as well
as ML estimators for both NDA and DA SNR estimation for MT-MFSK.

1.6 Contribution Summary

The contributions in this dissertation have been summarized in Table 1.1:

Table 1.1: Summary of contributions

Chapter Contributions

Chapter 2 Proposed a MIMO system with offset symbol boundaries.
Derived optimal receivers for offset MIMO system.

Proposed new pulse shape design technique that is appropriate
for an offset MIMO system.

Chapter 3 Derived CRLB for NDA SNR estimation for SISO systems.
Derived iterative ML estimator based on the EM algorithm that
achieves the CRLB for all practical SNRs.

Proposed technique to detect non-linearity at a remote trans-
mitter.

Proposed computationally simple algorithm that may be easily
implemented on an FPGA.

Chapter 4 Proposed a new definition of SNR for MIMO systems.

Continued on next page
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Table 1.1 — continued from previous page

Chapter

Contributions

Chapter 5

Derived NDA and DA CRLB for MIMO SNR estimation.
Derived closed form ML estimators for DA MIMO SNR estima-
tion.

Derived CRLB and estimators for noise variance of MIMO sys-
tems.

Derived NDA ML estimators for MIMO SNR estimation based
on EM algorithm.

Proposed a new MT-MFSK scheme that utilizes non-uniformly
spaced non-orthogonal tones.

Derived optimal receivers for proposed MT-MFSK scheme for
frequency selective and frequency flat fading channels.

Derived channel capacity for proposed scheme for coherent and
non-coherent channels.

Derived expression for symbol error rate for proposed scheme
for non-coherent channels.

Proposed techniques for computationally tractable receivers us-
ing CS techniques.

Derived CRLB for DA and NDA SNR estimation for non-
coherent MT-MFSK.

Derived ML estimators for SNR estimation for DA and NDA

system models.




Chapter 2

MIMO Systems with Offset

Symbol Boundaries

2.1 Introduction

Ever since some of the pioneering research done at Bell Labs in the last
decade of the 20th century, multi antenna systems have been one of the most
exciting new frontiers of research at the physical layer of communication sys-
tems [71], [89]. The use of multiple antennas at the transmitter and/or receiver
opened up the prospect of leveraging the additional dimension of space to in-
crease the performance substantially in very fundamental ways. Most modern
wireless communication standards such as 3GPP LTE, IEEE 802.16 (WiMax),
[EEE 802.11n and others incorporate multi antenna communications. These mul-
tiple antenna systems are also known as space-time communication systems or
multiple input, multiple output systems.

In multiple input multiple output (MIMO) communication systems, typi-
cally the transmitters are all collocated and the system is designed such that the
symbol boundaries are aligned at the transmitters and, if the path between the
transmitters and the receivers have the same path delay, also aligned at the re-
ceivers. It has been shown in [100] that, under the assumption of a richly scattered

environment, such a system can lead to very high spectral efficiencies.

13
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Practical communication systems typically use pulse shaping such as the
square root raised cosine (SRRC) to limit the bandwidth occupied by the signal
[74], [43], [55]. These pulses typically have an “excess bandwidth” which is usually
denoted by a factor 0 < g < 1. The presence of excess bandwidth was used
to improve performance in a fractionally sampled orthogonal frequency division
multiplexing (OFDM) system in [88] where the cause of gain is similar to that

discussed here, even though the system under consideration is very different.

2.1.1 Overview of Prior Work

We showed some preliminary results and demonstrated that significant gains
could be obtained via a system with intentionally offset transmissions in [77].
Independently, and at about the same time, Shao et al. also presented a similar
MIMO scheme with sub-symbol timing offsets between the transmitted signals
[84], [83] and Wang et al. presented a frequency domain equalization scheme for
MIMO OFDM with intentional timing offsets in [94]. The contents of this chapter
is a modified version of our works, [34], [33], where we showed that contrary to
previously published results by Shao et al., the offset scheme is superior for all
block sizes. More recently, the capacity of MIMO systems with asynchronous
pulse amplitude modulation (PAM) was studied in [6] where the authors show
that offset transmission schemes increase the capacity of MIMO systems.

Delay diversity schemes for transmission, proposed previously (see e.g., [99]
and [87]), might appear to be similar to the proposed scheme since those schemes
also involve offset transmission. However, there are a couple of significant differ-
ences. First, delay diversity transmit schemes aim to increase the spatial diver-
sity by transmitting the same, or precoded data stream, whereas in our proposed
scheme, independent streams are transmitted from the different antennas preserv-
ing maximum spatial multiplexing gain. Second, in delay diversity schemes, the
delays introduced are typically of a symbol duration or longer, whereas, the inter
transmitter timing offset here is of a sub-symbol duration. Recent standards such
as the IEEE 802.11n as well as 3GPP LTE have included cyclic delay diversity
(CDD), as a modification of delay diversity techniques proposed by [99]. These
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are typically applied in conjunction with an OFDM scheme and so even though
the delays could be a fraction of an OFDM symbol, these techniques are generally
presented as a precoding scheme designed to increase the inherent diversity of the
channel [25]. In our case, the intent of introducing the offset between the different
transmit antennas in a single carrier system is to reduce the inter antenna interfer-
ence (IAI) and introduce inter symbol interference (ISI) in the modulation while
maintaining maximum spatial multiplexing gain.

In MIMO systems with multiple transmit antennas the signals transmitted
from the different transmitters interfere with each other at each receive antenna
resulting in TAIL In the absence of perfect Nyquist pulse shaping (or due to timing
offset), ISI is introduced. Thus, there are two sources of impairment, IST and TAI,
that are distinct and each one leads to a degradation in performance. In traditional
aligned systems with Nyquist pulse shaping, there is little to no ISI, but on average,
the TAI power is the same as that of the desired signal. In this chapter we show
that by offsetting the transmit symbols relative to each other the TAI power can
be reduced. In addition, we show that by using a different pulse shape that trades
off IST with the TAI, gains may be achieved practically for free. Although there is a
large volume of prior research in the design of quasi zero ISI practical pulse shapes
that conform to various criterion such as spectral mask requirements, robustness
to timing jitter, peak to average power ratio etc. (e.g., [9,44,51,64,70,74] and
references therein), to our knowledge, this is the first time that pulses have been

designed with this criterion of lowering the IAIL

2.1.2 Owur Contribution

To summarize, the contributions in this chapter are the following: We
demonstrate the practical gains that may be achieved in a single carrier MIMO
system by intentionally introducing a sub-symbol delay offset between the trans-
mitted waveforms. We show the performance of zero forcing (ZF), minimum mean
squared error (MMSE) and sequence detection based receivers with SRRC pulse
shapes and show that the performance is always better than that of the corre-

sponding traditional MIMO system with timing aligned transmission, contrary to
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previously published research (for more details, see Section 2.5.1). We also intro-
duce a novel new pulse shape that lowers the energy at half symbol offsets, thus
reducing the TAI and improving performance.

This chapter is organized in the following sections. In Sec. 2.3 we present an
intuitive rational behind the superior performance of MIMO systems with timing
offsets. Then, in Sec. 2.4, we present the analytical system model. In Sec. 2.5
different receiver structures are discussed. A novel pulse shape design criterion is
given in Sec. 2.7 following which simulation results are presented in Sec. 2.8 before

concluding.

2.2 Notation

The notation adopted is as follows: Lower case boldface indicates a vector
quantity, as in a. A matrix quantity is indicated by upper-case boldface as in A.
Some of the most widely used symbols used throughout this chapter are tabulated
below. The rest of the variables will be defined as and when they appear.

Table 2.1: Common symbols used

Symbol Definition Comments

6] Excess bandwidth of Nyquist Real scalar, 0 < g <1
pulses

Ty Symbol duration Real scalar

tx Transmitter

IX Receiver

1 Time index Discrete, positive integer

Tk Offset of symbol boundaries of Real scalar, 0 < 7, < T§
tx k relative to tx 0

Mp Number of transmitters Real scalar

Mg Number of receivers Real scalar

Continued on next page
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Table 2.1 — continued from previous page

Symbol Definition Comments
i Complex channel gain between Complex scalar
J-th tx and k-th rx
H; hyj for entry in j-th row, j-th  Complex diagonal Mp x Mrp
column. 0 otherwise matrix
Vili] i-th group of My outputs at the  Complex, My x 1 vector
k-th receiver
br[1] i-th transmitted symbol from Complex, scalar
k-th tx
ny|[i i-th noise vector at k-th rx Complex, My x 1 vector
Ry E[xy'], E[x] = E[y] =0 Covariance matrix of x and y
E() Expectation operator n/a
O Hermitian operator n/a
Of Transpose operator n/a
I Identity matrix of size k x k n/a
T Pseudoinverse operator n/a
Quant|() Quantization operator Thresholds soft decisions to

nearest constellation point

2.3 DMotivation behind Timing Offset

In traditional single carrier MIMO systems, each receive chain downcon-

verts the received signal to baseband, carries out analog to digital conversion and

then employs matched filtering before down sampling the received signal to the

system symbol rate. Assuming equal channel gain, the signals from the symbol

aligned transmitters contribute equal power to the received signal at the output

of the downsampled received matched filter. It may be shown that in a rich scat-

tering environment, the channel gains are statistically independent and thus the
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receiver can demodulate the independent streams in either successive interference
cancellation mode or in joint detection mode.

In the offset scheme proposed, the symbol boundaries of the different trans-
mitters are offset in time. Thus, when matched filtering is employed at the receiver,
under equal gain channel conditions the signals from the two transmitters are not
of the same power. This is shown in Fig. 2.1 for rectangular pulse shaping. Indeed
the received signal power from the transmitter with the offset symbol is lower than
that from the transmitter which has its symbol boundaries aligned to that used
by the received matched filter. Thus, for the same channel, the offset scheme has

lower TAI power in comparison to that in the aligned case.
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Figure 2.1: Reduction of interference power in offset MIMO

The amount of reduction in interference power depends on the pulse shape.
While rectangular pulse shaping with half a symbol offset leads to a 3dB reduc-
tion in interference power, most practical systems use bandlimited pulse shaping
schemes using Nyquist pulse shapes such as the SRRC pulse shape. The interfer-
ence reduction for various pulse shapes is obtained by sampling the convolution

of the two pulses shapes (one at the transmitter and one at the receiver) at the
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various offsets. Since it is known that the convolution of two SRRC filters is the
raised cosine filter, the IAI power at an offset 77 for a SRRC transmit pulse shape

with excess bandwidth £ and symbol duration Ty, is given by

B iy sin(m(kTs + 1) /Ts) cos(mwB(kTs 4+ 71)/Ts) 2
i) = 3 (MG i e re) 2

k=—o0

and is shown for various offsets and  in Fig. 2.2 below. The above formula
samples the raised cosine pulse (Eqn 3 of [8]), at symbol intervals as a function
of the offset from the symbol boundary, 7, and determines the power thus ob-
tained. It may be seen that for a pulse with no excess bandwidth (5 = 0), there
is no reduction in interference power, and thus no gains. However as the excess

bandwidth increases, the interference power reduces and thus gains increase.

“&—SRRC 5 =50%
SN : :

Y ) NN U PETTTEE S L ]

S N i K

Interference Power (dB)

-1.5
Sl AN e SEREEEE SRRC B = 0%
Rectangular pulse SRRC B =15%
: : : = = SRRC [ =25%
_25- '_'_SRRCB=50%
----- SRRC B =75%
: : : : Rectangular Pulse
Y RRRERRE ERRRRRE e SRRERER /o SRR . . .
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Offset (Ts)

Figure 2.2: Interference power for various excess bandwidths and offsets. 0

excess BW leads to no gain

In addition to the lowering of interference power, the system performs bet-

ter for one more reason. Offsetting the two transmit waveforms relative to each
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other introduces ISI thus effectively converting memoryless modulation schemes
into those with memory. Consequently, an intelligent receiver can use the ISI to
predictively cancel the interference in subsequent symbols thus leading to an even
greater suppression of interference.

These two effects combine to provide significant system gains to a MIMO
system with intentional timing offset in comparison to an equivalent symbol syn-

chronous MIMO system.

2.4 The Timing Offset MIMO System

Fig. 2.3 shows an offset of 7 in a particular embodiment of the proposed
system with 2 transmit antennas. The symbol duration is denoted by 7T, with
0 < 7 < T,. Other embodiments of the proposed system using Mr antennas
would have different 7.5 offsetting the signals from the different transmitters. For
simplicity of illustration the transmit signals are depicted with a rectangular pulse

shape in Fig. 2.3.

——
| hyy Sampled kT
Tx1 bi[i-1] bafi] | bifi+1] | — MF |— Rxl

b S
Sampled kT, +1,

Tx2 bs [1-2] |b2 [i- 1] by [1]

™ ——
e Sampled kT,
I | hao —| MF [ Rx2

) S
Sampled kT, +t,

Figure 2.3: Sub symbol timing offset: 2 Tx antennas

2.4.1 2x2 MIMO System with Timing Offset

For simplicity of presentation, a system with 2 antennas at either end, i.e.,

with (Mp, Mg) = (2,2), with a rectangular pulse shaping is considered first. The
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signals transmitted from the 2nd transmitter is intentionally offset with respect to
the first by 7. In traditional symbol aligned MIMO the output of the matched
filter downsampled to the symbol rate (at the optimal sampling points) are the
sufficient statistics for estimating the transmitted symbols. However, in timing
offset MIMO, the matched filter output of each receiver is sampled every T as well
as every T+ 7 thus collecting the output sampled optimally for both transmitters.

Let hy; be the complex path gain from the j-th transmitter to the k-th
receiver. Then stacking the i-th output (in time) of the two matched filters, the

received vector for each of the receive antennas is given by

. 0 0 bili + 1] hii hiapio
yili] = , + X
hiipai 0 boli + 1] hiipiz hio
by i 0 h bili —1
i 12021 il + i) (2.22)
b2 [Z] 0 0 b2 [Z —1
, 0 0] bufi+1] hor  hoap
yolil = [ ] 1 . n 21 22012 ] "
hoip21 0 boli + 1] hoipia  hoo
by i 0 h byl —
iy 221 il + nli] (2.2)
boli] 0 0 boli —

where y,[i] is the i-th pair of outputs of the matched filter in the k-th
receiver, b[i] is the i-th transmitted symbol from the k-th transmitter and ng[i]
is the additive white Gaussian noise (AWGN) noise vector at the k-th receiver.
The first row of Eqn. 2.2 is the output of the matched filter sampled at the
optimal sampling time for the first transmitter and the second row is the output
of the matched filter sampled at the optimal sampling time for the symbols from
the second transmitter. The crosscorrelations pi;s and pg; are a function of the
pulse shape and timing offset, with the detailed form given by Eqn. 2.7. For a
rectangular pulse, p12 and py; are shown in Fig. 2.4.

It is seen that when the received matched filter is aligned to the first trans-
mitter, the i-th symbol of the first transmitter not only interferes with the ¢-th

symbol of the second transmitter (as would be the case in standard aligned MIMO
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Po1 P19

Figure 2.4: Cross correlations, pi2 and po;

architectures), but also interferes with the (i — 1)-th symbol of the second trans-
mitter. However, the interference power is reduced due to the offset of the transmit

pulses from the two transmitters.

Some simple algebraic manipulations of Eqn. 2.2 allow us to write the

received samples of receiver k as:

3 0 P21 ! hkl 0 bl [Z + 1] i
ymy_[o 0] [ 0 mgl i 1) | T
1 P12 hkl 0 bl [Z] i 0 P21 hkl 0 bl [Z — 1]
P21 1 0 th b2 [Z] 0 0 0 hkg bg [l — 1]

It will be seen later that Eqn. 2.3 is a special case of the more general
formula derived for any arbitrary number of transmitters in Eqn. 2.6. The above

equations for y1[i] and ys[i] may be combined and written more compactly in the

following matrix format:

il = [ il

P]==Pmﬁ+u+i%wﬂ+P4bw—u+nm (2.4)
yalt
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To elucidate further, Py, Py, and P_; are all 4 x 2 matrices, bi] is a 2 x 1 vector
and n[i| and r[i] are both 4 x 1 vectors.

When practical pulse shapes of longer duration such as the SRRC pulse
shaping is used, then the interference from the offset is not limited to the adjacent
symbols but depends on the length of the filter used. Although the ideal SRRC
pulse is infinite in duration, all practical schemes use finite length pulse shapes.
This may be seen in Fig. 2.5 where a 11 symbol long raised cosine pulse shape is
shown which is non-zero from —57 to 57. In this case, in an offset transmission

scheme, the interference arises from 10 symbols as shown in Fig. 2.5.

1.2 T T T T T T T T T
Sampling at Sampling at
1F non-optimal points optimal ]
leads to ISI o points
leads to
0.8
® no ISI
<
£ o06f ¢
=)
g
= 04F
2
02r
02 1 1 1 1 1

e 0
Symbol duration (symbols)

Figure 2.5: Raised cosine pulse: Impact of sampling on ISI

In this case, the expressions equivalent to Eqn. 2.3 get more complex. Let
d(t) denote the continuous time convolution of the pulse shapes at the receiver and
at the transmitter. d(t) is assumed to be 2L symbols in duration and thus is equal
to zero for time, ¢, outside the interval [— LT}, LTy].

As is the case for most practical pulse shapes, it is assumed that d(t) is

symmetric such that d(—t) = d(t). Analogous to Eqn. 2.3, the received samples
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at the k-th receiver matched to both the first and the second transmitter may be

expressed as:

lT +71) d(IT,)

L d(IT, — 1) ! hgr O by[i + 1]

=0 ZT + 7'1) d(lTy) 0 hi boli + 1] 2.5)

L d(IT, — 1) hiy O bili — 1] ,
Ry [ 0 hm] [b2[@'—z] ]

2.4.2 My x Mrp MIMO System with Timing Offset

The more general case with My transmitters and Mg receivers is now con-
sidered. In this setup, the relative timing offset between the first transmitter
and k-th transmitter is 7. Without loss of any generality, it is assumed that
0=7 <7 <m. <71 <Ts where T§ is the symbol duration. Each receiver
conceptually has M7 matched filters, each one matched to the optimal sampling
times of one of the transmitters (but in reality, would be implemented as a single
matched filter sampled My times a symbol). It should be mentioned that for excess
bandwidth 0 < g < 1, sampling each matched filter at 2 samples per symbol meets
the Nyquist sampling criterion and thus an intelligent receiver should be able to
operate with the 2samples/symbol out of the matched filter. In this analysis, we
sample the output of the matched filer at My samples per symbol only to keep the
receiver structure conceptually simple.

For systems using pulse shapes s;(t) at the I-th transmitter such as the
rectangular pulse that is zero outside t € [0, 7] it may be shown that the samples

received at the k-th receiver is a My X 1 vector, y,[i], that may be expressed as:

yili] = (R1)"Hybli + 1] + RoHb[i] + RiH;b[i — 1] + ny[d] (2.6)

where the My x My matrix Hy, = diag(hg1, hio, his....hear,) and the corre-

lations pg; and py, are given by:
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Pkl = / S sk(t)sl(t - T)dt (27&)
Plk = /OT Sk<t)81(t + TS - T)dt (27b)

The entries in the j-th row, k-th column of the My x My matrices, Ry and

R, are respectively given by

1, ifj=k
Rolj, k| = pjw, if j<k (2.8a)
pkj7 ij >k
. 0, ifj>k
Rilj, k] = { o (2.8D)
prj, if 5 <k

It can be seen that Eqn. 2.3 is a special case of Eqn. 2.6 for My = 2. The
zero-mean Gaussian noise process ng[i] has the following autocorrelation matrix

where o2 denotes the noise variance:

Eny[ilny[5]] = 0*(Ry)7, ifj=i+1, k=1 (2.9a)
= 0*(Ro)7, if j =i, k=1 (2.9b)
=o’R4, ifj=i—1k=1 (2.9¢)
=0, otherwise (2.9d)

It is noted that the expressions above are very similar to those in the deriva-
tion of the multiuser discrete time asynchronous model developed in Section 2.10
of [91]. Although the notation has been chosen to be consistent with [91], the
application space is quite different. We also note that comparing Eqn. 2.6 with
Eqn. 14 of [83], it may be concluded that the received samples are identical in
both our model, and in the case of offset MIMO presented by Shao et al. This has
been shown by us in more details in [33].

The derivations above can be extended for use with practical pulse shapes

that extend beyond ¢ € [0, Ts]. Analogous to the derivation of Eqn. 2.5, Eqn. 2.6
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can also be extended to the case where the convolution of the pulse shape at the
transmit and the receive side (d(t)) is non zero for t € [— LTy, LT;] and is assumed
to be zero for t outside this interval. In that case, the received samples at the k-th

receiver can be written as:

L L
Z (Ry)"Hybli + 1] + Y RyHgbli — 1] + ny i (2.10)

=0 =1

where, like before, Hy is a My x My diagonal matrix given by H;, =
diag(hg1, hio, hgs...-hear,) and the i-th row, j-th column entry of the My x My

matrix, Ry is given by

d(lTy — (1, — 7;)), ifi<jwhered,j=1[0,1,...(Mr—1
pi gy (10T =), e =000 -]
d(ITs — (1, — 75)), it i > j wherei,j=[0,1,..(Mp —1)]

2.5 Receiver Design

In this section, we develop 3 different forms of receivers for the proposed
system: i) Zero forcing (ZF) receivers, ii) minimum mean squared error (MMSE)
receivers and iii) Viterbi algorithm based sequence detection receivers.

All the receivers assume memoryless linear modulations such as M-ary phase
shift keying (M-PSK) or M-ary quadrature amplitude modulation (M-QAM) with
a block transmission scheme as shown in Fig. 2.6. It is assumed that there is
no inter block interference (IBI). This condition can be satisfied by inserting an
appropriate amount of idle time between the transmission of two blocks as shown
in Fig. 2.6. Each block is assumed to contain S symbols long. As S increases,
the overhead due to the inter block gap decreases. The transmitted symbols are
assumed to be zero mean, unit energy and uncorrelated in time and space. It is
assumed that the channel is flat fading and unchanged over the duration of the
entire block and independent from block to block and that the channel is known
perfectly at the receiver. The noise is assumed to be Gaussian and independent of

the data symbols. Two different noise models are used below — the first where the
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noise is spatially uncorrelated and the second where the noise has mutual coupling

between the receivers.

BLOCK 1 BLOCK 2
Tx 1 o o o o
Tx 2 o o o o

Inter block gap leads to

S Symbols per block
loss in spectral efficiency

Figure 2.6: Block transmission scheme

2.5.1 ZF Receivers

In [83], the authors present a zero forcing (ZF) receiver whose performance
is strongly dependent on the blocksize, S. They conclude that for large block
sizes the performance of the offset transmission scheme is worse than that of the
traditional MIMO schemes and thus, the offset scheme should be used only for very
short block sizes. In their work the block sizes are typically 2, 4 or 10 symbols.
This is a very severe restriction as such short block sizes lead to significant spectral
efficiency reductions. With a block size of 2 symbols with 2 transmit antennas and
offset 71 = 0.67}, the system has a spectral efficiency that is 23% less than that of
synchronized systems and with a block size of 10 symbols, the spectral efficiency
is reduced by 5.7%. This reduction in spectral efficiency makes the offset MIMO
scheme, proposed in [83], of limited use in practical systems.

A closer examination of the ZF receiver proposed by Shao et al. showed
that it was not the optimal ZF receiver. This was first shown by us in [33]. The
authors of [83] had mistakenly chosen a formulation that suffered a lot of noise

enhancement as the block size, S, grew larger. The ZF receiver from [83] is given
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Mp 1 Mg
b = (Z HY Hk> > HIR 'y, (2.12)
k=1 k=1
where y; and Hj, are given by Eqn. 2.10 and R is a SMp x SMp matrix given by
Eqn. 2.15. Utilizing this receiver, the authors show a degradation of about 5dB
when the block size is increased from 2 to 10 (Fig. 6 of [83]). The offset VBLAST
receiver outperforms the traditional scheme only for very small block sizes.

A problem with the above zero forcing receiver is that as the block size, S,
increases the SMpr x SMry sized correlation matrix, R, gets progressively closer to
being singular. This may be seen by observing from Eqn. 2.15 that if the block
size increases from S to S + 1, the correlation matrices for the two cases, Rg and
Rgs.1, respectively, are related to each other by the following equation where R4

and R, are given by Eqn. 2.8:

] .
Rs 0
Ry, = (2.13)
RT
0 R, Ry

Thus, as the block size increases, the correlation matrix R also increases
in size by adding Mpr columns and My rows to the correlation matrix for the
smaller block size. It was shown in [11] that the condition number of correlation
matrices with such an embedding property keeps growing with matrix size. Fig.
2.7 shows the rapid increase in condition number for the correlation matrix with
2 transmit antennas as the block size increases. This ill-conditioning of R has a
severe negative effect on the performance of ZF receivers proposed in [83] by Shao
et al. Consequently, the performance of the ZF receiver proposed degrades when
used with long block sizes. In contrast, Fig. 2.7 shows that the condition number
of Hgthothot does not keep increasing with block size. We define these variables
below where we show that the numerical stability of matrix HZ R, H;, shall be
crucial to determining the optimal ZF receiver since the optimal ZF receiver takes

an inverse of this quantity.
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Figure 2.7: Condition number changes with block size

Optimal ZF receiver

The optimal ZF receiver shall use all the received samples for the entire
block of data simultaneously to make its decision. To obtain the optimal ZF
receiver, we first stack all the outputs of each block for the k-th receiver from Eqn.
2.6 to obtain

7, = RHybpioac + 1y, (2.14)

where z;, = [y (0),y5(1),y2(2)..yr(S — 1)]7, the transmitted symbols, bpleek =
[b7(0), b7 (1),..b7 (S — 1)]T and Hy, = diag(Hy, Hy, Hy....). y(i) and b(i), both
My x 1 vectors, represent the received samples matched to each transmitter re-
ceived at receiver k at time ¢ and the transmitted symbols from all transmitters at
time ¢ respectively. Hy is a diagonal matrix of channel gains of size My x My. Thus
in Eqn. 2.14, z, is a SMp x 1 vector of all received samples in a block of S trans-
mitted symbols per transmit antenna at receiver k. bpiock is the SMp x 1 vector
of all transmitted symbols in that block, ﬁk is a diagonal matrix of SMy x SMry

elements of channel gains from the transmitters to the k-th receiver (assumed con-
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stant over the block). R is a SMp x SMr real symmetric correlation matrix given

by Eqn. 2.15 where Ry and R; are given by Eqn. 2.8

Ry R,7 0 0
Ri Ry R 0 0
0 Ri Ro R/ 0
R — v M (2.15)
0 0 Ri Ro Ri"
| 0 0 Ry Ro |
Then all the zy, outputs of each receiver is stacked in the following manner:
[ VAL ] [ R 0 .. 0 11 ﬁl ] [ n;
z 0 R O H n
2 = 2 bblock + 2 (216&)
Zary, 0 0 R | | Hy, Ny,
Ziot = RiotHtotPblock + Dot (2.16b)
and the optimum ZF receiver is given by
BZFopt = (Hgthothot)_ngtZtot (2-17)

The above optimal ZF receiver not only cancels all the interference, but it min-
imizes the output noise variance. It can be readily derived by noting that the
optimal ZF receiver is the well known best linear unbiased estimator (BLUE) (Ch.
6, [59]). This can be seen by noting that in the BLUE estimation, we seck an
unbiased estimator which minimizes the estimator variances. The unbiased crite-
rion ensures cancellation of interference while minimizing variance corresponds to
maximizing signal to noise ratio.

It should be pointed out that the optimal ZF receiver is a batch receiver,
i.e. it works on the received samples from the entire block at the same time.
This increases complexity and introduces latency in the system (since the first

transmitted symbols can only be decoded after the samples corresponding to the

last transmitted symbol in the block have been received). The above receiver also
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needs to calculate the pseudoinverse of a SMp x SMp matrix. The block sizes
of practical systems often consists of hundreds (sometimes thousands) of symbols
and thus the complexity of this step is non trivial and indeed could be impractical
with current hardware.

In Sec. 2.8.5 we plot the performance of the optimal ZF receiver developed
here and compare the performance to that in [83]. Fig. 2.17 demonstrates that
the optimal ZF receiver does not suffer any significant performance degradation

when the block size is increased.

2.5.2 MMSE Receivers

The linear MMSE (LMMSE) receiver is known [74] to outperform the ZF
receiver and is considered in this section. The LMMSE estimate of b[i], given ob-
servation r(i], is given by R Ri[i]r[i]r[z'] where t indicates the pseudoinverse, and
Ropie) = E[bldr[i]] and Ry = Elr[i]r[d] ] [59]. It is known that for Gaussian
noise, the MMSE solution and the LMMSE solution are the same and so the terms
are used interchangeably here. For notational convenience, the dependence on the
time index, ¢, shall also be dropped for clarity.

Two classes of MMSE receivers are analyzed. The first class carries out
joint detection of the symbols while the second carries out layered interference
cancellation. For both these receiver types, one-shot receivers (i.e. those that
estimate b[i], given r[i]) and windowed receivers (i.e. those that estimate bli] given
r[i — W], ..r[i],.r[i + W], thus implying a window length of 2IW + 1 observations)
are developed. We shall also develop a MMSE joint batch receiver, i.e. one that
estimates all the transmitted symbols of the block, using all the received samples

in that block.

One Shot LMMSE Receiver, (W =0)

In this scenario, the observations, r[i|, are given by Eqn. 2.4 and only one
measurement, vector is used to estimate the corresponding information carrying
symbols. It is assumed that: a) b[i]s are zero mean, unit energy and uncorrelated

in time, b) hy;s, the channel gains, are perfectly known at receiver and do not
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change over the duration of a block of data, and ¢) the additive Gaussian noise is
spatially uncorrelated and also uncorrelated with the information carrying signal.

Under these assumptions, from Eqn. 2.4 we have

1
Ry = » PP+ R, (2.18a)

i=—1

Ry, = Q7 (2.18b)

In the symbol aligned 2 x 2 model (traditional MIMO), R,,;,, the noise covariance
matrix, is often modeled as 2 x 2 identity matrix scaled with the noise variance

2

o%. This simple model assumes that the noise variance, o>

is the same for both
the receive antennas and that there is no noise coupling between the antennas. In
offset MIMO we have 2 sets of matched filters per receiver and so Ry, is a 4 x 4
matrix. By observing that the continuous time AWGN noise is zero mean and
independent between the two receivers and by noting that part of the integration
period for each symbol is the same between the two matched filters in the same
receiver, it may be shown that R,, for this noise model is no longer a scaled
identity matrix, but is given by Eqn. 2.19 where o2 is the noise variance and pio

is given by Eqn. 2.8.

[ 0'2 p120'2 0 0 |
o? o 0 0
R = | 2 ) ; (2.19)
0 0 o P120
i 0 0 p120? 02 |

In the more general case where the noise is not assumed to be independent
between the two antenna, the noise covariance matrix in the traditional symbol

aligned 2 x 2 system is given by:

2 2
g ag
11 12
Rnn—aligned - [ 9 9 ] (220)
021 O

where 0%, and o3, are, respectively, the noise variances of the 1st receive

antenna and the 2nd receive antenna. o3, and 03, are, respectively, the covariance
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of the noise on the first receive antenna with that of the 2nd receive antenna and
vice-versa. In all these cases, the noise is assumed to be zero mean.
In this model for the noise, Eqn. 2.19 can also be more generalized and is

determined to be:

[ 9 2 2 2 ]
011 P12017 012 P12079
2 2 2 2
R. — P12011 011 P1201p O (2.21)
o o2 o2 o2 o2 '

21 P12091 22  P12039

2 2 2 2
| P12031 021 P12033 O3

Using Eqns. 2.18 and 2.19 or 2.21, the transmitted symbols are thus esti-

mated at the receiver to be

bli] = Quant (RipRex'r]i]) (2.22)
where r[i] is a vector of all observations being used for the estimate of b[i] and the
Quant() function is used to make hard decisions on the processed samples i.e., it

maps Ry, RI,(r[i] to the nearest transmit constellation point.

Adjacent symbol LMMSE Receiver, (W = 1)

From the observation model, it is clear that because of correlation between
adjacent measurements, a LMMSE receiver that estimates the information sym-
bols using measurements that span more than one symbol duration can lead to
improvements. In this section the adjacent symbol LMMSE receiver that utilizes
three received vectors to decide b[i] will be considered. Using Eqn. 2.4, the re-

ceived vectors used to determine bli] are:

r[i — 1] = Pib[i] + Pob[i — 1] + P_1b[i — 2] + n[i — 1] (2.23a)
r[i + 1] = P1b[i + 2] + Pobli + 1] + P_1b[i] + n[i + 1] (2.23¢)

These three equations may be stacked and expressed more compactly as
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P, Py P,
ylil=] o |bli=2/+| P, |bli-1]+]| P, |bli
0 0 P,
0 0
+ | P, | bli+1]+| 0 |bli+2+ni (2.24a)
Py P,

— M_sb[i — 2] + M_,b[i — 1] + Mobli] + M;bl[i + 1]
+ Myb[i + 2] + ni] (2.24D)
Note that y[i] and n[i] are 12 x 1 vectors, each M_o, M_y, ..., My are 12 x 2

matrices that are used for notational convenience, and b[i] is a 2 x 1 vector. Thus

the LMMSE receiver is given by

bli] = Quant (Ru, R, y[i]) (2.25a)
= Quant (Mgl( Z MM + Rﬁﬁ)TY['i]> (2.25Db)
k=-2

In this context, the covariance matrix of the noise vector n[i| given by Rz is a
matrix with similar structure as in Eqn. 2.19 or Eqn. 2.21 except that it is a
12 x 12 matrix. This approach can be extended to more general receivers using a

wider window of received samples to estimate the i-th transmitted symbol.

MMSE Joint Batch Receivers

The above two MMSE receivers estimated the transmitted symbol vectors
one at a time, i.e., b[0] is estimated, then b[1] is estimated and so on until all the
transmitted symbols of the block are estimated. In this section, we present the
joint batch MMSE receiver. This receiver estimates all the transmitted symbols of
the block bpieck based on all the received samples from that block, zie¢, as shown
in Eqn. 2.16.

Similar to the subsections above, the optimal estimate is derived below as:
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BMMSE—block = Quant [E [bblockztotH] (E [Ztotztotlﬂ)T Ztot] (2.26a)

— Quant [Hgtht (HuoRi HZRY, + Ry, )| ztot] (2.26b)

As discussed in Sec. 2.5.1, these batch receivers are significantly more
complicated to implement and require taking the inverse of matrices of size S My x
SMy. They also add latency to the system and are included here for the sake of

completion.

MMSE Receivers with Layered Detection and Interference Cancellation

The receivers discussed above carry out joint decoding of symbols trans-
mitted from the two transmitters. However, receivers using the vertical Bell labs
layered space time (VBLAST) technique [100] where one transmitter is decoded
(using a LMMSE receiver) and then the decoded symbols are used to carry out in-
terference cancellation were also designed. As shown in [71] and [100], the layered
approach achieves superior performance in the traditional symbol-aligned case and
here it is expected that the layered detection will also improve performance in the
proposed offset scheme.

It is well known (see e.g., [100], [14], [71]) that optimal ordering of the
decoding layers leads to performance improvements. As [100] has shown, decoding
the layer with the highest SINR (or the lowest error variance) yields the optimal
ordering.

Using Eqn. 2.18, in the case of the one shot (W = 0) offset MIMO system,

the error covariance matrix may be expressed as:

~ ~

E[(b —b)(b—-b)"] =Ry, — Ry, R R, (2.27a)
1 T
=1, - PH <Z P,PH + Rnn> P, (2.27b)
1=—1

Thus the error variance of decoding the symbol from the first transmitter is
given by the magnitude of the (1,1) element and the error variance of decoding the

symbol from the second transmitter is given by the magnitude of the (2,2) element
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of the 2 x 2 error covariance matrix. The layer that has the lower error variance
(and hence higher SINR) is decoded first.

2.5.3 Viterbi Algorithm based Receivers

Since ISI is inherently present in the proposed offset system, the optimal
receiver is the maximum likelihood sequence detector (MLSD). The Viterbi al-
gorithm [46] is a very well known algorithm for implementing the MLSD in a
computationally tractable manner. As shown in [58] and implied by Section II
of [46], the usual implementation of the Viterbi algorithm yields the MLSD only
if the noise is memoryless and is independent from sample to sample. In our case,
however, this is not true as the noise has temporal correlation as indicated by Eqn.
2.9.

In order to reduce the impact of the temporal noise correlation, we carried
out noise whitening over different observation windows. Thus the Viterbi algorithm

-/ 2y[z’} where Rnn denotes the

was run not on the received samples, but on Rnn
covariance of the noise vector and y[i] denotes the received vector as given by
Eqn. 2.4 for the one shot case and by Eqn. 2.24 for the windowed case. Although
this method whitens the noise locally, it does not whiten the noise over the entire

received burst and thus is an approximation to the ML solution.

Rectangular Pulse

A cursory examination of Eqn. 2.4 reveals a channel memory of 3 symbols
and with BPSK signaling with 2 transmit antenna this leads to a total of (22)® = 64
states in the trellis. However, a more careful inspection using the structure of
matrices Py and P_; from Eqn. 2.4, indicates that the channel memory can be

reduced to 4 bits and this results in 16 states as shown in Fig. 2.8.

Raised Cosine Pulse

When the SRRC pulse shape is employed the channel memory depends on
the length of the filters employed. Our simulations employed a SRRC filter of
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length 21 symbols with 25% excess bandwidth and thus the IST extends over 20
symbol durations. This causes the trellis to grow unacceptably large for imple-
mentation purposes. The optimal trellis for a pulse with L symbol ISI and for a
system using My transmitters and an M-ary constellation is (M™7)L long. This
is usually impractical to implement and so sub-optimal trellis decoders are often
employed. In our simulations, we have opted for a sub-optimal solution that uses
a very similar 16 state trellis as is used for the rectangular pulse and pretends that
the ISI is only from the adjacent symbols and ignores the ISI from the other inter-
fering symbols. This is clearly sub-optimal. However, since most of the interference
power comes from the adjacent symbols, this sub-optimal receiver captures most
of the performance gain and the improvements by going to more complex receivers
are likely to be marginal. In passing we note that the conventional scheme does
not have ISI and so sequence detection does not improve its performance.

The 16 state Viterbi Trellis used for the sequence detection receivers is

shown in Fig. 2.8.

2.6 Optimizing the timing offset, 7

Thus far, we have presented the MAESTRO scheme for a (Mr, Mg) = (2,2)
with an arbitrary offset of 7, between the first and second transmitters. In this
section, we shall present a scheme to optimize the value of 71 for best error rate
performance.

The error covariance matrix of MMSE receivers is well known (see [59]) and
is given by Eqn. 2.27. This error covariance can be easily simulated as a function
of the timing offset 71 to determine the optimal 77 at which the error variance

is minimized. Below we present an analytical derivation of the optimal 71 for a

(Mp, Mg) = (2,1) system.

2.6.1 Optimal 7; for 2 x 1 system

For a (Mr, Mg) = (2,1), the received vector r[i] is given by the first two

rows of Eqn. 2.4. Then, it may be shown that, given the channel coefficients, and
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Figure 2.8: Trellis connectivity

substituting p for pia, (1 — p) for ps;, and a for p? + (1 — p)? the (1,1)th entry of

the error covariance matrix, E, is given by

Bulp) =1 - Pl = (2280)
|hio*(1 + p*a) + 0*(1 — p)]
where
K = (|h11]* + alhia|* + o) (alhyi]® + |hia]® + 0?) (2.28Db)

= P (|hu]* + [haal” + 0®)?
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For notational convenience the following substitutions are made, a = |hy;|*
and b = |hi2|?. Tt can be shown that in order to minimize the error variance, p

must satisfy the following quartic equation:

Ap*+Bp* + Cp* + Dp+E =0 where (2.29a)
A = —4ab (2.29b)
B = —20" + 4ac® + 2b* — 24 + 8ab (2.29¢)
C = —30" — (2a + 6b)o* + 5a® — 2ab — 3b* (2.29d)
D = —4a0® — 4a® — 4ab (2.29¢)
E = 0"+ (2a + 2b)o* + (a + b)* (2.29f)

At very low SNRs, when o > 02, a, b, we can make the following approxi-

mation to Eqn. 2.29.

—20%p* = 30%p?* +0* =0 (2.30a)
= (p+1)*2p-1)=0 (2.30b)

This yields p = 0.5 (the only solution between 0 and 1) as the optimal
solution at very low SNRs. This corresponds to a timing offset of half a symbol
between the first and second transmitters. For other values of SNR, there is no
simple closed form expression for the optimal p or 7. The error variance aver-
aged over many channel instances, can be easily plotted as a function of offset
71, by using Eqn. 2.28 or Eqn. 2.27. The error variance of the first stream for
a (Mr, Mg) = (2,2) system is shown in Fig.2.14. Although not shown, the error
variance of a (Mr, Mg) = (2,1) is qualitatively very similar.

As expected from Eqn. 2.30, 71 gets progressively closer to T,/2 as the
SNR gets lower. At high SNRs the offset tends to 0. This has an interesting
interpretation. Note that the interference levels are lowest when 71 = T,/2. Yet,
the optimal offset at high SNRs is not 7,/2, but tends to 0 as SNRs increase.
This seems to indicate that the receiver yields a better BER performance in a

higher interference environment. This seemingly counter intuitive result may be
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explained by observing that higher the SNR, the easier it is for the MMSE receiver
to predictively cancel the interference. Thus, the higher interference levels do not

adversely affect the receiver since the interference gets canceled.

2.7 Pulse Shape Design for MIMO with Timing
Offset

In this section, we propose robustness to [AI (defined in Eqn. 2.1) as a
new criterion for pulse shape design. The key idea is the following: Once the
transmitters are offset from each other, the IAI is controlled by the correlation of
the transmit pulse shape with the received pulse shape at an offset equal to the
offset of the symbol boundaries. Without an offset, this criterion is no longer valid
since the TAI is given by the correlation of the two pulses at zero offset (which is
unity for all normalized pulse shapes).

Similar to the formulation of Eqn. 3 in [44] we minimize the cost function

=&+ Y gl —dn)’+ D ng’nl (2.31)

neSrsr neSrar

where & is the stop band energy of the square root Nyquist (M) discrete-time filter
given by h[n] which runs at M samples/symbol where n is the discrete time index
for the samples of the waveform. d[n] is the response of the convolution of the
two square root Nyquist filters being designed with the target response given by
gln]. Sisr and Syar respectively identify different subsets of samples of n as shown
below. v and 7 are weighting functions that allow us to tradeoff one constraint
with another. In an ideal square root Nyquist filter, g[n] = h[n| % h[—n]| where *

denotes convolution and g[n| satisfies the no-ISI Nyquist criterion given by
1, ifn=20
gln] = 0, if n=mM,m#0 (2.32a)
arbitrary, ifn # mM
Thus Srg; = {0,£M,£2M...} is the subset of n where constraints are placed to

minimize the ISI.
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In order to reduce the IAI, we need to lower the energy of g[n| at the offset
points. Thus, e.g., for an offset of T/2, the sum of the squares of the samples
of g[n] at £M/2, £M (1 + 1/2), £M(2 4 1/2) and so on need to be lowered. By
choosing S7a; to be the set {£M/2, £M(1+1/2),£M(2+1/2)...} and by choosing
appropriate weights, v and 7, we can perform a tradeoff between the reduction of
ISI and TAI In [44], an iterative method for designing a filter confirming to such
a cost function is described in detail and is used by us.

Using this method of pulse shape generation we can create a family of pulses
that have various tradeoffs of ISI, IAI and stop-band attenuation. Here we show
an example of such a pulse, by choosing an excess bandwidth of 25% and v = 1
and n = 0.6. The key properties of this pulse in comparison to the square root

raised cosine pulse shape is summarized in Table 2.2 below.

Table 2.2: Square root raised cosine (SRRC) compared to new pulse

SRRC * SRRC New Pulse * New Pulse

Residual IST (dB) -74 -19
T,/2 IAI (dB) -0.58 11,02

The residual ISI goes up from -74dB (practically zero) in the case of two
SRRC pulses convolved with each other to -19dB (still pretty low) in the case of
the two proposed pulses convolved with each other. The TAI power caused by an
offset of half a symbol time, T;/2, however has been improved from about -0.58dB
to about -1.02dB.

The frequency response of 3 different filters are plotted in Fig. 2.9 below.
It may be seen that compared to the frequency response of a SRRC filter of same
length, the proposed pulse has worse stop band attenuation. The peak sidelobe
level is still close to -30dB below the main lobe and is thus considered acceptable.
The time domain response is shown in Fig. 2.10 where it may be seen that the
two pulse shapes are similar, though ISI has increased for the proposed pulse at
the benefit of a lower IAI at T /2 offset.

Although we are showing only a single pulse shape here, different designers
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Figure 2.9: Frequency response of proposed new pulse compared with SRRC
filter

could come up with a different pulse shape depending on different weights imposed
in Eqn. 2.31 depending on the designers preference for various system parameters.
Our emphasis here is on the importance of minimization of IAI as a filter de-
sign parameter for offset MIMO systems not so much on the exact choice of the

parameters which might vary from system to system.

2.8 Simulation Results

The simulations have been done as a set of experiments where, in each case,
comparisons have been made to similar aligned systems. In all cases, the channel
is assumed to be known perfectly at the receiver. Each simulation also assumes a
block fading model where the channel is independent from block to block and is
assumed to be constant over the duration of each block. The channel coefficients
have been generated as samples from a mean zero, unit variance complex Gaussian

random variable. To obtain statistically reliable results, each datapoint is obtained
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Figure 2.10: Impulse response of proposed new pulse compared with SRRC
filter

by simulating at least 10000 blocks. The total transmit power is held constant
irrespective of the number of transmitters by normalizing the output power from
each transmitter by the number of transmitters, My. The performance metric of
choice is symbol error rate (SER) or bit error rate (BER) which is plotted in the
following graphs as a function of E,/Ny, the ratio of the symbol energy (E;) to the
noise power spectral density (Ny). The performance is compared at a SER equal

to 1072

2.8.1 Comparison with OSIC VBLAST

In Fig. 2.11 and 2.12, the performance of the proposed system with MMSE
receivers is compared to that of a traditional aligned VBLAST with ordered suc-
cessive interference cancellation (OSIC). A (M7, M) = (2,2) system with quadra-
ture phase shift keying (QPSK) modulation is simulated with blocks containing

128 symbols. The performance of systems with rectangular pulse shaping is shown
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in Fig. 2.11 and that of systems with raised cosine pulse shaping with 25% excess
bandwidth is shown in Fig. 2.12. The square root raised cosine (SRRC) filters on

the transmitter and receiver sides have both been truncated to 13 symbols.

SER

=P Offset MIMO: MMSE one shot joint detectio

10 Tiiriiiio: [EEEEEE
¢ == A—  Offset MIMO: MMSE 2 adj symb window; joint det N e
- —{ = = Baseline: MMSE joint detection RO o .. o~
:---ﬂ---Baseline:MMSEOSIC ‘
10_4 | =——0— Offset MIMO: MMSE one shot OSIC

0 2 4 6 8 10 12 14 16 18 20 22 24
E/No(dB)

Figure 2.11: Offset MIMO with MMSE Rx compared OSIC VBLAST.
(Mr, Mg) = (2,2). Modulation: QPSK. Rectangular pulse shaping.

In either case, the comparison has been made to the “best” aligned scheme
which is when the VBLAST receivers employ OSIC [71]. It may be seen that the
proposed system outperforms the VBLAST scheme both when rectangular pulse
shaping is employed as well as when the raised cosine pulse shape is employed. In
the latter, more practical case, the gain is about 1.8dB (at a SER of 1072) when
OSIC is employed on both the proposed system as well as on aligned traditional
VBLAST.
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Figure 2.12: Offset MIMO with SRRC pulse shaping vs OSIC VBLAST.
(Mr, M) = (2,2). Modulation: QPSK. Raised cosine pulse shaping.

2.8.2 Performance for Various Offsets

Fig. 2.13 shows the performance of a (My, Mg) = (2, 2) system with BPSK
modulation for various offsets between the first and second transmitters. A rect-
angular pulse shape is used. The performance of both an one-shot as well as a
windowed receiver are shown. It may be seen that the MMSE windowed receiver
achieves a lower BER with offset of 0.57, whereas when the one-shot receiver is
employed, an offset of 0.27} is better at higher SNRs. More details on the per-
formance at various offsets as well as an analytical derivation of an optimal offset
for a (Mr, Mg) = (2,1) may be found in our prior work [33] and is also given in
Section 2.6.

Fig. 2.14 also shows the error covariance of the first stream of a joint
windowed MMSE receiver. The optimal offset for this receiver is Ts/2 regardless

of SNR.
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Figure 2.13: BER performance with various offsets, (My, Mg) = (2,2).
Modulation: BPSK

2.8.3 Performance of Sequence Detection based Receivers

In Fig. 2.15, the performance of Viterbi algorithm based receivers is shown
in comparison to that for a traditional MIMO system employing symbol by symbol
ML detection. BPSK modulation with rectangular pulse shaping was used in a
(Mp, Mg) = (2,2) system. Three curves are shown for offset MIMO: i) without
employing noise whitening, ii) using one shot noise whitening (W = 0), iii) using
extended window noise whitening (W = 2).

It may be seen that without noise whitening, the performance of the Viterbi
algorithm based receiver is approximately equal to that of the traditional symbol
aligned system with ML detection. However, when noise whitening is employed
we pick up a gain of about 0.5dB at a BER of 1072, While the gains in this case
are admittedly smaller, in some systems even a 0.5dB gain in performance might

be worth the additional complexity.
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Figure 2.14: Error covariance for one shot and windowed MMSE Rx as a

function of offset. (Mp, Mg) = (2,2)

2.8.4 Performance of a 3 x 3 system

In Fig. 2.16, we present the results of a 3 x 3 MIMO system with offset
transmission with MMSE joint detection receivers. In this case, there are two
offsets and they have been set to Ty/3 and 27, /3. It may be seen that the perfor-
mance gains are over 6dB (at SER = 1072) when used with a rectangular pulse

shape.
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Figure 2.15: Impact of noise whitening on trellis based receivers.
(Mp, Mg) = (2,2). Offset = 0.5Ts. Modulation: BPSK

2.8.5 ZF Receivers

The performance of the optimal ZF receiver is plotted against the perfor-
mance of the ZF receiver presented by Shao et al. in Fig. 2.17. It may be seen
that while the Shao et al. receiver degrades significantly with increasing block size
S, the optimal ZF receiver has a very weak dependence on block size. In Fig.
2.17, the x-axis has been plotted in terms of F;/Ny = S%—;;”ES/NO, where S is the
block size, Ty the symbol duration and 7; the offset. As shown in [83], this ensures
that the data rate across all the systems is the same. We emphasize, however,
that normalizing the data rate does not imply that all the block sizes are equally
efficient. Very short block sizes, lead to considerably less spectral efficiency due to

the inter gap idle time representing a higher overhead.
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Figure 2.16: Performance of a 3x3 system. (Mp, M) = (3,3).
Modulation:BPSK

2.8.6 Performance of New Pulse Shaping

To show the benefits of the proposed pulse shaping, the performance of a
system using a member of the new proposed pulse family is compared in Fig. 2.18
to the performance of a system using a SRRC pulse. Both systems were simulated
using a MMSE joint detection receiver. The additional performance improvement
of approximately 0.25dB comes with no additional system complexity and can thus
be regarded of as “free”. Although not shown, the new pulse could be used with

the trellis based receivers or zero forcing receivers as well.

2.9 Conclusions

A novel MIMO transmission scheme using transmitters that are intention-
ally offset in time from each other, has been presented in this chapter. A non-zero

(but known) symbol timing offset is introduced between the signals transmitted
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Figure 2.17: Optimal ZF receiver outperforms ZF receiver from [83]

from the different transmitters to take advantage of the inefficiencies in practical
signalling systems. It is shown that a suitably designed receiver can utilize this
information to extract significant performance gains. This transmission scheme
is studied in conjunction with different kinds of receivers: ZF, MMSE receivers,
as well as MIMO MMSE receivers with OSIC and trellis based sequence detection
based receivers. A new pulse shape design that lowers IAI has also been introduced
and is shown to increase the gains of such offset transmission schemes.

A summary of highlights of the comparison between an aligned scheme like
VBLAST with the proposed scheme is shown in Table 2.3. The main source of
complexity increase is shown along with the performance gain. The performance
gain is shown for a (My, M) = (2,2) system with an offset of T,/2 using BPSK

at a BER of 2 x 1072 in comparison to an aligned system.
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Figure 2.18: Performance of new pulse shaping, (Mr, Mg) = (2,2). §=10.25

Table 2.3: Timing aligned MIMO compared to timing offset MIMO

Offset MIMO

Aligned MIMO

Matched filter
rate
ZF Rx

One-Shot
MMSE Rx

My samp/symb

Needs inverse(or pseudoinverse) of
SMr x SMyp matrix. Performance
gain ~ 5dB

Needs inverse (or pseudoinverse)
of MypMp x MpMp matrix. Per-

formance gain ~ 1.5dB

1 samp/symb

Needs inverse (or pseudoin-

verse) of Mr x My matrix

Needs inverse (or pseudoin-

verse) of My x My matrix

Continued on next page
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Table 2.3 — continued from previous page

Offset MIMO

Aligned MIMO

Windowed
MMSE Rx

Trellis based
Rx

IAT lowering

pulse shapes

More gains from more complex-
ity. Complexity grows with win-
dow size. Performance gain ~ 6dB
Trellis size (and thus complexity)
can be traded for performance.
Performance gain ~ 0.5dB

Performance gain ~ 0.5dB

No gains over MMSE

Symbol by symbol ML re-

ceivers are optimal

No gains from new pulse

shapes

The contents of this chapter have been adapted from “MIMO Systems with

Intentional Timing Offset,” Eurasip Journal on Advances in Signal Processing,

2011, and “Impact of Receiver Structure and Timing Offset on MIMO Spatial

Multiplexing,” in IEEE 9th Workshop on Signal Processing Advances in Wireless
Communications, SPAWC 2008., both papers by A. Das and B.D. Rao.



Chapter 3

NDA SNR Estimation for SISO

Systems

3.1 Introduction

Many communication systems (see e.g. [31,75]) require the accurate esti-
mation of signal to noise ratio (SNR) in the absence of any known data or pilot
symbols in a non data aided (NDA) manner. SNR estimation in additive white
Gaussian noise (AWGN) channels may be divided into 2 categories depending on
whether the receiver carries out coherent demodulation or whether the channel has
an unknown phase offset (non-coherent). In this chapter, we consider the case of
NDA SNR estimation with coherent demodulation in AWGN. This implies that
the channel gain considered in this chapter is a positive scalar quantity. In Chap-
ter 4, we generalize this result to that of non-coherent demodulation and in that
chapter we consider the channel gain to be a complex number.

The Cramér-Rao lower bound (CRLB) gives the minimum variance of un-
biased estimators subject to some regularity conditions (See Chapter 3 of [59]),
and is a very useful tool for evaluating the performance of an estimator. In [3],
the CRLBs for NDA SNR estimation with quadrature/binary phase shift keying
(QPSK/BPSK) modulation schemes have been presented for coherent demodula-

tion. However, with the advent of high data rate communication systems, many

23
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systems are using higher order modulation schemes such as 8-ary phase shift keying
(8PSK), 16-ary or 32-ary quadrature amplitude modulation (16QAM or 32QAM)
schemes. The satellite standard DVB-S2 [43] uses 16-ary and 32-ary amplitude
and phase shift keying (16APSK and 32APSK respectively). The results in [3] are
not extendable to other constellations. Thus, there is a need to evaluate the NDA
SNR estimation CRLBs for these constellations and that is one of the objectives of
this chapter. We present a methodology to compute the CRLB for any symmetric
constellation and we evaluate and present the CRLBs for QPSK, 8PSK, 16QAM,
32QAM, 16APSK and 32APSK modulation schemes.

3.1.1 Overview of Prior Work

Gao and Tepedelenlioglu presented the CRLB for SNR estimators for non-
constant envelope modulation in [47]. The primary difference between their work
and ours, is that in [47], the authors work with envelope based NDA SNR esti-
mators and they determine the CRLB for these envelope based estimators. This
chapter deals with the baseband, symbol-rate sampled, I and @ samples of the
data. As the authors note in Sec III of [47], since the I/Q samples have more in-
formation than the envelope, CRLBs of the envelope based detectors have a worse
performance than those evaluated in this chapter.

This chapter is adapted from our works [31] and [28]. Contemporaneous to
our publication [28], Gappmair, in [48], also independently presented the CRLB for
M-PSK and 16QAM. The difference between our work and [48] is that the CRLB
for SNR estimation for more constellation schemes such as 16APSK, 32APSK and
32QAM was presented by us in [28] for the first time. Secondly, we evaluate the
CRLB in units of dBs, instead of in normalized units. Since a systems engineer
usually measures SNR in units of dBs, the evaluation of the CRLB in more natural
units of dBs is generally more useful. Third, the estimators presented by [48] all
significantly deviate from the CRLB at low SNRs whereas the estimator presented
here will perform very close to the CRLB. Moreover, in Chapter 4, we generalize
the findings of this chapter to a system model using a complex channel gain.

There has been considerable interest in estimators for SNR estimation. The
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vast majority of prior work is applicable only to MPSK modulations [10, 26, 61,
62,72,97]. Some of the estimators developed for higher order modulations such
as QAM, perform significantly above the CRLB even at high SNRs [102], [101]
or are based on envelope based SNR estimators [47], [66]. NDA SNR estimators
for 1I6APSK were recently proposed in [65] but the estimator deviates from the
CRLB at higher SNRs. To our knowledge, our earlier conference work in [31] was
the first where an expectation-maximization (EM) algorithm based NDA SNR
estimation algorithm was presented in a framework that is easily generalizable to
any arbitrary constellation. Using the 2 exemplary constellations of QPSK and
16APSK, experiments show that this estimator performs very close to the CRLB
for all SNRs of practical interest even for burst sizes as small as 100 symbols.

An EM Algorithm based NDA SNR estimator was first presented for BPSK
by Wiesel in [97]. Recently more general forms applicable to other constellations
were presented, almost simultaneously, in [66] and by us in [31]. In [66], the au-
thors consider an envelope based SNR estimator in a non-coherent (flat fading)
environment while this current work considers a baseband 1/Q sample based SNR
estimator with coherent reception. Unlike the estimator presented here, the esti-
mator in [66] is not applicable to all constellations (notably 32APSK with code
rate 3/4 from [43]) and has a non-zero probability of failing completely. This latter
issue is addressed by the authors in Sec. 4 of [66]. For very similar reasons, the
envelope based estimator presented in [47] also has a non-zero probability of failing
completely due to the argument of the square-root in Eqn. 7 of [47] evaluating to

a negative number.

3.1.2 Application for Detection of Non-Linearity

Most wireless communications systems have a radio frequency (RF) power
amplifier (PA) at the end of their transmit chain. These PAs are typically ap-
proximately linear only over a certain range of input power beyond which they
eventually saturate [78]. Communications systems that use non-constant envelope
modulation schemes such as square root raised cosine (SRRC) pulse shaped M-PSK

or M-QAM, need to operate in the linear region of the PA in order to minimize
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signal distortion as well as to reduce spectral emissions in adjacent bands [2].

Such systems rely on various methods for estimating the onset of non-
linearity. Typical methods include current sensing techniques [19] or correlation
methods [63], or subsampling techniques [54], all of which require specialized hard-
ware at the amplifier. Once the onset of saturation is detected, the system usually
takes remedial measures (e.g., reducing the symbol rate or changing to a more
robust coding and/or modulation scheme) that allow it to reduce the required
transmit power and thus stay in the linear range of the amplifier. In commercial
satellite communications, the power amplifier is typically on the roof or outside the
user’s home and the satellite modem (SM) is located inside. Thus non-linearity
estimation at the output of the power amplifier and sending the information back
to the SM adds to the cost of each unit and this is undesirable.

The method proposed in this chapter estimates the onset of saturation
without the addition of any hardware cost at the terminal by taking advantage of
the ranging messages that each registered SM periodically transmits to the gateway.
The input power of these bursts to the PA is dithered by a known amount and
the received dither amount is estimated at the gateway and is used as a metric to
determine whether the PA is operating in the linear region.

Since the ranging bursts (see Section 3.2) are relatively short bursts, this
algorithm hinges on the ability to accurately estimate the received SNR. The pro-
posed algorithm estimates the received dither amount by estimating the SNR using
the EM algorithm. Although Wiesel et al., have demonstrated in [97] the use of
the EM algorithm for SNR estimation for BPSK, the algorithm proposed in this
chapter, unlike the one in [97], does not assume that all points from constellation
are equally likely. Moreover, our algorithm is suitable for use with any digital

constellation.

3.1.3 Our Contribution

Thus, the contribution of this chapter can be summarized to be the follow-
ing: a) The presentation of the CRLBs for SNR estimation using baseband I-Q

samples for any symmetric constellation and b) the presentation of an EM based
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estimator that may be used with any arbitrary constellation for NDA SNR estima-
tion with coherent reception in AWGN. The EM based SNR estimator is seen to
perform very close to the CRLB at all SNRs of interest and c) the application of
the NDA SNR estimation techniques presented to detect the onset of non-linearity
at an amplifier.

The structure of the rest of this chapter is as follows. First, in Section 3.2
we describe the satellite system in which we shall apply the NDA SNR estimation
techniques and outline the key principles behind the non-linearity estimation tech-
nique. In Section 3.3 we present the system model under consideration and pose
the estimation problem. In Section 3.4 the CRLB is derived. The EM based SNR
estimator is developed in Section 3.5 and the results are presented in Section 3.7

before concluding.

3.2 Surfbeam System Description

SurfBeam® is a broadband satellite system developed by ViaSat Inc., based
on the data over cable service interface specification (DOCSIS®)L. SurfBeam is
designed for use with geostationary spot-beam based satellites in the Ka (20/30
GHz) or Ku (12/14 GHz) band and provides the user with a broadband experience
comparable to that currently provided by cable modems at similar costs. The
network is currently in operation internationally supporting hundreds of thousands
of users.

Although the upper layer protocols are all based on DOCSIS, the physi-
cal layer (PHY) has been modified to accommodate the unique challenges of the
satellite-land channel. The modulation scheme used by the Surfbeam user SM ter-
minals on the return link back to the satellite is QPSK with a forward error correc-
tion (FEC) rate of 1/2 or 3/4. The system utilizes various return link symbol rates
including 2560ksps, 1280ksps, 640ksps etc. The return link is a multi-frequency
time division multiple access (MF-TDMA) system.

'For more information, please visit www.viasat.com
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3.2.1 Ranging Bursts

The DOCSIS standard requires each registered SM to periodically transmit
a short RNG-REQ burst (also known as ranging burst) regardless of whether the
SM is sending user data or not [55]. The ranging bursts of the Surfbeam system
consist of 36-bytes of data and a 110-symbol preamble. The periodicity of trans-
mission of a ranging burst is programmable, but is typically on the order of a
second. While the preamble is uncoded, the data portion is coded by the FEC of
the channel. Thus at QPSK r-1/2; the ranging burst consists of the 110-symbol
preamble and 288 symbols while at QPSK r-3/4 the ranging bursts consists of 110-
symbol preamble and 192symbols of data. The preamble overhead is large because
the system has been optimized for data-bursts that are typically much larger than
the 36-byte RNG-REQ bursts (See Section 8.3.5 of [55]).

Although we are presenting this algorithm in the context of a DOCSIS
based satellite communication system, it is a very general algorithm and works
for any system where there is a periodic burst (say N byte messages) every T
seconds. These type of ranging bursts are typically used for synchronization, power
control, link maintenance and channel estimation purposes and are fairly common

in communication systems.

3.2.2 Power Control

For the exemplary satellite system described, the return link, or upstream,
is the path from the user terminal back to the gateway. In order to ensure reliable
communication, typically power control algorithms are employed at the gateway.
Upstream power control is maintained by a power control loop operating at the
gateway that utilizes these ranging bursts to estimate the received SNR. This loop
then appropriately instructs the SM to increase or decrease its signal power in an
attempt to always maintain a desired SNR based on the link budget and quality
of service (QoS) requirements.

When the signal strength is attenuated (e.g., during a rain event), the
upstream power control loop instructs the SM to increase its signal power until

the upstream SNR target is achieved. It should be mentioned that the SM can
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only increase or decrease the power at intermediate frequencies (IF), as shown
in Fig. 3.2. The SM has no knowledge of the actual increase or decrease in
signal power at RF. Typically the SM (inside the user’s house) and the RF PA
(typically on the roof), are connected with a coaxial cable whose length varies
from house to house depending on the separation between the SM and the RF PA.
Consequently, the same output power from two different SMs, could result in two
different input powers at the RF PA since the attenuation through the cable could
be quite different.
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Figure 3.1: A typical power amplifier curve of output power as a function of

input power

The relative increase of signal power at RF depends on the operating point
of the PA. A typical power profile of a PA is shown in Fig. 3.1. There is a
linear region and then a non-linear region where the amplifier eventually satures.
Thus during a fade event, as a terminal gradually increases its transmit power, the
operating point of a particular SM could gradually move from the linear region

to the non-linear region of the power amplifier and it is this transition that the
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proposed algorithm is designed to detect. Once this is detected, the algorithm
switches the SM from a high symbol rate channel to a lower symbol rate channel
(e.g., from 2560ksps to 1280ksps), thus enabling the SM to achieve the same error

rate for 3dB less power (albiet at the cost of a lower symbol rate).

SM Digital
processing X igita .
and gain > .
modulation setting upconver
SM Power ctrl loop setting Outdoor unit

Figure 3.2: Remote terminal signal gain setting

3.2.3 Dithering Ranging Bursts

The proposed algorithm dithers the IF transmit power of the ranging bursts
by a known amount, AdB. There are different ways in which this dither amount
may be applied. In one embodiment, alternate RNG-REQ bursts are transmitted
at P and P+ A, respectively, where P is the power set by the power control loop.
In this method, all the N symbols of a particular burst are transmitted at the
same power. One of the drawbacks with this approach is that in the presence of
an unknown amount of fade (perhaps due to rain) the RNG-REQ burst arriving
later will be attenuated (relative to the one arriving first). Thus, even with perfect
estimation, the dither amount estimated at the receiver (which equals to the dif-
ference in received SNR between the two bursts) will be less than A even when the
PA is operating in the linear region. A second limitation of this approach is that
half the bursts are transmitted AdB higher than what is required by the power
control loop and, depending on the system, this could violate the off-axis emissions

limit imposed by regulatory bodies like the FCC.
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In order to overcome these drawbacks, it is proposed that symbols within
each RNG-REQ burst be dithered. Thus, for example, the even symbols could be
transmitted at P + A; and the odd symbols could be transmitted at P — Ay such
that A = A; 4+ Ay. Since the symbols at the higher and lower power are now tem-
porally contiguous, this approach is unaffected by practical rain fades. Moreover,
A; and Ay may be chosen such that the average burst power is unchanged from
P thus ensuring that the off-axis emissions limit is not violated. If A is expressed
in dBs, then in order to ensure that the average power of the burst is unchanged,

A; and A, (also in dBs) are given by Eqn. 3.1.

10A/10

Ay =101log 10 ( (3.1b)

1)
104/10 + 1

If a 3dB dither is desired, then A = 3dB and using Eqn. 3.1, A; = 1.25dB
and Ay = —1.75dB. So half the burst will be transmitted at 1.25dB higher than
the power setting of the control loop and the other half will be transmitted at
1.75dB lower power.

Other dither patterns, e.g., where the first half the burst is sent at the
higher power and the second half is sent at the lower power are also potential
candidates. The different dither schemes are shown in Fig. 3.3

With this approach to dithering, half the symbols of all ranging bursts are
transmitted at a power that is less than that set by the power control loop for the
desired system performance and the other half of the symbols are transmitted at
a power higher than that required. Since the symbols are encoded with a strong
turbo code, simulations show that the performance degradation is less than 0.5dB
(A = 2dB, FEC: r = 3/4, Burst Error Rate = 107%). Secondly, when the SM is
not idle the vast majority of the return link traffic is data packets (which are not
dithered). Thus, return link performance averaged over all the bursts from the SM
suffers no measurable degradation.

At the gateway, the difference in received SNR is estimated and is compared

to a threshold. Based on this metric, a determination is made as to whether the
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Figure 3.3: Power settings with and without dither

PA is operating in the linear region or in the compression region. The difference
in received power could be averaged over a few pairs of bursts in order to have a
more accurate estimate if so desired. There is the usual tradeoff, common in most
detection problems, between probability of false alarm and probability of miss in
setting the threshold.

At the gateway, the ranging bursts from each SM are received in preassigned
timeslots. After processing through the receiver front end, the signal is matched
filtered and downsampled to symbol rate. These soft decision I, QQ samples are
then made available for SNR estimation. This occurs before the turbo-decoding
has taken place and thus the algorithm cannot take advantage of known data to aid
the SNR estimation process. Although the preamble of the RNG-REQ bursts is
known, for the purposes of this section, it is assumed that none of the symbols are
known. In Sec. 3.6, we use the known preamble symbols to simplify the algorithm.

This algorithm, thus falls in the realm of non-data aided (NDA) SNR esti-
mation. In the following we shall derive the appropriate system model and then

solve the estimation problem.
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3.3 System Model

In the absence of frequency, phase or timing estimation errors, the output
of a matched filter at symbol rate (assuming the use of Nyquist pulse shaping at

both transmitter and receiver), may be expressed as

where h is a positive scalar channel gain (assumed constant over the es-
timation block of N symbols), n; are samples of an independent and identically
distributed (i.i.d) complex Gaussian noise process with the variance of its real part
and complex part each equaling ¢?/2. Thus the pdf of n; is given by N(0,0?).
The assumption of a positive scalar channel gain assumes a coherent receiver. In
Eqn. 3.2, 7 is the time index and we assume a block fading channel where the

2 is constant for the whole block of

channel gain, h, and the noise variance, o
N symbols over which the estimation will be carried out. For a non-coherent re-
ceiver, the channel gain should be a complex quantity and this is addressed in
Chapter 4. The transmitted symbols, z;, are picked randomly from a normal-
ized unit energy constellation with M constellation points. Thus, e.g., for QPSK,
r; € {£1/v2 £ j/v2} and M = 4. We show the values of z; for the other
constellations studied in Appendix 3.A.

Using this formulation, the SNR, p, assumed to be constant over the block

of N symbols over which the estimation is to be carried out, is given by:

h2
pO)="— (3.3)
or in dB scale by:

~ h?

p(©) = 101og,(p) = 10logy, (;) (3.4)
where the parameter vector to be estimated is given by:
T

o=|n o] (3.5)

For symmetric constellations, assuming i.i.d. received samples, and equiprob-

|7 is

able transmit symbols, the pdf of the received vector y = [yo,v1, .-, Yis ---Un
given by Eqn. 3.6.
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=1Ir@wi1®) (3.6a)
= H ZP(%’%Z; O)p(x;) (3.6b)

=1 [=1

— % H Z % exp (_ - hxg(y" - hxl)) (3.6¢)

=1 [=1

The log likelihood function, g is easily derived from Eqn. 3.6 to be

g =In(p(y;o?)) = =N In(M7) — Nln(c Z lln[z exp(q:;)]] (3.7)

i=1 =1

where
¢i1 = (yi — hay)" (yi — hay) (3.8)

3.4 CRLB Evaluation

As shown in [59] and using Eqn. 3.3, the CRLB is given by

0p(®) ., ., (9p(®)\"
CRLB = =7 Fo (W) (3.9)

where Fg is the 4 x 4 Fisher Information Matrix (FIM), given by:

Fo=FE [(%) (g—g)) T] (3.10)

g is the log likelihood function of Eqn. 3.7, E() is the expectation operator
and the expectation is taken with respect to the distribution of y. If it is desired
to calculate CRLB in units of (dB)?, then instead of p in Eqn. 3.9, we shall use p
from Eqn. 3.4.

From Eqn. 3.3 and Eqn. 3.4 we can derive the following two equations:

aap(@?) _ [ 2h/02 _h2/0-4 ] — [ 2,0/h —p/02 ] (3'11a)
CICH T —— st
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Thus, in order to evaluate the CRLB of Eqn. 3.9, only Fg remains to be
evaluated.
From Eqn. 3.7, the partial derivatives of the log likelihood function, g, with

respect to the two parameters, h and o2, are given by:

dg —-N 1 al Zl]‘il (ﬁbi,lexp(_jzi’l))

902 T3 3.12a
0 T o) )
0y —2 & Tt (exp(Z) (~hlai? + Re(yiw)))
oh o Y (3.12b)
i=1 Zl:l eXp( o2 )

In order to determine the 4 terms of the FIM of Eqn. 3.10, we have to
determine the following three terms: E(%%), E(%%), and E(%%). The
expectations of these three terms cannot be determine analytically.

We evaluated the terms numerically using Monte Carlo simulations. In
Chapter 4, an alternate method of numerical evaluation, using the Gauss Hermite
quadrature has been presented. Both the methods were verified to yield the same
result.

It may be shown [59], [90], that an alternate equivalent expression of the

FIM is given by

92 Inp(yl¢ 9*Inp(ylo
—p(Teyl0)y _ plplylo)

F@ — Oh? Ohdc? (313)
9% 1n 0 0% 1In 0
~BO B

A slightly different, but equivalent, approach which involves finding the sec-
ond derivatives directly and then doing a numerical evaluation of the expectation

was shown by us in [28].

3.5 EM algorithm based Iterative SNR Estima-
tion

The EM algorithm is known (for regular exponential family distributions)
to iteratively attain the maximum likelihood(ML) estimate [35]. We use this algo-

rithm is used to estimate ML estimates of h and ¢? and then the ML estimate of
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the SNR is found using the invariance property of the ML estimate [59]. Thus, if
h is the ML estimate of h and o2 is the ML estimate of o2, then the ML estimate
of the SNR, p, is given by p = h2

As stated in [35], the EM algorithm works on a set of incomplete data. In
this case, the incomplete data is the sequence of unknown transmitted symbols,
x;. Thus the complete data set at time i is z; = [y;; 2;]. If M is the constellation
order, x; can take one of M different values. Consequently, in the presence of
Gaussian noise, the probability density function of the observed samples y; is a
mixture density of M Gaussian mixtures. We denote the M values of the symbols

of the transmit constellation ¢y, ¢a, ...cp;.

Thus, the probability density function (pdf) of y; may be written as

—|lyx — hall)?
fy(v:|®) = Z ap(yilz; = ¢, © Zal sexp | ———5—— (3.14a)

o

where «; is the proportion of the [-th mixture in the overall distribution
and if all symbols are equally likely is equal to 1/M. For the derivation of the
SNR estimator, we shall maintain the possibility that the symbols may not be
equiprobable. The deterministic, but unknown parameter vector to be estimated
is given by © as shown in Eqn. 3.5.

As is outlined in Equation 2.17 of [35], using the log likelihood function
of the parameter conditioned on the complete data, £(©|Z), the k-th step of the
iterative EM algorithm carries out the following two steps. Here the observation

vector is y and the estimate of the parameter vector from the previous iteration is
@k_li

E-Step Q(0;0,-1) = E[L(O|Z)]y, O] (3.15a)
M-Step O = argmax Q(O; O_) (3.15Db)

Assuming independent data, the likelihood function may be computed as:

N M
L(®z) = [T [ (e = c)™plyile: = i, ©) (3.16)

=1 [=1

where 7, ; is the indicator function that equals 1 if #; = ¢; and is 0 otherwise.
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Since p(x; = ¢;) = «y, the log likelihood function can then be written as

log[L(]2)] = > > via(log(en) + log(p(yiles = @, ©)) (3.17a)
L£(®]z) = 3 w[V(a) + Ui(®) (8.17b)

where ~; is a M x 1 vector of v;;, V(a) and U;(®) are M x 1 vectors of
log(cy) and log(p(yilx; = ¢, ®)) respectively. As an example, for QPSK, with
knowledge of the complete data, ; is one of the following 4 vectors: [1,0,0, 0],
[0,1,0,0]%, [0,0,1,0]", [0,0,0,1]7. In the absence of perfect knowledge of what
was transmitted, ;, is a M x 1 vector of soft decisions, e.g., [0.7,0.1,0.1,0.1]"
with each entry giving the probabilities of each of the transmitted symbols based
on the observation. Thus, in this example, v; would indicate that based on the
received symbol, the probability that the first symbol was transmitted was 0.7,
while the probabilities that the other 3 symbols were transmitted were each 0.1.

In performing the E-step, conditioned on the observation vector, y, and
estimates from the previous iteration, O;_1, the only random part of the log like-
lihood function is x{. Thus the E-step updates x{ using Eqn. 3.18. After the
E-step x{ are soft decision vectors and not the hard decision vectors as discussed

above.

Vi = Elzily, Or-1] (3.18a)

_cap (=llyi — ho—rcal*/op_y)
S exp (<|lys — hyell2/o? )

The M-step is used to update the estimates. Since the two parameters, h

(3.18b)

and o2 are independent, the following optimization equations follow:

8@ 9 = + 2 || yz‘—hCl ||2
a5 " an all ) = 1
a7, = o 2o 2 illoget + TET) =0 (3.199)
N M
= >N n@hlal® - (e + ayp) =0 (3.19b)

i=1 [=1

N M 9
@:szzl(l _Hyi_hcl H)):O (3‘19(3)

Oo? , o2 ot
=1 =1
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These yield the following solutions where the + sign indicates the updated
parameters of the i-th iteration, * indicates conjugation and Re indicates the real

part of a complex number.

ht 2511 (7?)+Re(yi0*>

= 3.20a
> () llel? (320
X
o = e S OD - e | (3.200)
i=1
o (8Y)?
Pr= s (3.20c)

3.6 Implementation Issues

The SNR estimator using the EM algorithm has been targeted for design
on field programmable gate arrays (FPGA). The equations that need to be imple-
mented in hardware are Eqns. 3.18 and 3.20. Of these equations, Eqn. 3.18 is
much more challenging to implement in digital hardware due to two reasons. First,
there is the need to carry out N divisions for the normalization of each ~; and a
division by ¢?, thus requiring (N + 1) divisions for each iteration. It is assumed
that since FPGAs typically have a fairly large number of dedicated multipliers,
first the quantity 1/0? will be calculated (1 division) and then multipliers will be
used to carry out the rest of eqn. 3.18. Secondly, there is the need to update
all 4N entries of v, ; every iteration. For efficient implementation, the exponential
functions could be implemented as look up tables in FPGA block memory. Eqn.
3.20 is far simpler to implement assuming dedicated multipliers and adders are
available in the FPGA. Even with modern FPGAs, an iterative algorithm like the
one outlined in this chapter is challenging to implement considering that the design
is required to support hundreds of SMs on a particular channel. A simpler soft

decision based SNR estimation algorithm is outlined below.
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3.6.1 Simpler SNR estimation algorithm
Using known preamble

This algorithm takes advantage of the presence of some known data symbols
in the bursts being used for SNR estimation. Recall (from Sec. 3.2.1) that in the
system of interest, 110 symbols of each burst is a known preamble. In general,
the target system is assumed to know NN, of the N symbols in the burst. This
is a reasonable assumption as the vast majority of burst-based systems will have
a preamble in the burst for acquisition purposes. Thus in generating the N x 4
entries of Eqn. 3.18, the first M rows are hard decision values and do not require

any iteration.

Quantizing probability

Further simplifications may be made by quantizing the probability of a
particular observation coming from one of the transmitted symbols into one of P

levels. A particularly efficient scheme uses only four levels and thus the xy; s of

11
v 40 2

eqn. 3.18 are quantized to one of four values: 0 and 1. The case where the
probabilities are quantized to only two levels (0 and 1) is the degenerate case of
using only hard decisions instead of using soft-decisions.

Quantizing the probabilities divides up the received I-Q) space into what we
call zones of uncertainties. This is shown in Fig. 3.4. Thus for instance, if the
received symbol is detected in the top right hand corner of the I-Q map near ¢,
~; for that symbol is quantized to [1,0,0,0]7.

This greatly simplifies the algorithm since it obviates the need for lookup
tables and divisions in the implementation of Eqn. 3.18. Moreover, calculating ~;
does not depend on the current estimate of the parameter set to be estimated, ©.
Thus the algorithm is no longer an iterative one. This simplification comes at the
cost of some degradation in performance in comparison to the full soft-decision
iterative EM algorithm. The actual performance degradation is however small (in

the SNR ranges of interest) and is discussed in Sec. 3.7.
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Figure 3.4: Quantized soft decisions: Zones of uncertainties. [/Q axis shown in

red.

3.7 Simulation Results

3.7.1 Evaluation of CRLB for SNR Estimation

The CRLB was computed for various constellations. As mentioned above,
Monte Carlo simulations were carried out by generating samples of y; in computer
simulations. In each simulation, one million samples of y, were generated for
determining the elements of the FIM from Eqn. 3.12. Each constellation point
was assumed to be equally likely. The estimation was carried out with blocks of
length N = 100 symbols. The CRLB is inversely proportional to N and thus the
CRLB for other block sizes can be easily found.
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As a comparison, the CRLB for QPSK modulated signals presented by
Alagha in [3] have also been calculated. They are seen to be the same as the

values calculated using our method.

12 ! ! ! ! ! ! ; ; ;
b\ .- QPSKfomRef[3]
: : : : : : < omx _
10-.\.4...; ....... Q _
| : : : : : . =P 8PSK J
9 \ ....... Do A 160AM .
ol AN -—-=30aM
o \. . o : : : © ==dk== |6APSK 1
= R U ST SIS SRS I
=
m
A
=
O
0 2 4 6 8 00 12 14 16 18 20
ES/NO(dB)

Figure 3.5: CRLB for NDA SNR estimation. N = 100

The results are shown in Fig. 3.5 and also presented in tabular form for

ease of readability in Table 3.2 in Appendix 3.B.

3.7.2 EM based estimator

The EM based estimator was evaluated for two exemplary constellations:
QPSK and 16APSK. The mean squared error (MSE) was calculated by running
10,000 bursts (each with N = 100 symbols) through a Monte Carlo simulation.
The initial condition of the channel gain, h, and the noise variance o were both
set to 1. We have found that, although the choice of the initial condition affects
the convergence time, it does not affect estimator accuracy since the likelihood

function has one maximum as discussed later.
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Fig. 3.6 shows the MSE of the EM algorithm based NDA SNR estimator.
As can be seen, the estimator performance is very close to the CRLB at all SNRs
of interest. It should be pointed out that at SNRs of 2dB or less, the ML solution
(that the EM algorithm converges to) is sometimes an outlier. In other words,
the ML solution yields an SNR that is far lower than the true SNR. In order
to prevent this, the estimator has been clamped to a lower limit of —5dB. This is
unlikely to have much practical significance since 16 APSK and QPSK modulations
are typically not used at such low SNRs.

For comparison purposes, in Fig. 3.6, we have also shown the performance of
four NDA SNR estimators available in the literature: a) for QPSK: i) MMy NDA
SNR estimator (Eqn. 7 of [47] or Eqn. 39 of [72]) ii) p12 estimator from [47] and iii)
the iterative estimator from [5] and b) for 16APSK: 6th order estimator from [65].
As can be seen the iterative EM based estimator performs significantly better
than all these estimators. In addition, some of these other estimators work only
for MPSK modulation schemes. This performance gain does not, of course, come
for free. The proposed EM based estimator is more computationally intensive.
Whether the additional complexity is worth the performance gains will depend on

the application at hand.

Dependence on Initial Condition

One of the known drawbacks of the EM algorithm is that it converges to
the local maxima in the neighborhood of the initial condition. Thus, if the log
likelihood function has multiple peaks, the EM algorithm is not guaranteed to
converge to the maximum likelihood (ML) solution.

Fig. 3.7 shows the contour plot of the log likelihood function for 16APSK
at SNR = 2dB together with a trajectory of estimates of h and 2. It can be seen
that there is only one maximum which ensures that the EM algorithm converges to
the ML solution. This is also true for QPSK. Our results show that the terrain of
the contour plot is flatter for 1I6APSK in comparison to QPSK. This explains why
16 APSK is slower to converge than QPSK as shown in Fig. 3.8. The log likelihood

is also seen to have rather high values in the region of low h and high o2, which
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Figure 3.6: MSE performance of EM based NDA SNR estimator compared to

previously published results

corresponds to low SNRs. This explains why at low SNRs (2dB or less), the ML
estimate is occasionally an outlier (an estimate that is significantly less than the

actual SNR), as discussed above.

Convergence Speed

Fig. 3.8 shows the mean squared error of the EM based SNR estimator
as a function of iteration number for both QPSK and 16APSK at SNRs of 2dB
and 20dB. It can be observed that the convergence rate of 16APSK is slower than
that of QPSK. At high SNRs, the algorithm converges faster than at low SNRs.
Variants of the EM algorithm and better initialization might be used to speed up
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Figure 3.7: Contours of log likelihood function with estimator trajectory.
Modulation: 16APSK. SNR = 2dB. h = 1. ¢% = 0.63.

the convergence rates, but this is outside the scope of this chapter.

3.7.3 Performance of Non-Linearity Estimation Techniques

Fig. 3.9 shows the root mean square error (rmse) of different SNR estima-
tors (for N = 398 symbols) compared to the CRLB (evaluated in [3]) for the two
cases: 1) where all the transmit data symbols are known by the SNR estimator (the
data aided (DA) model) as well as ii) the NDA model where the SNR estimator
does not know the transmitted data symbols. The initial condition for ® in the
EM algorithm is set to h = 0.5, oy = 0.25, 0? = 0.5. It is seen that the EM
algorithm achieves the CRLB for the NDA model. Fig. 3.9 shows the results after
10 iterations, however, 4 or 5 iterations are sufficient to achieve good results (for
E /Ny > 5dB, just 2 iterations are sufficient).

The performance of three reduced complexity estimators are also plotted.

These estimators differ only in the way Eqn. 3.18 is updated. It is seen that
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Figure 3.8: Convergence speed of EM based estimator

an iterative EM algorithm that takes advantage of 110 known symbols (See Sec.
3.2.1) in the preamble performs better than the CRLB of the NDA model. This
is expected, since now some of the symbols are known. As expected, the 4-level
soft-quantized ;T based non-iterative algorithm performs better than the 2-level
soft-quantized algorithm (See Sec. 3.6.1). It is interesting to note that the 4-level
quantized soft decision based model actually beats the CRLB for the NDA model
for F/Ny between 7 and 10dB. Again, this is due to the fact that the 110 of the
symbols are assumed to be known perfectly.

Fig. 3.10 shows the cumulative distribution function (CDF) of the detection
of the P1dB point relative to the actual P1dB point after adjusting for a bias in the
switchpoint. It may be seen that around 80% of the time, the algorithm detects
the onset of non-linearity within within +1 dB of the actual P1dB point of the
PA.
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Figure 3.9: Performance of different QPSK SNR estimators. N = 398 (110
symbol preamble).

3.8 Conclusions

In this chapter we have evaluated the CRLB for NDA SNR estimation in an
AWGN channel for the following QPSK, 8PSK, 16QAM, 32QAM, 16APSK and
32APSK constellations for a block size of 100 symbols. The CRLB is inversely
proportional to the number of symbols, thus enabling the CRLB to be easily de-
termined for any other block size from our results. We have also presented an
estimator based on the EM algorithm that may be used for any arbitrary con-
stellation for NDA SNR estimation. Using QPSK and 16APSK as two exemplary
constellations, the proposed estimator is shown to perform very close to the CRLB
for all SNRs of practical interest.

We also presented a novel scheme for the detection of PA non-linearity and
have demonstrated that this scheme can be used to detect the P1dB of an amplifier
within 1dB of the actual P1dB in the presence of realistic fade rates. An iterative

EM based algorithm (as well as low-complexity non-iterative variants) to estimate
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Figure 3.10: CDF of transmit power when compression is detected (relative to

P1dB)

the SNR of QPSK modulated data has also been developed and is shown to attain
the CRLB.

The algorithm has been applied in a DOCSIS based satellite broadband
system, but the algorithm presented is independent of DOCSIS and can be used to
detect the onset of non-linearity due to any reason at a remote terminal without
adding to the hardware cost per terminal of the system.

Although this chapter dealt with the common case of single antenna systems
with coherent reception, modern communication techniques commonly use multiple
antennas both at the transmitter as well as at the receiver and the channel gain
is often complex. The results of this chapter are more generalized to the multi
antenna systems with complex channel gain in Chapter 4.

The contents of this chapter have been adapted from A. Das and M. Miller,
“Remote non-linearity detection via burst power dithering and EM based SNR Es-
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timation,” Satellite and Space Communications, 2007. IWSSC 2007. International
Workshop on, Sept. 2007 and from the work which lead to US Patent 7,894,510,
issued July 05, 2011. Sections of this chapter have also been adapted from A.
Das, “NDA SNR estimation: CRLBs and EM based estimators,” IEEE Region 10
Conference, TENCON 2008.

3.A Appendix: Constellation Points

The constellation points used for various constellations are shown in Table

3.1. All the constellations are normalized to have unit energy.

Table 3.1: Constellation points

Constellation Symbol Values

QPSK exp(jmm/4) where m = 1,3,5,7
8PSK exp(jmm/8) where m = 1,3,5...15
16QAM {145, 3 £ 3j, £1 4 3j, £3 + 5}
32QAM [l 34 3), 41 £ 35, £3 £ j],
L[5 £ 35,45 £ j, 43 £ 3j, £1 £ 5]
16APSK {Ry exp(jmm/4), Ryexp(jmn/12)} m = 1,3,5,7. n = 1,3,...23

Ry = 0.4109, Ry — 1.1301

{Ry exp(jmp/4), Ryexp(jmq/12), Ryexp(jnr/8)}

p=1357 q=13.231=123.16, v, = 2.64, 75 — 4.64, Ry —
Ry, Ry =72 Ry, By = \/Zm)

32APSK

The 16-APSK and 32-APSK constellations have been used as defined by
the DVB-S2 standard [43].

3.B Appendix: CRLB for Various Constellations

Table 3.2 shows the CRLB for various constellations for SNR estimation
with an NDA model for a block size of 100 symbols. Some researchers have pub-
lished the normalized CRLB (NCRLB) where NCRLB = LB where the CRLB

SNR?
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Table 3.2: CRLB (dB?) for N=100

SNR QPSK  8PSK 16QAM  32QAM  16- 32-
(dB) APSK  APSK
0 2.56 4.07 8.73 12.02 9.29 16.37

P 1.07 1.82 4.61 6.58 5.04 9.06

4 0.55 1.02 3.12 4.61 3.19 6.16

6 0.35 0.66 2.38 3.77 2.11 4.75

8 0.26 0.45 1.55 3.20 1.27 3.62

10 0.23 0.32 0.71 2.48 0.65 2.11

12 0.21 0.24 0.36 1.21 0.36 0.94

14 0.20 0.21 0.25 0.50 0.25 0.45

16 0.20 0.20 0.21 0.28 0.21 0.28

18 0.19 0.19 0.20 0.21 0.20 0.22

20 0.19 0.19 0.19 0.20 0.19 0.20

and SNR are both expressed in a linear scale. For convenience, we also present a
table of NCRLBs in Table 3.3. The CRLBs are inversely proportional to the block

size and thus the CRLBs for any other block size can be easily determined.

Table 3.3: NCRLB = SELB {5 N=100

SNR?

SNR QPSK 8PSK 16QAM 32QAM  16- 32-
(dB) APSK  APSK
0 0.135 0.214 0.460 0.638 0.494 0.862
2 0.057 0.096 0.246 0.348 0.263 0.483
4 0.029 0.054 0.164 0.245 0.168 0.326
6 0.018 0.035 0.127 0.199 0.111 0.251
8 0.014 0.024 0.082 0.171 0.068 0.190
10 0.012 0.017 0.038 0.130 0.035 0.113
12 0.011 0.013 0.019 0.064 0.019 0.050
14 0.011 0.011 0.013 0.026 0.013 0.024
16 0.011 0.011 0.011 0.015 0.011 0.015
18 0.010 0.010 0.010 0.011 0.010 0.011

20 0.010 0.010 0.010 0.010 0.010 0.010




Chapter 4

SNR Estimation for MIMO

Systems

4.1 Introduction

As described in Chapter 3, many modern communication systems often
need accurate estimates of signal to noise ratios (SNR) to carry out important
functions such as adaptive coding and modulation [22], [30]. In Chapter 3 we
analyzed single antenna systems with coherent reception. However, as multiple
input, multiple output (MIMO) systems gain popularity, adaptive MIMO modula-
tions are becoming more popular [38] and these systems also require accurate SNR
feedback. In this chapter, we shall generalize the results of Chapter 3 to multiple
antenna systems and to systems where the channel gain is a complex quantity.

MIMO systems are often used in conjunction with orthogonal space time
block codes (OSTBC) and in [60] the authors show how the appropriate constella-
tion for transmission is chosen based on estimating the ratio of the Frobenius norm
of the channel to the noise variance. This ratio, which is directly analogous to the
SNR in single antenna systems, plays a direct role in determining the maximum
rate that may be transmitted over the channel since it plays a role in the formula
for the capacity of the channel [81]. This definition of the received SNR for MIMO
systems is also used by [21] and by [104] and thus must be estimated in practical

80
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systems.

Typically, the MIMO SNR has to be determined at the receiver by esti-
mating both the channel and the noise variance. However, sometimes the receiver
needs to estimate only the noise variance since the channel estimates are made
by the transmitter as in MIMO time division duplexing (TDD) systems. In these
TDD systems with channel reciprocity, feedback from the transmitter is used to
send the receiver estimates of the channel. Initially it was thought that the dif-
ference in the transmit and receive chains was enough to ensure that the overall
measured channel was not reciprocal, but recent experimental results have showed
that this difference may be accounted for by doing relative calibration [57], [50].
Even when the channel estimates are fed back from the transmitter (and thus
may be assumed to be known at the receiver), the receiver needs to estimate the
received noise variance accurately.

Traditionally, both the noise variance as well as the SNR are estimated by
using the pilot (or preamble) sequences typically embedded in the signal. This, of
course, leads to a loss of spectral efficiency and thus there is interest in estimates
obtained using the transmitted data in a non-data aided (NDA) manner. In our

work, we shall address both the the DA as well as the NDA approaches.

4.1.1 Overview of Prior Work

CRLBs of NDA SNR estimation and efficient estimators for various constel-
lations in single input, single output (SISO) systems have been evaluated in [28]
and discussed in detail in Chapter 3. These have been extended to single input
multiple output (SIMO) systems in [16] for both data aided (DA) as well as NDA
models. In [16], the authors assume that the non-random phase shifts are perfectly
known, thus assuming that the SIMO channels are all real valued. In this current
work, we present the CRLB for SNR estimation for MIMO systems for complex
valued channels. We shall show that the SISO and SIMO results previously pub-
lished are special cases of this more general result. Unlike [16], our determination
of the CRLB for SNR uses complex valued parameters (See Section 4.7.3 of [90]).

Prior to our work in [29] there had been relatively little published work



82

in the area of NDA MIMO SNR estimation. This chapter is adapted from this
work [29]. Noise variance and SNR estimation algorithms using training sequences
for MIMO orthogonal frequency division multiplexing (OFDM) systems have been
published in [17] and [45] and references therein. These prior works are based on
known training symbols and are thus in a DA framework. Moreover, they present
algorithms for estimation without presenting the Cramér-Rao bound which is one
of the contributions of this current work.

The CRLB for channel estimation for MIMO systems has been presented
in [92] and [13]. The differences between these and similar works and ours are
the following: a) we assume that the noise variance is also unknown whereas [92]
assumes that the noise variance is known, b) we estimate the CRLB for the ratio
of the Frobenius norm of the channel to the noise variance (the MIMO SNR) while
the cited works evaluate the channel and ¢) we evaluate the NDA model where the
unknown transmitted symbols are assumed to be from a finite digital constellation
while the above works evaluate the CRLB in the DA model.

The estimation of noise variance has attracted some recent interest in the
literature. Jiang et al., develop a polynomial based noise variance estimator for
known pilots in [56]. Benjebbour and Yoshida develop accurate noise variance
estimators for ordered successive interference cancellation MIMO receivers in [12]
but this depends on training symbols as well. In [12] the authors first determine a
noise variance by using the training symbols in a DA model and then update that
estimate using the estimates of the data symbol obtained from the initial estimate
of the noise variance.

Blind noise estimation without using any preambles (NDA model) was pre-
sented in [86] for an OFDMA system utilizing the time frequency sparsity of the
OFDMA signal as well as the redundancy introduced by the cyclic prefix. In the
OFDM framework, considerable work has taken place in the area of training based
noise variance estimation, (see [18,45,103] and references therein). Unique word
(or preamble) based noise variance estimation for single carrier systems was also
presented by Coon and Beach in [23]. In the ultra wideband (UWB) channel

model, noise variance estimation has been studied recently in [93]. In these prior
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works, however, the CRLB bound for NDA MIMO noise variance estimation has
not been evaluated.

In Chapter 3, we discussed the expectation maximization (EM) algorithm,
which is known (for regular exponential family distributions) to iteratively attain
the maximum likelihood (ML) estimate [35]. The EM algorithm has been used in
similar NDA parameter estimation problem for SNR estimation in SISO and SIMO
systems in [15,28,32]. In this chapter, we apply the EM algorithm to a similar,
but different problem of estimating the MIMO SNR and the noise variance at
each received antenna. We show that the obtained estimator achieves the CRLB
for BPSK, QPSK, 8PSK and 16QQAM modulation schemes over a wide range of
E/Ny.

The work that comes closest to ours is [95], where the authors present EM
based estimators for the NDA model for joint channel and noise variance estimation
for MIMO systems. However, the authors do not present the CRLB, nor do they
present closed form approximations for the ML estimator in the NDA case. To
the best of our knowledge, our work, [29], was the first that presented bounds and
estimators for NDA SNR estimation for a MIMO single carrier system with block

fading employing M-ary modulation scheme.

4.1.2 Owur Contribution

Our contribution can thus be summarized to be the following. We present
CRLBs for both MIMO SNR estimation as well as MIMO noise variance esti-
mation for both DA and NDA system models. We also present the CRLB for
SNR estimation for the special case of when the transmitters use the widely used
Alamouti code. These bounds are derived for a couple of different noise models
— one that assumes that the noise variance is the same across all received an-
tennas and the other assumes that the noise variance of each received antenna is
different. We show ML estimators for estimating both the MIMO SNR as well
as the noise variance. We show closed form answers for the DA case and closed
form approximations for the NDA case. The derivations are generalized for any

M-ary constellation in a frequency flat block fading environment and simulations
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are shown for BPSK, QPSK, 8-PSK and 16QQAM modulation schemes. Although
the focus of our work is on flat fading channels, we discuss how the results can be
extended to frequency selective channels.

This chapter is organized in the following sections. In Section 4.2 we in-
troduce the notation used in this chapter before developing the system model in
Section 4.3. The CRLB for SNR estimation for both the DA and the NDA models
are developed in Section 4.4 and the corresponding CRLBs for noise variance esti-
mation are in Section 4.5. The estimators are presented in Section 4.7. Simulation

results are presented in Section 4.8 before concluding.

4.2 Notation

Some of the common notation used throughout this chapter are introduced
in this section. Vectors and matrices are represented respectively in lower case
bold font and upper case bold font such as h and H. z;; is the l-th entry of the
vector x; where ¢ indicates the time index. 0, , is an all-zeros matrix of size x x y.
0, is an all-zeros matrix of size x x x. I, represents an identity matrix of size
x X x. vec(H) represents all the elements of a matrix H rearranged in a column
vector. ()*, ()T and () denote the conjugate, transpose and Hermitian operators
respectively. N (p, Ryn) denotes the pdf of a circular Gaussian random variable of
mean 4 and covariance Ryy. [[H||% denotes the Frobenius norm of matrix H. The
notation diag(x) is used to represent a N x N diagonal matrix whose entries are
the N elements of the vector x. diag([A1, Aa,...An]) is a block diagonal matrix

whose component matrices, Ay, Aa, ..., An, form the successive diagonal elements.

4.3 System Model

For ease of exposition, the system model used is the block flat fading model
where the channel, H, is constant over a block of symbols of length N. The received
vector, at time i, y; is a Mgz x 1 vector, where Mp is the number of received

antennas. The transmit symbols at time ¢ are represented by a My x 1 vector
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x; where My is the number of transmit antennas. Each element of x;, i.e. each
transmitted symbol is assumed to come from a digital constellation such as M-PSK
or M-QAM. H is the Mg x My channel matrix where each element is assumed to
be independent and is drawn from a zero mean, unit variance complex Gaussian
distribution. n; is the Mgz x 1 noise vector, also assumed to be complex Gaussian
and spatially and temporally uncorrelated. Assuming perfect synchronization and
no differential path delays between the various antennas, the received samples after

matched filtering and downsampling are given by Eqn. 4.1.

yi=Hx;4+n; i=1.N (4.1)

The N transmitted symbol vectors of the block, may be collected together

for notational convenience in a matrix as shown in Eqn. 4.2.

X = [Xl,Xz,...,XN] (42)

Two models for the noise vector will be analyzed. In the first model, the
noise variance o? is the same across all received antennas and thus the noise prob-
ability density function (pdf) is given by N (0, 1,0°I5,,). In the second model,
each received antenna has a different noise variance, but the noise is assumed to be

spatially and temporally uncorrelated thus resulting in the pdf A" (0y,, 1, diag(c?))
where 0% = (07,03, ..., 03,7

4.3.1 Definition of SNR

SNR is nominally defined as the ratio of the signal power to the noise power
(measured in the same bandwidth). In SISO and SIMO systems the definition is
straightforward, since at each receiver there is only one desired signal. For MIMO
systems, however, the various transmit signals linearly add at each receiver, and
thus there are multiple desired signals at each receive antenna. Thus, we can define
a pairwise SNR between transmitter y and receiver = as py, = ”}L;—Z”2 where hy,
is the complex path gain between the z-th receiver and the y-th transmitter. We
can also define a SNR based on the Frobenius norm of the channel as p = H}JI—Q%

The Frobenius norm of the Mg x Mpr channel matrix is defined in Eqn. 4.3.



86

Mg Mr

[HIE =D [l = trace(HH) (4.3)

p=1 q=1

In this work we shall evaluate the CRLB for both these definitions of SNR
though our emphasis will be on the latter definition. It should be noted that
the second definition of SNR is compatible only with the first model of the noise
distribution as described above. For the pairwise definition of SNR, if the second
noise model is used, then o is replaced with o2 which is the noise variance seen

Oon receiver .

Identifiability of SNR in NDA Estimation

Certain constellations, e.g., 16-QAM or 32-QAM, contain constellation points
that are scalar multiples of each other. In 16-QAM for example, the 4 inner con-
stellation points are a scalar multiple of the 4 outer corner points. In a NDA es-
timation framework, where none of the transmitted symbols are assumed known,
there exists a possible ambiguity in determining the channel gain since it can-
not be determined whether the transmitted symbol was x or kx (where k is the
multiplicative scale factor between two constellation points that share this multi-
plicative relationship), and thus, the SNR cannot be uniquely identified. In [80],
the authors refer to this as the divisor ambiguity. The authors show that when all
the symbols of the constellation are equally likely, the probability of error due to
this divisor ambiguity drops very quickly with increasing block size and even for
blocks with only 10 symbols, the probability of error for 16-QAM is less than 107°
(Fig 4 of [80]). Thus the practical limitation of this phenomenon in blind SNR
estimation where block sizes are typically at least a few bytes long is expected to

be negligible.
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4.4 CRLB for SNR Estimation

4.4.1 Data Aided Model

In the DA model, we assume that the N transmitted symbols, x;j, i =
[1,2,..., N] come from a normalized constellation of unit power, are all known by
the receiver and independent of the noise samples and the channel coefficients. The
channel coefficients are assumed to be unknown, but complex valued deterministic
constants. The parameter vector of interest in the estimation problem is then the
2MpMr + 1 element vector:

T
O = | (vec(H))T (vec(H*))T o2 (4.4)
From Eqn. 4.1, the logarithm of the likelihood function may be expressed

as:

g=M[p(Y;0)] = ~NMgIn(r) — NMgIn(o?) — % Z ¢; (4.5)

where ¢; = (y; — Hx;) (y; — Hx;). In order to determine the CRLB, we
shall determine the individual elements of the Fisher information matrix (FIM)

which is given by Fg = E [(%) (%)H] [90]:

o (%) ()] - o
5| (am2) (1) | =2 (o) ()] =215 ()] =2

(4.6b)

1 N * :

—5 i—1 Liyl; if x =

e () Gie )| = = (1.60)
Ohay 0Nz 0 if © # p.

Using Eqn. 4.2, and defining the My x My sized matrix, A = XX we
can write the resulting (2MpMp + 1) x (2MprMpg + 1) sized block diagonal FIM:
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1| diag([A A", AL A, ) | Oonrgare

T o2 NMp
0.2

Fe =E

(%) ()
00 00* 01200, 0,
(4.7)

In order for the CRLB to exist, A has to be invertible. For z; ;s selected
from a zero mean, unit energy constellation with equiprobable points, and inde-
pendently chosen at each time instant, i, for large block size, N, we can show that
SV T x 7}, ~ N and SN x; ;) = 0 for j # k. Thus, under these conditions,
A =~ NI, where I, is the identity matrix of size Mp x M.

Since the CRLB is given by (a%—pT) Fg' (8('(39_pT)H (see Section 4.7.3 of [90])
where p is the function of the various parameters being estimated, if « is the y-yth
entry of the inverse of A, then the CRLB for the pairwise SNR p,, is given by:

Pay
NMpg

CRLB of pgy = 20,y + (4.8)

DA CRLB for Pairwise SNR with different Noise Variance on each Re-
ceived Antenna

In this case, the parameter vector to be estimated is the (2Mr + 1)Mpg

element vector:
T
© = | (vec(H)T (vee(HNT 07 0F ... oy, | (4.9)

Using Eqn. 4.29 and 4.30, it may be shown that the FIM of Eqn. 4.7
becomes the (2Mr + 1) Mg x (2My + 1) Mg matrix

F@ _ dlag([U%A 70.§A- PIRERD) U]%/[R_lA’ UI%ARA:D | _ OI\QIMTMRJ\T\}: .
V- diog([3y. 3. - 22—, A))
(4.10)
Thus the pairwise CRLB is given by:
2
CRLB of pyy = 2apyy + —2 (4.11)

N
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If the parameter of interest is p = 02 , the CRLB is obtained in a straight-
forward manner, but the final form is dependent on the individual channel coeffi-
cients. For a (Mp, M) = (1,2) system, the parameter vector © has 5 elements: 4
for the two channel coefficients and their complex conjugates and 1 for the noise

variance. Then

ap 1 * * H|?
90T — 52 hiy h3 hir ha —m]

The matrix A = XX becomes the real scalar, Zf\il zi127; = «. Then it
may be shown that the CRLB is given by:

(4.12)

o2

9p \ r (00 \"
<8®T> Fg <a@T _ (4.13a)
— — T — — — —
th 1/@ 0 0 0 0 h11/0'2
h, 0 1/ 0 0 0 hoy /o
h11 0 0 1/Oé 0 0 hT1/02
hoy 0 0 0 1/a 0 s, )o?
L, 0 0 0 0 o%eN || -HE
. 2 . - . 4 -
)
_ ;_N L 2P (4.13D)

For a (Mgp, Mg) = (2,2), A = XX is a 2 x 2 matrix and if A~ =

a B

g«
haih,]. As discussed above, for large N, A ~ NI, and thus, under those condi-
tions, the CRLB is given by Eqn. 4.14.

, then the CRLB can be shown to be equal to 2ap+ 25 —|—4Reﬁ* (Wi hia+

2

CRLB of DA = 2p/N + ;N (4.14)

From the above equation and from Eqn. 4.8, it may be seen that at high

SNRs, the normalized CRLB (= %) approaches NM
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4.4.2 Non Data Aided Model

In the NDA model, the transmitted symbols, x; are unknown. Assuming x;
comes from a constellation of M distinct equally likely symbols, then the pdf of the
observed sample y; is given by Eqn. 4.15. Note that since x; is a M7 x 1 vector, if a
QPSK constellation (4 possible symbols) is used with 2 transmit antenna, M = 16.

In general, for a constellation with P discrete points, M = PMr,

M
p(yi;©) = > plyilxi; ©)p(xy) (4.15a)
=1
M
1 1 —(y; — Hxy)®(y; — Hx
M Z Mp oMy P ( 1;2 ( ) (4.15D)

Thus, assuming the y; are all independent and identically distributed, the
logarithm of the likelihood function is given by

N
g=1In(p(Y;0%) = —NIn(Mr" ") — NMzIn(c Z [ ex ¢Zl ] (4.16)
i=1 =1
where
¢iy = (yi — Hxy)" (y; — Hxy) (4.17)

From Eqn. 4.16, the following partial derivatives may be evaluated:

dg  —NMpg N i (¢zlexp( (b”))
=z T 04 o (4.18a)
i=1 Zl p exp(—z*)

g 1O D (w1 v — (Hx),) exp(-5)) L

Ohgy 0% = S exp(= d’”) '

g 1 &S (o, e — (Hx),) exp(=5)) s
_ 18c

Oy 5 S exp()

In order to determine the CRLB, we need to evaluate the FIM given by

H
E [(%) (%) } where F() is the expectation operator that averages over the

noise vector and transmitted symbols. Unfortunately from Eqn. 4.18, there is no
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easy way to evaluate analytically the terms of the FIM, however, this expectation
may be written in the following form assuming that the transmitted symbols are

all equally likely:

Bl G’ =5 Y [

zeCY

[e.9]

f(x1, 11, 0%)p(n;)dn; (4.19)

where C is the set of all possible transmitted symbol vectors of cardinality
M. p(n;) is the probability density function of the Mg x 1 noise vector (assumed to
be complex Gaussian). Since the noise vector is assumed to be complex Gaussian,
this integral can be decomposed into 2M i multiple integrals each one integrating
over the real or imaginary component of the noise vectors of each of the Mz received
antennas.

Integrals of the form [ fooo f(z) exp(—x?)dx are well known to be numerically
evaluated using the Gauss-Hermite quadrature. (See Section 25.4.46 of [1]). They
are approximated as Zfil w; f(z;) where N is the order of the approximation and
x; are i-th root of the Hermite polynomial of n-th order and w; are the appropriate
weights. Using this approximation, the above integral in Eqn. 4.19 has been
approximated as 2Mpg finite summations. These integrals may also be evaluated
using Monte Carlo methods. Both methods have been used and simulated and the

results are shown in Sec. 4.8.

High SNR Approximation

Although there is no closed form solution for the SNR estimation for MIMO
NDA, it may be seen that at high SNRs, the NDA solution becomes equal to the
DA solution derived above in Sec. 4.4.1. For high SNRs, p(y;; ©|xx) # 0 implies
that p(yi; ©|x;) =~ 0 for k # j since, for high SNRs, the received samples can be
modeled to lie in non-overlapping noise spheres around each of the transmitted
symbols. This approximation, also used in [82] for a similar approximation, albeit
in a different context, is the same as assuming that the data symbols are known

exactly — which is the DA system model.
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4.4.3 Comparison to SISO and SIMO Results

Eqn. 4.8 can be compared to Eqn. 27 of [16] (CRLBpa(p) = %)
where the authors evaluate the CRLB for DA SNR estimation for SIMO systems.
In [16], the authors use N, to represent the number of receive antennas (which
we call Mp). The authors also assume S~ |z;]> = N, thus implicitly assuming
an unit norm constellation with large N where all symbols are equally likely and
symbols are chosen independently. It may be seen that for SIMO systems A, the
Mp x Mp matrix is a 1 x 1 scalar sz\il x; 1771 Thus, the SIMO CRLB for DA SNR
estimation in [16] is a special case of the MIMO CRLB for DA SNR estimation
as evaluated in Eqn. 4.8. Comparisons can also be made to the SISO DA SNR
CRLB evaluated in Section III A of [48] and it can easily be seen that the SISO
case is also a special case of the MIMO results derived above.

For the NDA case, since there is no closed form solution, no direct compar-
ison can be made. However, by comparing the results in Table III of [28] to the
results in the simulation section it may be seen that the results are identical. In
Fig. 4.6, exemplary results from [28] are plotted alongside the MIMO results to

show their similarity.

4.4.4 CRLB for SNR Estimation with Alamouti Coding

Probably the most common use of OSTBC is the use of the famous Alamouti
code in a (Mp, Mg) = (2,2) system [89]. In this section we derive the CRLB for
SNR estimation for such a system. The received samples in two consecutive time-

slots, 7 and j + 1 may be combined together and put in the following form

ol ] ) ][ ol ]
wlil | _ [H 02] wli] |, | nel] (4.200)

nli+1] 0, H | | —a3[j] nifj + 1]

| yeli 1] 2] | [ neli 1]
yi = HX; + 1 (4.20b)

The received symbols from each group of two consecutive time slots, j and
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j + 1, are collected into y;, where i represents an index for each group of 2 time
slots. Although similar in form to Eqn. 4.1, the number of parameters here is

fewer. The unknown parameter vector has 9 unknowns:
T
0= [ hiy his hoy has th hi2 h;l h§2 o? (421)

Using Eqn. 4.20 and Eqn. 4.5 with Mz = 4 since y; in Eqn. 4.20isa 4 x 1
vector (even though the true number of received antenna is 2) we can write the

following partial derivatives of the log likelihood function, g:

N

dg _ —4AN 1 |

Jo? - g2 T ; Pi (4.22a)
0 - \ 0 1N, , . o
ahgll - ; i, 1xz 1= Ny 3.%'1',2] 8h912 = ; ; [ni,lxm + ni,Sxi,l} (422b)
3hg21 - Z N oTi1 — M, 4$;'k,2] 3h922 =3 Z [nZme + anx;J (4.22¢)

i=1
Assuming that the noise is zero mean and independent from sample to

sample in both space and time, the following may be shown

5| (52) (92)] = i

S B EEN R ESIEN

(4.23b)

L

For the DA case, where the transmitted symbols are assumed to be known,
it can be seen from Eqn. 4.23 that the FIM is a diagonal 9 x 9 matrix with
zeros for all the terms except the main diagonal where the first eight terms are
a=2 val (|zi1|* + |zi2|?) and the last term is 25 since My = 4.

If p= I[H ”F , then it may be shown that:
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| H % 0 \Nwa( O\ p PP
CRLB of p= F — (L P! (a7 ) =2+ 1 (4.24)

4.5 CRLB for Noise Variance Estimation

In most of the following sections, it is assumed that the channel matrix, H,
is constant and known perfectly at the receiver. In Section 4.5.6, we deal with the

case where the channel is random (but still known at the receiver).

4.5.1 DA Model with One Parameter

In the noise model with one parameter, 2, the CRLB for the estimation
of 02 is shown in Eqn. 4.28. This is determined in a straightforward manner by

taking the derivative of the log likelhood function as shown below

In(p(Y;0%) = > (p(ys; o*)) (4.25a)

J

N
1
= —Nn(x"") = Nlno®*® — =5 " (i — Hx)"(yi — Hxi)
i=1 7

¢
(4.25b)
1
_ M 2M
= —Nn(7"#) = Nlno“"#? — ;¢ (4.25¢)
2Inp(Y;o? NM 2
Olop(Yiol) NMp 20 (4.26)
9(02)2 o o6
Using
1
CRLB = (4.27)
02 Inp(Y;02
B[ 5t
and the fact that F[¢] = 0% we get
o
CRLBpa[o?] (4.28)

~ NMjy
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4.5.2 DA Model with M Parameters

When using the noise model where the noise variance on each receive an-

tenna is different, there are My parameters to be estimated: ® = [07, 03, ...,073,, ]

In this case, it may be shown that the log-likelihood function is given by

In(p(yi; 02)) = — In(n Zlna — (yi — Hx) "Ry Hy; — Hx;)  (4.29)

where Rnn is given by N(0, diag(c?)) as defined in Section 4.3. The CRLB is
given by the inverse of the Fisher Information Matrix (FIM), whose j-kth entry is

given by —E[%]. This may be evaluated using the following:
J k
0 Inp(yi; 0°) U 2y — (Hx:),) " (yir — (Hxi)y), 1
— p[——d - g - 2 SN LA PR = = (4.30
G =5 WY

In this notation, y; j is the scalar quantity that is the k-th entry of the vector

9? lnp(YO') -0

yi and (Hx;), is similarly the k-th entry of Hx;. Also, noting that =5 2007

for j # k, we get the FIM as shown in Eqn. 4.31.

Ipa = diag([N/o{,N/o3,...N/oy, ]") (4.31)

and thus the CRLB for the variance of the estimate of the k-th parameter,
given by kk-th entry of the inverse of the Fisher Information Matrix is given by

4
O

CRLBDAIVIRPaTms I:O-i] - N (432)

4.5.3 NDA Model with One Parameter

In the following, we derive the CRLB for the non-data aided model where
one parameter, o2, is to be estimated. Defining the scalar §,; = 2R (y:Hx;) —
(Hx))® (Hx,) (Where R(z) is the real part of x) and taking the derivative of the

log-likelihood function, we get

)

Olnp(ys;;0®)  Mp  yi'yi  Doimy 51 oXp

d(0?) g2 ol lel exp( %4

M 6y (
3. = f(Xi,l’li,O'2) (433)
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The CRLB is given by the following equation,

1

Olnp(yi;02
E[(757 )2

CRLBypa = (4.34)

where the expectation in Eqn. 4.34 may also be evaluated using the Gauss

Hermite Quadrature or by Monte Carlo techniques in computer simulation.

4.5.4 NDA Model with Mp Parameters

Similar to the data-aided case, in this model we have the Mg parameter
vector ©. To obtain the CRLB, we have to determine the Fisher information

matrix, whose j-k-th entry is given by:

9*Inp(y;; 0?)

. Olnp(yi;0?) Olnp(y;; 02)
902007 | =F] ] (4.35)

118l =~ do? o}
J

It may be shown that the log-likelihood function of the i-th received sample
is given by

In(p(y;; 0%)) = — In(M7aMr) — Zln op) + In] Zexp Z 2 ") (4.36)

Ok

where

Ok = (Yir — (Hx1),)" (vir — (Hxy),) (4.37)

In this notation, y;j is the scalar quantity that is the k-th entry of the
vector y; and (Hx;), is similarly the k-th entry of Hx;.
The derivative of Eqn. 4.36 with respect to o7 is given by

1,

Omplyso?)  —1 Sy [exp(ps ) (— )
T2 a2 ' M 3
Ok T Zl 1 exp( i o2 5)

The expectations may be carried out either using Monte Carlo simulations

(4.38)

or using Gauss-Hermite approximations as discussed in the preceding section.
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4.5.5 Mixed DA and NDA Model

In most practical systems, in every block of N symbols, there are N,, known
pilot or preamble symbols and Ny unknown data symbols such that N = N, + N,.

For this model, the log-likelihood function may be expressed as:

In(p(Y:0%) = Y Wn(plyii o)) + Y (plyii o) (430

Since derivatives and expectations are linear operations, we can obtain fol-

lowing from which Eqn. 4.41 is derived.

9”In(p(ys; 0?))
8(0-2>2

9*In(p(yi; 0?))
a(O-Q)Z

p (2o

o) = Mol

|+ NyE[— | (4.40)

1 1 1
= +
CRLB[N]panps CRLBIN,]psx = CRLB[Ngnpa

(4.41)

4.5.6 With Random Channel

In this section we address the case where the channel matrix is independent
from block to block (but known at the receiver). The determination of the CRLB

would require the determination of
p(Yio®) = [ p(Y|Hso)p(H)H (4.42)

Since this is difficult to evaluate in closed form, we resort to the modified
Cramér-Rao lower bound (MCRLB). The MCRLB was introduced [27], [49] as a
lower bound to the variance of an unbiased estimator provided the usual regularity
conditions are satisfied. In general the MCRLB is lower than the CRLB and thus
is a looser bound, but the authors show that it is tight enough to be useful in most

situations.

As shown in Eqn. 5 of [27], the MCRLB is given by:

MCRLB(0%) = | Fy (EYIH {%};‘72)] 2)] _ (4.43)
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For the DA model, since Eqn. 4.28 and Eqn. 4.32 do not depend on the
channel matrix, H, the MCRLB for the case of the random channel is identical
to the CRLB when the channel is constant. For the NDA model, the MCRLB is

determined by averaging the CRLB over many channel instantiations.

4.6 Extension to Frequency Selective Channels

Although the above derivations have all been carried out using flat fading
channels, the extension to frequency selective channels in the orthogonal frequency
division multiplexing (OFDM) framework is straight forward. It is well known that
after the removal of the cyclic prefix (and assuming that the delay spread is shorter
than the length of the cyclic prefix) each subcarrier faces flat fading and thus the

)

received samples at time i, from each subcarrier k, yi(k may be stacked in the

following manner:

i yi(l) ] HY 0 0 [ xi(l) ] ni(l)
yi(2) 0 H® 0 xi(z) ni(z)
0 0 H® 0 (4.44)
yie 0 0 0 0 HN || x™ ¥
In the above equation, N, is the total number of subcarriers, Xi(k) is the

(k)

M7 x 1 vector representing the transmit symbols on subcarrier £ at time ¢, n;
and yi(k) represent the Mg x 1 vectors representing respectively, the AWGN noise
samples and the received samples on subcarrier k at time i. H® represents the
Mpg x My channel matrix experienced by the k-th subcarrier. This channel is
assumed to be constant for a particular block of data. Each subcarrier is assumed
to undergo flat fading. The above equation may be seen to be in the similar
form as Eqn. 4.1 and thus all the tools developed thus far may be used for the
frequency selective channel case. The problem, however, could be significantly
more computationally intensive due to the presence of a large number of potential

subcarriers. Even in a non OFDM environment, a similar matrix equation may
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be written. This has been shown in the system model of [95] and is not repeated

here.

4.7 Estimators for SNR

In this section we derive maximum likelihood (ML) estimators for MIMO
SNR. Since it is known from the invariance property of ML estimators that the
ML estimate of the function of a set of parameters is the same function of the ML
estimates of each of the parameters (Chapter 7, [59]), we shall evaluate the ML
estimates of the noise variance and the channel coefficients and use those to find
the ML estimates of the SNR.

We shall summarize some of the results already developed by Wautelet
et al. in [95] where the authors develop ML estimators for both the channel
coefficients and noise variance for both the DA and NDA models. We use these
estimators to estimate the MIMO SNR and show that they achieve the CRLB
calculated in preceding sections. We shall also present new results for closed form

approximations of the ML estimator for the noise variance with the NDA model.

4.7.1 DA SNR Estimation

The ML estimator for the MIMO SNR is given by % where o2 and IIH|2
are respectively the ML estimate of the noise variance and the ML estimate of the

Frobenius norm of the channel.

ML Estimator for Noise Variance with DA model

The maximum likelihood (ML) estimator for the DA model with one pa-
rameter is determined easily by taking the derivative of the log-likelihood function

and setting it equal to zero and is given by Eqn. 4.45.

N
. 1
Thanr = NMp Z(Yi — Hx;)" (y; — Hx;) (4.45)

i=1
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When jointly estimating the channel, H, and the noise variance, o2, the H
in the above equation is replaced with the ML estimates of the channel, H. Luckily
(see below), the ML estimate of H does not depend on the variance and thus, the
ML estimator of the SNR may be easily determined. It was shown by Wautelet

et al. [95] that this estimator of the noise variance is biased and that an unbiased

: : : A2 N  ~2
estimator 1s given by ODA_ML_unbiased — N—Mr Ni-ODAML-

ML Estimator for Channel Coefficients with DA Model

The ML estimate in this case is identical to the least squared error (LS)
solution, since the ML estimate maximizes — Zfil lyi — Hx;||* which is the same
as minimizing the least squares error. This has also been shown before in [95].

An alternate derivation including simplified expression under certain con-

ditions are presented in Appendix 4.A.

4.7.2 NDA SNR Estimation
ML Estimator for Noise Variance with NDA model

Unfortunately in the NDA case, there is no nice closed form solution for the
ML estimator like in the DA case. Using Eqn. 4.33, the log likelihood function is
given by

5.
Olnp(Y;o®) NMp YU yly: le i1exp(2x)
= - - E i (4.46)
=1

d(0?) o2 ot . eXp( L)
where the scalar §;; = 2R (yiHx;) — (Hx;)®Hx; and R(z) is the real part
of x. By setting the derivative equal to 0, we recognize that the ML estimate is

the solution to the following equation which does not have a closed form solution

However, we can make approxmlatlons in the low SNR and high SNR re-

gions that do yield closed form solutions. In the low SNR regime, o2 > §;; and
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thus exp(f;’;) ~ 1. In this case, the ML estimate of the noise variance may be

approximated by:

OMLNDAIowSNR = Z YiYi— NMMR Z Z O (4.48)
=1

=1

Other approximations may also be made using exp(L) ~ 1+ ” or using
exp( )~ 1+ Dl il ( 2 which lead to closed form expressions for the estimate of
o? as the solutlons of quadratlc or cubic equations. These formulations are shown

below.

Derivation of Higher Order Approximations of NDA ML Estimator for

Noise Variance

Using the first three terms of the Taylor series expansion, we approximate
exp(%) ~ 1+ ’21 + ( ) For low SNRs, o2 is large, thus allowing this approxi-

mation.

M M
Zz 1 @leXP( ) N Zl:l 5i,l + 0_1221:15 2(02 2 Zz 15”

(4.49a)
Zz:1 exp( M + % Zl:l il

Z dirt— Z Z (4.49b)

C‘li ﬁi %‘
1 1
=7 lal + =B+ 2o )2%} (4.49c¢)
In Eqn. 4.49, the second approximation is done using the fact that for
low SNR, M > % Zf\il 0;; and oy, B; and ; are used for notational convenience.

Thus, Eqn. 4.47, may be put in the following form:

N

N N
213 22 H, % 2 & Vi
(0*)*NMy — (0*)2 Y [ylys M}+U;M+ =0 (50)

i=1

i=1
This is a cubic equation in 0 and may be solved in closed form. An easier

approximation is to ignore the 2nd order term in the Taylor series expansion of
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the exponential, thus setting v; = 0 and converting Eqn. 4.50 into a quadratic
equation that has a more compact closed form solution.

At the other end of the spectrum, in the high SNR regime, 0% < §,; and
the M values of exp( ) (for any particular i) are dominated by the maximum
term. Ignoring all but the maximum term, the ML estimate of the noise variance

may be approximated by

1 1
‘712\4L,NDA,highSNR = NMp Z yiyi — N, Z max(d;;) (4.51)
i=1 i=1

Although no closed form solution exists for the general case, the EM algo-
rithm is known (for regular exponential family distributions) to iteratively attain
the ML estimate [35] and is thus proposed here for determining the ML estimate
(See [95] fore more details). In this case, the estimate of the noise variance at the

i-th iteration is

M N
1
52 ) )3 (yvi—-H “H 4.52
UZ NMR — X1|Uz 1’ Xl Xl) ( )

=1

Note that formally this estimator is very similar to the ML estimator, except
that here the M estimates (one for each of the M constellation points) are weighted
by p(x1|Z ;,Y) which is the posterior probability of each of the constellation points
given the observations and the current estimate of the noise variance.

Initialization is always a key issue with the EM algorithm. If there are some
known pilots, then they should be used to form a ML DA estimate and that is
used as the starting point of the EM algorithm. If, there are no known pilots, then

the EM algorithm is initialized to the variance corresponding to a low SNR.

ML Estimator for Channel Coefficients with NDA model

The EM algorithm for estimating the channel coefficients have been devel-
oped in [95] and are not repeated here. This algorithm is used in our simulations

in Sec. 4.8.
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4.8 Simulation Results

The following simulation results will show that the estimators described
above perform very close to the CRLB. The metric used in all cases is the normal-
ized mean squared error (NMSE = M:;E = E[(’EW] ), where p is the true SNR and
p is the estimate of the SNR. The simulations are carried out for BPSK, QPSK,

8PSK and 16QAM modulations but could be easily generalized for any M-ary dig-

ital modulation. Each point on the curves is generated by running at least 10,000
independent bursts each of size N symbols (N will be specified from experiment to
experiment). The data symbols are assumed to be chosen from constellation points
that are equiprobable and independent from the channel and noise samples. The
Gaussian noise samples are generated to be spatially and temporally independent.
Some of the experiments below were conducted with the same value for the channel
from burst to burst. For a (Mp, Mg) = (2,2) system, the channel was a constant

channel set to
—0.3059 — 0.81077 0.0886 + 0.8409¢

= . This channel is a particular in-
—1.1777 + 0.84217  0.2034 — 0.02667

stantiation of the random channel that is generated by Matlab when the seed for
the randn function is set to 0. For other system configurations, the channel used
was that generated by Matlab, using the command H = \/ié(randn(M r, Mt)+
v/—1 x randn(Mr, Mt)) after setting the seed for the randn function to 0.

4.8.1 Estimating MIMO SNR

CRLB and NMSE for NDA and DA SNR Estimation

Fig. 4.1 compares the normalized CRLB (= Clﬁ# where p = HIj—'ﬁ” is the

true SNR) to the NMSE for various constellations for NDA MIMO SNR estimation.
It also compares the DA normalized CRLB to the DA ML estimator and shows that
both the NDA and DA estimators perform very close to their respective CRLBs.
Note that the DA result is independent of the constellation (Sec. 4.4.1) for large
values of N, the number of symbols in the block. In Fig. 4.1, the number of

symbols in the block, N, was chosen to be 1000. The system under consideration
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was a (Mg, Mg) = (2,2) system. Since the CRLB is proportional to 1/N, the
CRLB for other values of N may be easily determined from this figure. For the
NDA CRLBs, Gauss Hermite Quadratures of order 6 was used to evaluate the
FIM. It may be seen from Fig. 4.7 that approximations of this order are very
close to the values obtained from Monte Carlo simulations. The NDA estimator
used is the iterative EM algorithm based estimator. The EM algorithm has been
initialized by assuming that the 1000 symbol unknown data block is preceded by
a 20 symbol preamble. These known preamble symbols are used in a DA manner
to initialize the channel in the EM algorithm. The noise variance was initialized
to 10 corresponding to a low SNR. The stopping criterion used was % < 0.1%

where p; is the estimate of the SNR from the i-th iteration.

0

10 P DA, ML Estimator
A BPSK, NDA EM Estimator
4  QPSK NDA EM Estimator
(% 10 | 8PSK NDA EM Estimator
Eﬁ [ J 16QAM NDA EM Estimator
Y : DA CRLB
Y SERERREETR e N e . — BPSK, NDA CRLB
= 10 : ..., =====QPSK, NDA CRLB
O LD 8PSK, NDA CRLB
| & 16QAM, NDA CRLB
3 ; . : : :
& 10 : FE : CITN@IIIIIIIiiiiiiiiii
Z cee EERE Ra M, i M. o SRR R R R R RS
107 i i i i i

0 5 10 15 20 25 30
SNR = p = ||H|[3/0”
Figure 4.1: NCRLB and NMSE for MIMO SNR: NDA and DA.
(My, Mz) = (2,2). N = 100.

Fig. 4.2 shows the cumulative distribution function (CDF) of convergence
times for the various blocks simulated for a (M7, Mg) = (2,2) system with QPSK
modulation at a true SNR of 0dB. At such a low SNR, it can be seen that the EM
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algorithm takes a large number of iterations to converge. In this simulation, the
convergence criterion is % < 0.05%. It may be seen that better initializations
can significantly speed up the EM convergence speeds. At one extreme, the channel
matrix H, has been initialized with a random matrix (normalized to have the same
power as the channel matrix), while at the other extreme, the channel matrix has
been initialized to the true value. It can be seen that the median convergence speed
drops by more than 100 iterations from more than 340 to about 240. If some of

the transmitted symbols are known, they may be used in a data aided manner for

initialization and that helps speed the convergence up as well.

1 T T T T T T T T 1
: : : — T
; P e
. a _ L= . .
: : : : T e : .
0.8 ........ P R IR AL /"'Q‘ ....... P
. . . 4 - - . . . .
. . . ’/;'o . . . .
: .
. . ;/OO" . . .
06 ........ P ,/‘0' ..... P R T LI IR
o : : :’/'/: : : : : :
a /7
O X X /, S X
.................. S d
04 : A : : : : : :
. PR R4 . . . . . . .
PPt
,/ .-"; e 1. . 2. ..
¢ ,-" : = = = = H initialized using 20 known symbols, ¢~ initialized to 10
. .
..... L o -
0.2 il : . mmmees Random initialization for H, 7 initialized to 10
L4
" H and o7 initialized to true values
3 : : :
! i i i i i i

O i i i
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Iteration number

Figure 4.2: Better initializations speed up EM convergence. Modulation:
QPSK. SNR = M= — 0dB. (M, M) = (2,2). N = 1000. Stopping criterion =
Psbil < 0.05%

Impact of Varying Number of Antennas

Figs. 4.3-4.5 shows the impact to the normalized CRLB when the number

of antennas are varied. It can be seen (Fig. 4.3) that increasing the number of
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received antennas decreases the normalized CRLB and, as shown in Sec.4.7.1, at
high SNRs, the normalized CRLB can be seen to tend to 1/(NMg). Fig. 4.4 and
4.5 show the CRLB for BPSK and QPSK modulation schemes respectively for 2,
3, 4 and 5 transmit antennas while keeping the number of receive antennas to be
constant at 2. Once again, it can be seen that at high SNRs the the normalized
CRLB can be seen to tend to 1/(NMg). In these simulations, the total transmit
power of the signal waveform is constant regardless of the number of transmit

antennas.

: : : —A—  (Mt, Mr) = (2,1)
=== Mt M =(22) i

10

0 5 10 15 20 25 30
SNR = p = ||H]|3/0?

Figure 4.3: Increasing My reduces NCRLB. Modulation: BPSK. N = 1000.

NDA SNR CRLB.

In Fig. 4.6, the CRLB for SNR estimation is shown for square systems (i.e.,
My = Mpg) with 1, 2 or 3 antennas on either end. Fig. 4.6 also shows previously
published SISO results from [28] and it can be seen that the SISO results are the
same as those obtained in our current work here for My = Mg = 1. In order to

compare with the previously published results, the number of symbols, N, was set

to 100.
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- === (M M) =(2)
e e (M M) =(42)

—0— (M, M) =(5.2)

= CRLB/p?

NCRLB

SNR = p = ||H]|[2/o”

Figure 4.4: Increasing My increases NCRLB at low SNRs. Modulation: BPSK.
N =1000. NDA CRLB.

4.8.2 Estimating MIMO Noise Variance

In this section we present the simulation results for estimating only the
noise variance (assuming the channel is known perfectly). In these experiments, a

block size of 100 symbols was simulated.

NDA Estimation

CRLB and EM based NDA Estimators Fig. 4.8 shows that the EM based
estimators perform very close to the CRLB for the 4 modulations simulated (BPSK,
QPSK, 8PSK and 16QAM). 10 iterations of the EM algorithm were seen to be
sufficient. The initial value of the variance was initialized to 5. It is seen from Fig.

4.8 that the EM algorithm achieves the CRLB over a wide range of Es/No.

Approximations to NDA ML Estimation Fig. 4.9 shows the performance of
the closed form approximations to the ML solution for the NDA model. As can be



108

—p— (M, M) = (1,2), QPSK

—A— (M M) =(22),QPSK
== = (M, M) =(3,2), QPSK
D ame s (M M) = (42), QPSK

N TR TN TING —o0— (M, M) = (5,2), QPSK
; N w0\

CRLB/p?

.......................................

NCRLB

0 5 10 15 20 25 30
SNR = p = ||H]|[3/o”

Figure 4.5: NDA CRLB with varying Mr. Modulation: QPSK. N = 1000.

seen, the high SNR approximation achieves the CRLB at SNRs greater than 5dB.
3 different approximations to the ML solution are shown for the low SNR case.
Each one is progressively better (and more complex to implement). In Fig. 4.9,
the 0-th order approximation refers to the one given by Eqn. 4.48, the 1-st order
approximation is given by setting v; = 0 in Eqn. 4.50 and thus solving a closed form
quadratic equation and the 2nd-order approximation is given by solving the cubic
equation given by Eqn. 4.50. While the cubic equation is guaranteed to provide
at least one real root (since the coefficients are real), the estimator based on the
quadratic equation has the unfortunate characteristic that as the SNR increases,
occasionally the estimator fails completely and provides complex answers. This
indicates that the approximation made is no longer valid at that particular SNR.
Interestingly it can be seen that the high SNR approximation comes close to the
CRLB for very low SNRs as well. This is due to the fact that at very low SNRs, the
first term in Eqn. 4.51 and Eqn. 4.48, N;MR Zf\il yHyi, dominates the equation.
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Figure 4.6: Previously published SISO results are a special case of MIMO

results, N = 100

DA Estimation

The DA MCRLB was plotted along with the variance of the ML estimator.
BPSK modulation was used (though in the DA case, the results are independent of
which modulation scheme is used). For comparison, the NDA CRLB is also plotted.
It may be seen from Fig. 4.10 that the ML estimator achieves the MCRLB over
the entire range of Es/No plotted.

The EM algorithm is not guaranteed to converge to the global maxima of
the log likelihood function — it could converge to a local maxima. Luckily, the
log likelihood function in our case is well behaved and has one unique maxima as
shown in Fig. 4.11. This ensures that the EM algorithm converges to the global

maxima.
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Modulation: BPSK. NDA CRLB. N = 1000. (Mz, Mz) = (2,2).

4.8.3 DA + NDA Mixed Estimation

The advantage to using all the available symbols in a block and not just the
N, known pilot/training symbols may be seen in Fig. 4.12 which shows how much
improvement may be attained by using all the /N symbols in the block, rather than
just the known pilot/training symbols. The advantage is quite significant in those
communication systems that operate with less than 10% overhead but there are
reasonable gains to be made even when 20% — 30% of the data consists of known
pilot symbols. Fig. 4.12 was calculated for a 100 symbol block in a 2 x 2 system
with BPSK modulation scheme at an Ey/Ny = 0dB.

4.9 Conclusion

In this chapter, we have presented the CRLB for SNR estimation and noise

variance estimation for MIMO systems in a data aided (DA), a non-data aided
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(Mp, Mg) = (2,2).

(NDA) and a mixed DA-NDA system. We have also presented closed form expres-
sions for the ML estimator for the DA case, closed form approximations to the ML
estimator for the NDA case as well as iterative EM based estimators for the NDA
case. Although most of the results have been presented for a frequency flat block
fading model, we have discussed extensions to the frequency selective case using
the OFDM framework. Since SNR and noise variance estimation are needed by
most receivers, we believe this chapter presents results that computes the limits of
this important problem and demonstrates practical estimators that achieve these
limits.

The contents of this chapter have been adapted from A. Das and B. D. Rao,
“SNR and Noise Variance Estimation for MIMO Systems,” IEEE Transactions on
Signal Processing, August 2012 and from A. Das, “NDA SNR estimation: CRLBs
and EM based estimators,” IEEE Region 10 Conference, TENCON 2008.
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4.A Appendix: Alternate Derivation of ML DA

Channel Estimation

The derivative of the log-likelihood function, g, with respect to the channel
gain between the z-th receiver and the y-th transmitter, h,, is given by

aizy - > (i — (Hx)2) 21y (4.53)

o

i=1

Setting this equal to zero, the MrMp equations for the ML estimates of h,,, are:

N My N
Z Yi o Tiy = Z [h;j (Z x:‘]xzy>] (4.54)
i=1 i=1

J=1
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Figure 4.10: DA noise variance estimation: ML estimators achieve MCRLB for

DA model with random channel. Modulation: BPSK. N = 100.

which in matrix form is given by Eqn. 4.55, where A is given by 4.7.

N i i ]
Zi:l Yi1Ti 11
N * *
Zi:l Yi1Ti2 hiq
*
A" Oyy o o o Oy
N * * *
Zi:l yi,lxi,MT OMT A OMT 1My
. = (4.55)
* *
lel y172x271 e e e e e h/21
N * * *
Zi:l yi72xi,2 | OMT OMT OMT A i h22
N * *
i=1 Yi,MpTi,Mr | | Mgy |

P>

Writing the above equation as G = BH" for notational convenience, if A is non-

singular, the ML estimates of the channel coefficients are given by H = (B™1G)

*

As discussed in Section 4.4.1, under certain assumptions, A ~ NIy, and in that

case, the ML estimate of h,, is given by f;;y = % Zfil YixTy,
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Chapter 5

Rate Adaptive Non-Orthogonal
MT-MFSK

5.1 Introduction

Thus far, in this dissertation, in Chapters 2 and Chapters 3 we have dis-
cussed system improvements for coherent systems with no phase uncertainty. In
Chapter 4 we analyzed NDA SNR estimation for complex valued channels with an
implicit phase uncertainty and thus started investigating non-coherent systems.
Although much of modern wireless communication takes place with coherent re-
ceivers, in some cases, non-coherent receivers may be more appropriate. Although
in Chapter 4, we try to estimate the channel, some non-coherent receivers don’t
estimate the channel since the operating conditions may make it futile. In some
systems even if the channel gain can be estimated accurately, it may not be pos-
sible to maintain phase coherence. This is often the case for systems with very
high dynamics where channel estimation is futile as shown in [96], [73]. In these
two works, the authors propose a non-coherent system for communications over
channels associated with high speed trains. Power limited systems with low duty
cycle is another example where non-coherent systems may be more appropriate.
In this chapter, we discuss techniques for improving non-coherent communication

which need to be able to operate without channel estimation.
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M-ary frequency shift keying (MFSK) has been the de facto standard for
non-coherent communications for about 50 years. Omne of the first systems to
use a 32-ary orthogonal tone MFSK was the Piccolo system, [7,79], developed
for diplomatic communication by the British Foreign & Commonwealth Office in
1962. A key advantage of MFSK is the ability to carry out non-coherent reception
as shown in [4,74,85] (and references therein), thus obviating the need for any
overhead for channel estimation.

An MFSK system has M distinct symbols. In traditional MFSK systems,
each “symbol” consists of a single frequency tone orthogonal to all the other tones
representing the other symbols and thus the system has a total of N orthogonal
tones where N = M. Thus each symbol can transmit log, (M) channel bits. The
Piccolo system [7], had 32 orthogonal tones and so each symbol could send 5 bits of
information. A second key advantage of single tone MFSK is its constant envelope
transmit signal. This eliminates the need for linear amplifiers in the transmit chain
and generally results in cheaper systems. This may be contrasted to the high peak
to average power ratio (PAPR) of multi-tone systems such as orthogonal frequency
division multiplexing (OFDM) [37].

In spite of these advantages, the principal disadvantage of single tone or-
thogonal MFSK is low spectral efficiency. In a non-coherent orthogonal MFSK
system, the tones need to be separated in frequency by the symbol rate, Ry, and
thus the total bandwidth W = NR; (see [85], Chapter 5). Hence, the spectral
efficiency, n, which is the ratio of the bit rate, Ry, to the total bandwidth, W, is
given by Eqn. 5.1.

. Ry _ loga(M) Ry _ logs (M)
W w N
For integer N, and for M = N (i.e., single tone MFSK), this equation has a

bits/s/Hz (5.1)

maximum at N = 3 with n = 0.5280bits/s/Hz. This is the maximum spectral
efficiency for single tone MFSK. For modern communication schemes, a higher
spectral efficiency is desirable.

Most practical systems work under the constraint of a fixed bandwidth.

Many systems also need to work with the constraint of a fixed symbol rate. This is
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Figure 5.1: Adaptive coding and modulation (ACM) on shared forward link

with constant symbol rate

typically the case, as shown in Fig. 5.1, where many users share the same channel
with the same symbol rate, but the modulation varies based on the link quality
of the different users [43], [30]. For fixed bandwidth and symbol rate, it is not
possible to increase the bits per symbol in a single tone orthogonal MFSK system
as the number of orthogonal tones (the symbols), are fixed. This is in contrast to
M-ary phase shift keying (MPSK) and M-ary quadrature amplitude modulation
(MQAM) systems where the number of possible symbols (and hence the number
of bits per symbol), can be adapted keeping the bandwidth and symbol rate the
same. In orthogonal MFSK systems, increasing the number of symbols, M, leads
to either an increase in bandwidth or a reduction in symbol rate.

The only choice for increasing system spectral efficiency for an orthogonal
MFSK system is to move from a single tone system to a multi-tone MFSK sys-
tem (MT-MFSK) where each symbol consists of multiple simultaneous orthogonal
tones. The price to pay for the increased spectral efficiency is that the same bit
error rate can be achieved at a higher signal to noise ratio. Moreover, like all multi-
carrier waveforms, MT-MFSK does not have a constant transmit signal envelope
and thus requires linear (and more expensive) amplifiers. Multi-tone orthogonal
MFSK, was shown in [67], [68] to achieve capacity in the wideband regime.

We show in this chapter, that the traditional orthogonal tone based MT-
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MFSK system is not optimal and we propose an alternate MT-MFSK system using
non-orthogonal signaling tones that outperforms an equivalent orthogonal MFSK
system even in the finite bandwidth regime. We show that, in certain operating
points, the proposed system has four times the capacity of an orthogonal tone
based MT-MFSK system.

In addition to outperforming the equivalent orthogonal tone based MT-
MFSK system, the proposed non-orthogonal MT-MFSK system has the additional
benefit of providing the system designer with an infinite number of choices for sys-
tem spectral efficiency — something that is lacking to systems using orthogonal
MT-MFSK. An orthogonal MT-MFSK system can only increase the spectral ef-

ficiency within some combinatorial limits since the maximum number of symbols

N
N/2

binary FSK system MT-MFSK is not possible and so there is no way to increase

possible is limited by ( ) For small N, this choice may be fairly limiting. In a
the spectral efficiency beyond 0.5 bits/s/Hz. In a system with 4 orthogonal tones,
a MT-MFSK can at most send (3) = 6 symbols and in a system with 8 orthogonal
tones one can send at most (i) = 70 symbols. A non-orthogonal system, however,
can fill up the same bandwidth with a larger number of tones and send as many
symbols as is desired thus providing flexibility to the systems designer.

The ability to have different spectral efficiencies in the same bandwidth
and symbol rate opens up the prospect of employing adaptive coding and modula-
tion(ACM) techniques where the signaling is adapted based on a particular user’s
link quality (SNR). Such schemes are common in coherent modulation schemes
such as M-PSK and M-QAM [43], [30] and with our proposed system the same ad-
vantages can be enjoyed by systems using non-coherent receivers and MT-MFSK.
Such adaptive MT-MFSK system requires estimation of SNR so that the sys-
tem can adapt appropriately and another aspect of our work is in determining
estimators and the Cramér-Rao lower bound (CRLB) for SNR estimation of non-

orthogonal MT-MFSK.
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5.1.1 Overview of Prior Work

The use of orthogonal multi-tone MFSK in systems with high dynamics
has been proposed by Wetz et al. in [96], and in [73]. In their proposed system,
orthogonal MFSK is used in conjunction with OFDM. Blocks of OFDM subcarriers
are grouped together and MFSK modulation is carried out on each group of OFDM
carrier and the authors show that this is very useful for channels such as those
offered by high velocity trains.

Even though there is a large body of literature in the area of orthogonal
FSK, to our knowledge, there exists relatively little prior work done in the area of
non-orthogonal MT-MFSK. One of the earliest works in the area of non-orthogonal
non-coherent multitone FSK was the work by Wittke, Lam and Schefter in 1995
[98]. In their work, the authors look at the performance of trellis coded modulation
in non-orthogonal FSK. In their work, the non-orthogonal FSK tones are spaced
(uniformly in frequency domain) at spacings of R, (orthogonal) to R,/3 (non-
orthogonal), where R, is the symbol rate. In contrast, our work will position the
frequency tones over the same bandwidth in a non-uniform and non-orthogonal
manner and a key component of our work is in selection of the tone positions.

Subsequently, around 2000, Durand, Bejjani and Boutros in [39-42] also
contributed in this area of non-orthogonal MFSK. In their work, the authors de-
fined a uniform grid of non-orthogonal tones over the bandwidth of interest. In
order to overcome the performance degradation that occurs due to the correla-
tion of these tones, the authors propose the use of multidimensional signals, i.e.,
signals that exist over multiple time periods. In essence the authors propose a
code that helps to overcome the inherent drawback of starting with a highly cor-
related signal set. In [40], the authors analyzed these multidimensional symbols
using non-orthogonal MFSK from an information theoretic point of view and con-
cluded that non-orthogonal signal sets outperform orthogonal signal sets. In [42]
and [39], the authors propose specific multidimensional non-orthogonal signal sets
that outperform equivalent orthogonal ones.

The key differences from these prior works and ours are that in our system

the tones are not uniformly spaced in frequency and that we transmit a symbol in
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a single timeslot. However, since our work uses multi-tone signals, our transmit
signals do not have a constant envelope.

MT-MFSK (called “Q-tone FSK” by the authors) was also presented in [67]
and [68], however, in these works the authors focussed on proving that such schemes
achieve the capacity of fading channels at the wideband limit and did not focus on
finding optimal receivers and transmission schemes which is our goal. Hosman et al.
have implemented a multi-tone non-orthogonal FSK with non-uniform tone spacing
in [53]. However, in their work the tone positions were experimentally chosen based
on their particular channel of interest (closed shipping containers). The receiver
used in [53] was suboptimal and was a proof of concept of the feasibility of a
non-uniform spaced non-orthogonal multi-tone FSK system.

SNR estimation has been studied by various authors. We presented the
CRLBs and estimators for data aided (DA) and non-data aided (NDA) SNR es-
timation for M-ary constellations such as M-PSK and M-QAM in a very general
multi-antenna framework in Chapter 4 [28,29]. Our present work leverages some of
the results in [29] and generalizes the work of Hassan and Ingram in [52] where the
authors have presented the results for SNR estimation for orthogonal non-coherent
single tone MFSK. We present both CRLBs and estimators for the more general
case of non-orthogonal MT-FSK. Moreover, we show that better results are ob-
tained when working with the output of the received matched filters, rather than
(as in [52]), the amplitude of the output of the received matched filters. We shall
elaborate on this in Section 5.5.

Adaptive variable-rate non-coherent M-FSK modulation was studied in [36].
In this work, the authors have analyzed the gains from switching between different
modulation levels at different SNR thresholds. Since they work with orthogonal
single tone MT-MFSK, the system discussed is limited to, from Eqn. 5.1, a max-
imum spectral efficiency of about 0.528 bits/s/Hz. In our work, the maximum
spectral efficiency can get significantly higher and we present results for systems
with spectral efficiencies up to 1.5bits/s/Hz (although the proposed system is not
limited to this).
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5.1.2 Owur Contribution

Our contribution may be summarized as: We present a non-orthogonal
multi-tone MFSK communication technique that outperforms the equivalent or-
thogonal tone MT-MFSK with the same spectral efficiency. The proposed system
also offers the systems engineer unlimited choices of spectral efficiency. We show
that these systems can adapt its spectral efficiency to the prevailing SNR.

First, we define the proposed system in Section 5.3 and then we evaluate the
theoretical maximum performance gain by comparing the capacity of the proposed
scheme with that of orthogonal MT-MFSK. Then we present the performance of
practical systems using maximum likelihood (ML) receivers, least squared (LS)
error receivers as well as compressed sensing (CS) based receivers. Closed form
expressions for ML and LS receivers and expressions for the symbol error rate
for ML receivers in non-coherent channels are also presented. We evaluate the
performance with and without coding, in frequency flat and frequency selective
channels.

We also present closed form results for the CRLB and ML estimators for
data aided (DA) SNR estimation for non-orthogonal, MT-MFSK as well as closed

form approximations for the non-data aided (NDA) model.

5.2 Notation

Some of the common notation used throughout this chapter is introduced
in this section. Vectors and matrices are represented respectively in lower case
bold font and upper case bold font such as x and X. x;; is the l-th entry of the
vector x;. 0, is an all-zeros matrix of size x x y. 0, is an all-zeros matrix of size
x x z. I, represents an identity matrix of size # x x. vec(H) represents all the
elements of a matrix H rearranged in a column vector. ()*, ()T and ()# denote the
conjugate, transpose and Hermitian operators respectively. N (i, Ryn) denotes the
pdf of a circular complex Gaussian random variable of mean p and covariance Ryy,.
P(X]Y) is the conditional probability density function for the random variable X

given random variable Y. Px(z) is the probability density function of random



variable X.
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Table 5.1 gives a list of some of the common symbols used throughout this chapter.

Table 5.1: Common symbols used

Symbol Definition

Ry Symbol rate in Hz.

Ty Symbol duration in seconds. Equals Riss.

w Total bandwidth of system in Hz. Equals N R;Hz

N Number of orthogonal tones that span bandwidth W. Equals

K Tone packing factor.

NK Total number of tones available for use.

M Number of symbols.

Q Number of tones transmitted per symbol.

(NQK ) Maximum number of symbols possible.

v Signal to noise ratio (SNR).

si(m) Transmit symbol vector at time i of size N x 1. m-th symbol
from a set of M symbols.

vim) Binary vector of size NK x 1 corresponding to si(m). 1 in posi-
tions corresponding to transmit tones of symbol m. 0 elsewhere.

r; Output of received matched filters at time . Size N x 1.

n; Noise output of received matched filters at time . Size N x 1.

Pi Correlation between i-th tx symbol and orthonormal receive ba-

sis set. Size N x 1.
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5.3 System Model

The overall system block diagram is shown in Fig.5.2. As is common to
most systems, information bits first undergo forward error correction (FEC) en-
coding after which they are mapped to symbols. Since an adaptive system is
proposed, the constellation is chosen by a block that uses the link quality (in the
form of SNR information sent by the receiver) as a metric to choose the appro-
priate constellation which would maximize the spectral efficiency while achieving
the bit error rate desired. The transmitter maps symbols to transmit samples that
are then transmitted at the sampling rate over the channel to the receiver. On
the receiver, the reverse process takes place. The received signal is first projected
into an orthonormal basis that spans the transmit symbol set and then the re-
ceiver and FEC decoder is jointly carried out. SNR estimation is also conducted
and the signal quality is sent back to the transmitter over the reverse link. Fig.
5.2 shows a functional block diagram and leaves out the analog-to-digital (A/D)
and digital-to-analog (D/A) converters and the RF blocks that are needed by all

wireless systems.

5.3.1 Transmitter

The system model uses a point to point transmitter-receiver pair. The
system transmits symbols at a symbol rate of Ry Hz. Each symbol has () tones
simultaneously transmitted in the same symbol period, T where Ty = 1/Rs. These
tones come from a set of VK non-orthogonal uniformly spaced tones, each sepa-
rated in frequency by Rs/K Hz. The total system bandwidth is thus [0, N Rs] Hz
which is the same as would be required by an orthogonal system with N tones and
a symbol rate of Rs. Not all these VK tones may be used by all the symbols in the
constellation. K is the tone packing factor (also known as the non-orthogonality
factor). For an orthogonal system with N orthogonal tones, K = 1. For a system
with tones packed twice as dense as in an orthogonal system, K = 2. All the
systems described assume a total available bandwidth of unity (or 1 Hz) and for

fair comparison, each symbol is normalized to have the same power and all the
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Figure 5.2: System block diagram for rate adaptive MT-MFSK

constellations compared here are normalized to have unit power.

(M=1) and for each symbol, s(™

The system has M symbols, s s s
we associate an unique transmit binary vector of size NK x 1, v(™_ This vector
contains 1s in those positions corresponding to the tones that need to be trans-
mitted for that particular symbol, s®™) and 0s elsewhere. For a system with NK
tones, and () tones per symbol, there are (NQK) possible symbols. However, in
systems we shall consider, only a subset of these possible symbols are used.

In discrete time the Nyquist sampling rate is N samples per symbol and

thus, the n-th element of the N x 1 vector s™ is given by:

NK-1 P
st = — o™ exp (‘] b > (5.2)

where FE,, is a normalizing term which ensures that each of the transmit symbols
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has unit power, i.e. s gm) — 1 for all m = 0,1,...., M —1].
In vector notation the N x 1 elements of the m-th transmitted symbol can

be written as

1
(m) _ (m)
s =_—& 5.3
B (5:3)
where ® is a N x NK matrix whose m-th row, n-th column entry is
exp (455")

Symbol Set Design

A key design problem for MT-MFSK is to determine the set of symbols and
the assignment of tones to symbols. Each symbol is transmitted at unit power,
so there are no unfair advantages stemming from coherent addition of correlated
transmitted tones. The key to minimizing probability of error is to minimize
the worst case correlation between any two symbols of the constellation. In the
orthogonal framework when multiple (orthogonal) tones are sent per symbol, the
symbols themselves are not orthogonal. As an example, if an N-tone orthogonal
MT-MFSK system uses all combinations of () = 2 tones per symbol to create (27)
symbols, then even though the tones are orthogonal, the worst case correlation
between the symbols is 0.5 (since 2 symbols may have a common tone). If a
symbol consists of 3 orthogonal tones simultaneously transmitted, then the worst
case correlation is 0.667 (since multiple symbols may have 2 common tones).

Thus, in order to have a better symbol error probability than the equivalent
orthogonal 2-tone per symbol system, the non-orthogonal system with the same
(or better) spectral efficiency needs to have a worst case correlation lower than
0.5. To outperform an equivalent orthogonal 3-tone per symbol system, the non-
orthogonal system needs to have a worst case correlation lower than 0.667 and so
on.

Our signal set design algorithm sets various values of K and then searches
for a symbol set of a specified size (M) with a specified number of tones per symbol
to have a worst case correlation lower than some threshold. To give a specific design

example, we designed a system to outperform a N =6, K =1, () = 2 orthogonal



126

system which has M = (g) = 15 symbols. In our non-orthogonal design we chose
K = 20, thus allowing for a total of NK = 120 tones in the system. Each symbol
still used @@ = 2 tones/symbol, thus there are a total of (130) = 7140 possible
symbols. The design problem, is thus to choose a set of 15 of these 7140 possible
symbols such that the worst case correlation will be less than 0.5. To do this
exhaustively would require a search over (712‘0) = 4.8 x 10* possible sets which is
clearly prohibitive even for this relatively small system design so we employ smart
search techniques that intelligently prune the set of possible sets to search over.
The search is, however, sub-optimal and is not guaranteed to find the best set.
Fig. 5.3 shows a solution set of 15 symbols with a worst case correlation
of 0.48. The red squares in the figure show the two tones that are activated for
each symbol. Symbol number 1, e.g., uses tone numbers 19 and 75, while symbol
number 2 uses tone numbers 1 and 41. The right hand subplot of Fig. 5.3 shows
all the tones activated in this system. It can be seen that not all the 120 tones are
used and that the set of tones used in the system are not uniformly spaced. Unlike

in orthogonal MT-MFSK| no two symbols have a common tone. In Section 5.6 we

shall discuss the performance gains stemming from this reduced correlation.

5.3.2 Channel Model

For most of the simulations, a non-coherent flat fading channel is assumed.
i.e. the received signal has an unknown phase that is constant across the symbol
and is independent from symbol to symbol. In some of the simulations, a frequency
selective channel, where the channel is independent at each of the transmitted tones
is also considered. Flat and frequency selective Rayleigh fading channels — where
both the phase and gain of the received signal are distorted by the channel are also
used. The output of the channel if the m-th symbol from the constellation was
transmitted is given by Eqn. 5.4 where ¢, is a complex valued channel gain affecting
tone p, 0, is the channel phase assumed to be uniformly distributed between 0 and

27 radians and n is the additive white Gaussian noise.
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N

1 & j2mpn
(m) _ (m)
W= f szo Uy Cp OXP < NK

+9p) +n

(5.4)

For the flat fading model, ¢, and 6, are the same for all p and so the de-

pendence on p in the notation will be omitted. For the frequency selective channel

model, it is assumed that ¢, and 60, are independent and identically distributed

(i.i.d.) for all p. If only phase is unknown at the receiver, then ¢, = 1 for all p.

If the m-th symbol was transmitted, the output of the channel can be

expressed in vector notation as:

1
y™ = -GV £ n =37 0

m

(5.5)

where G is a NK x NK diagonal matrix with the complex channel coeffi-

cients along its diagonal and v(™) = ﬁGv(m).

Although ¥v(™ is a vector of size NK x 1, only @) elements are non-zero.

Typically NK will be much larger than @ and thus, the vector v(™ is sparse.

Moreover the system as described in Eqn. 5.5 is an underdetermined linear system.
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This fact will be utilized later in the development of the compressed sensing (CS)

based receiver described in Section 5.3.3.

5.3.3 Receivers

Three general classes of receivers will be analyzed in this section. We shall
first present the formulation of the maximum likelihood (ML) receiver and then
present a minimum least squared error (LS) receiver [59]. Finally we shall present

a compressed sensing (CS) based receiver.

Projection on Orthonormal Basis

The received signal is first received by a bank of filters which form an
orthonormal basis for the signal space. Since the N orthogonal tones that span
this space form a basis, the received signal is projected on this N dimensional
basis set by passing it through a filter bank (which may be efficiently implemented
via a fast Fourier transform (FFT)) and then downsampling to the symbol rate.
This N x 1 vector, r; = [ro,714,..,"N_14)" is the input to the detector at time
1 as shown in Fig. 5.4. Since the channel is assumed to be flat fading and the
modulation doesn’t have memory, symbol by symbol detection is optimal. When
coding is used (See Section 5.3.4), the entire block of received vectors for the entire

code block is passed to the decoder simultaneously.

Maximum Likelihood(ML) Receivers

In the non-coherent channel with unknown phase, the ML receiver deter-
mines the likelihood of each of the transmitted symbols averaged over all possibil-
ities of the unknown phase. The ML detector at the i-th time slot will calculate

M—l))

each of p(ry|s(®), p(r;|s™), ..., p(r;|s and choose the symbol corresponding

to the maximum of these M values. Thus, the ML estimate is given by:

Sy = | g(m)
SMmL argm:rg%(_lp(rlb ) (5.6)

Note that even though the symbols themselves are not orthogonal, since r;

is the output of an orthonormal basis, the noise components in r; are orthogonal
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and thus the noise covariance matrix, Ry, is diagonal and invertible. The expected
value of the received vector, r; for a particular transmitted symbol, ™) and an

unknown phase shift imposed by the channel, ¢, is given by

Pmo

E [ri|s(m)} = pmt eI? (5.7)

| Pm(N-1) |

where the N x 1 vector [pmo, Pm1, ...pm(N,l)]T is the decomposition of the
transmitted symbol s™ in the orthonormal basis set spanning the space. Note
that for usual orthogonal FSK, only one of [p0, pm1, e P N_l)]T is non-zero while
for our system design with non-orthogonal tones, all the elements are likely to be
non-zero. Since one of the key advantages of using MFSK is in the domain of

non-coherent receivers, none of the receivers presented will rely on the knowledge
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of the unknown phase offset ¢. It is assumed that no training symbols are used
and while a fast automatic gain correction (AGC) keeps the gain of the system
constant, there is no compensation for the unknown phase.

The likelihood function for a non-coherent channel with an unknown phase

offset, ¢, can be calculated using the following approach where jiy, = pm exp’®:

p(r[s™) (5.8a)
27
o (5.80)

2w
- - H H 1 H
N 27Tm+1|Rnn| /0 eXp( ( :R'rlnr + Hm Rnnum Hm Rnn Rnnﬂm))d¢
—_———

(5.8¢)

1 2m )
= —exp | —r"Rr — pIR o / exp | e pHR v +0"R 1 pme’® | do
« N = 0 W_/

78r Am=Ac+JjAs
(5.8d)
2
= 2 oxp(B) (2] ) (5.5¢)

Since Iy, the modified Bessel function of the first kind, is a monotonically
increasing function, in order to determine arg max,,—q_as_1 p(ri|s™), it is sufficient
to determine arg max(|\,,|?). Thus the ML receiver calculates each of the M-values
of [Am|?, one for each symbol and then chooses the symbol corresponding to the
maximum value of |\,,|?. This is a more general version of the well known envelope
detector (see [74]) which is the optimal receiver for the single tone orthogonal
MFSK. The expression derived above is exactly identical to the envelope detector
when pp, has a 1 only in the m-th position and 0s everywhere else, as would be
the case for orthogonal single tone MFSK.

Although there is no closed form expression for the symbol error rate
(SER) for the ML receiver can derive the SER in the following manner. First
we note that for equiprobable symbols the probability of a correct decision P(C') =

M-—1 00
> P(Cls™)P(st) = L Z P(C|s™). Inturn P(C|s™) = [ P(C|s™), )\, =
m=0 —0

Y)Py,, (7)dy where P(C|s™), )\m = =) is the probability of a correct decision given
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a particular value of \,, = . This implies that for all k& # m, [A\r|* < |7|?. Thus
SER may be expressed as:

=

-1

1

SER=1-P(C) =1~

SuIInE

—o00 Ry Ri Rm—1 Rmy1 R

P(C|s™) (5.9a)

M

(7)dAo...dAnr_1dy (5.9b)

E\

-

Ak is a scalar complex Gaussian random variable whose distribution is given
by N (p, 0?) where the mean, 1 = pi pm and o2 is the noise variance at the output
of the matched filters. Each of the regions of integration Ry is given by the region
where |\z|? < |7[%. Although the above expression cannot be evaluated in closed

form, numerical evaluations or Monte Carlo evaluation may be carried out.

LS Receivers

The above expressions have been carried out for a non-coherent flat fading
channel. In these channels, there is a constant and unknown phase offset, ¢, that is
constant across all the tones. For frequency selective channels with unknown phase,
the phase offset, is not constant across the signal bandwidth and in the extreme
case is independent from tone to tone. There is no closed form expression for the
ML receiver for this channel model and indeed if the above receiver is applied to
a signal that goes through a frequency selective channel, then the performance is
poor. However, the LS receivers described next are more useful in those channels
and we derive those next.

The objective of the LS receiver is to select the symbol that minimizes the
least squared error. Thus, if e,, is the LS error for transmitted symbol s®™) then
LS solution is given by:

Srs = arg 1%11]\1} ém (5.10)

If the indices of the @) transmit tones of the i-th symbol are ji, jo, ..., jo
then after being subjected to a frequency selective channel the N x 1 input to the

LS detector at time 7, r; may be expressed as
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&3]

1 (6]
i=—=—H i 5.11
STENc | (5.11)

OéQ_

where F is a normalizing constant and H is given by

= jen(it-0)2 2m(22-0) 2 N e _oyn |
T om0k S amox L X o
=1
Z e]27r fl )% Z 6]2#(J2 -y Z 6]2#(%71)%
n=0 n=0 (512)
N i e NI o i gy 2r (22— )z
Z ei2m (g —N)% Z ei2m(Z-N)% Z ei2m(F—N)&
L n=0 n=0 i
and N = N —1 and each of o, g, ... ag are the () channel coefficients correspond-

ing to each of the transmitted tones. If phase is the only part of the channel that is
unknown, then the channel coefficients have a known constant gain but unknown
phase. If the channel is assumed to be flat in frequency, then the @) coefficients
are identical to each other.

It may be observed that the N x () matrix H is constant for each transmit
symbol. In fact, one can compute a different H,,, corresponding to each of the M
transmitted symbols in the constellation. Assuming symbol m was transmitted,

the scalar least squared error e,, is given by [59]:
em =1i" (In — Hu(Hw"Him) 'Hy'') 1 (5.13)

The LS receiver chooses the transmit symbol that minimizes e,, over all m.
In the above equation, (IN — Hm(HmHHm)_leH) is a N x N matrix that can
be precomputed for each m = [0, 1, ..., (M —1)] and thus the computational burden
on the LS receiver during operation is much less than what would be implied by
the full evaluation of Eqn. 5.13.

For the flat-fading channel with unknown phase, the LS receiver and the
ML receiver yield the same result. However, the LS receiver is more appropriate

during a frequency selective channel, especially when both the gain and phase
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of each tone are unknown. Even though the LS receiver attempts to “fit” the
observation to the model of Eqn. 5.11, and thus indirectly estimates the channel

coefficients, no system resources are expended in this effort.

CS based receiver

One of the disadvantages of the ML and LS receivers is that their complexity
grows with the size of the constellation. Both the ML and LS receivers compute a
metric (respectively, the likelihood and the squared error) for each of the possible
M symbols and then determines the symbol that either maximizes the likelihood
or minimizes the squared error. As M increases, the computational complexity
of this approach also increases. Even though for practical SNRs, the number of
symbols in the constellation of choice is unlikely to get too big, we present in this
section receivers that have a reduced complexity of implementation.

The receiver presented here is a compressed sensing based receiver that is
motivated by the subset selection approach for compressed sensing discussed in [76].
In this work, as in our present problem, the authors work with an underdetermined
linear system as may be seen by inspecting Eqn 5.5. With the a priori knowledge
that only @ elements of the vector ¥(™) are non-zero, we can apply many of the
techniques from the compressed sensing literature to the problem at hand.

CS techniques assume that the solution to the problem is sparse. In our
context, this would imply that () < NK. Since most practical systems would
use a handful of tones per symbol and NK is likely to be hundred (or more), this
assumption is indeed reasonable in this context. As shown in [76], the CS receiver
determines argmin, J(Vv) where

JV) =12V =yl P+ Y [P (5.14)

i=1

where, ®, v are given by Eqn. 5.5, and v is a weighting factor that controls
the tradeoff between the quality of the fit and the sparsity of the solution. For
p = 1, the solution approaches the {1 norm minimization problem. In general, the
CS approach is a suboptimal computationally simpler way of estimating the LS

solution without doing an exhaustive search.
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Of the many CS techniques available, we propose using the regularized ver-
sion of the FOCal underdetermined system solver (FOCUSS) algorithm presented
by Rao et al. in [76]. As will be discussed in Section 5.6.3, the CS receiver can
be further improved if a ML or LS search is done in the immediate neighborhood
of the solution of the CS receiver. The main advantage of the CS receiver is that
the computational complexity does not increase as the number of symbols grows.
As shown in [69], the complexity of various CS algorithms is considerably less
than O((N QK )) For instance, two popular algorithms, /; norm minimization has
a complexity of O(N?(NK)®/?))), and orthogonal matching pursuit (OMP) has a
complexity of O(QK N?) As the problem scales to a large number of symbols, a
CS based receiver may provide options for a lower complexity receiver with rela-
tively little performance loss compared to a LS receiver. The performance of a CS

receiver will be discussed in Section 5.6.3.

5.3.4 FEC Coding

To demonstrate the performance of the proposed system with coding, we
have used the famous Cassini convolution code from NASA which is a rate % code
with a constraint length of 15. The octal representation of each of the 6 encoders
is {042631, 047245, 073363, 056507, 077267,064537}. The code is decoded using a
soft decision Viterbi decoder [74] which is known to be the optimal receiver for

such systems.

5.4 System Capacity

In this section, we investigate the system capacity of the transmission
schemes proposed above. As is well known, the capacity of a channel is defined
as the maximum mutual information, I(X;Y), between the input, X, and out-
put, Y, of a channel maximized over all possible input distributions [24]. In cases
where the the input constellation is known, i.e., the input distribution is known,
the capacity is simply the mutual information 7(X;Y).

Since, in all cases, the received signal shall initially be received by a bank
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of N matched filters (equivalent to projecting the received signal on a orthonormal
basis that spans the received signal space), we shall evaluate the mutual informa-
tion between the output of the matched filters, r, and the input waveform, s, which
is assumed to come from a M-ary constellation with equiprobable symbols.

For this model, the capacity is given by:

M—

C = logy(M Z (s"™|r) log, p(s™|r) (5.15)

The expectation shown in Eqn. 5.15 can be evaluated using Monte Carlo
simulations [40]. In order to carry this out, it is simplest to apply Bayes rule and

express, p(s™|r) as:

p(s™r) = /Zp (r[sP) (5.16)

The capacity of various input constellations may be thus be easily compared

by calculating the capacity for each set of st™).
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=< 56Symbols, 8§ orth tones, 3 tones/symbol
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Figure 5.5: Non-orthogonal MT-MFSK increases system capacity in AWGN
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Fig. 5.5 shows the capacity in an AWGN channel for both traditional
multi-tone MFSK systems as well as the proposed non-orthogonal tone FSK sys-
tem. Fig. 5.5 compares an orthogonal system with 8 orthogonal carriers (sending
2, 3 or 4 tones at a time, resulting in systems with 28, 56 and 70 symbols respec-
tively), to three proposed systems with the same number of symbols, but using
non-orthogonal tones. Since the number of symbols in most practical systems is
typically a power of 2, two systems with 64 symbols are also compared. The 64-
symbol system is obtained by selectively not using 6 of the worst symbols from the
70-symbol system. The exact mapping of the non-orthogonal tones to symbols for
the proposed system is given in Appendix 5.A. As can be seen, the performance
gains are significant, with some non orthogonal configurations achieving the same
bit rate as the orthogonal systems with as much as 2.5dB less transmit power.
Looking in the other dimension, at an £, /Ny = 2dB, the capacity with an orthog-
onal tone 64 symbol system is about 1.25bits/symbol whereas the capacity for a
64-symbol non-orthogonal system in the same bandwidth and symbol rate is just
under 5bits/symbol — a 4 fold increase in system capacity.

Although Fig. 5.5 shows the gains that arise in an AWGN channel, we
are typically more interested in the non-coherent case where there is an unknown
phase offset across the whole symbols. In that case, p(r|s™)) needs to be obtained
by averaging over the distribution of the unknown phase. This was evaluated
in Eqn. 24 of [20] and was used by us for the simulations in Sec. 5.6.1 where
we show the increased capacity of non-orthogonal MT-MFSK in a non-coherent
system model. A similar approach was also taken by Céline Durand in [42] in
evaluating the capacity of non-orthogonal signaling that was spread over multiple

symbol durations.

5.5 SNR Estimation

In this section we shall derive the Cramér-Rao lower bound (CRLB) and
maximum likelihood (ML) estimators for general MFSK. The expressions derived

below are applicable to orthogonal and non-orthogonal FSK, to single tone and
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multitone FSK. As described in Chapter 3, the estimation of signal to noise ratios
(SNR), can be broadly divided into two different approaches — data aided (DA) and
non-data aided (NDA). The DA approach assumes that the transmitted symbols
are known perfectly while the NDA approach assumes that the transmitted symbols

are unknown, but that they belong to a known discrete constellation.

5.5.1 DA SNR Estimation

The DA SNR estimation model used assumes a flat block fading model
where a block of L known MT-MFSK symbols are assumed to have the identical
channel and noise characteristics. The noise and channel are independent of each
other and independent of the transmitted symbols. The noise and channel are also
assumed to be i.i.d from symbol to symbol. The received samples at the output of

the receiver may be written as
r; =ap;+1n; (5.17)

where r; and n; are, respectively, the N x 1 received vector and noise vector at
time ¢, o is the scalar complex channel and p; is the correlation of the transmit
symbol with the orthonormal receive basis as described in Sec. 5.3.3. Since the
transmitted symbols are of unit power, the SNR is then v = |Z‘—‘22 where o2 is the
noise variance (which also needs to be estimated). Since « is a complex quantity,
the parameter vector of interest that needs to be evaluated is © = [a, o, UQ]T.
Taking an approach very similar to what we demonstrated in [28] and [29]

and presented in Chapter 4, we can show that the normalized Cramér-Rao lower
bound (NCRLB) for SNR estimation is given by

CRLB 2 1

NCRLB = . .
CR v? I/L+NL

(5.18)

The maximum likelihood (ML) estimator for MFSK SNR estimation is also
straightforward. If all the received symbols in the block of length L are stacked in
a NL x 1 sized vector T = ap + n where T, p and i are respectively [ry, ro, ...rL]T,

[p1, po, ...pL]T and [nj, ny, ...nL]T, then the ML estimates of 02, a and v are given
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by:
ami = (35) 7 (5.192)
1 &
il = Oﬁ‘iL (5.19¢)
UML

In [52], the authors also determine the DA SNR for non-orthogonal MFSK.
However the authors work with the magnitude squared of the output of the received
filters, i.e., they work with r?, while we work with r; and consequently we obtain

a better (lower) limit for the CRLB.

5.5.2 NDA SNR Estimation

In the non-data aided case, there is no closed form solution for the CRLB.
The received signal is represented by a Gaussian mixture density. The log-likelihood
function for each of the i.i.d. received samples is given by:
M-1
> plrilp, ©
1=0

q=Inlp(r;;©)] = —In(M) + In (5.20)

where p(r;|p;, ©) = WN}TQN exp(— %’) and ¢;; = (r; — apl)H (r; — ap;) Then
following the steps outlined in Chapters 3 and 4 and carrying out the final expec-
tation necessary to evaluate the Fisher information matrix using a Gauss-Hermite
quadrature, we evaluate the CRLB for NDA SNR estimation non-orthogonal MT-
MFSK. The results are shown in Fig. 5.22.

For low SNR and high SNR regions we derived closed form approximations

for the normalized CRLB as shown in Eqns. 5.21 and 5.22.

oN 1

NCRLB_Low_SNR — 21
CRLB Low SNR =~ 4 —— (5.21)
NCRLB.High SNR — 2 ¢ -, b (5.22)
SNSRI T NL T NL '
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Simulation Results

5.6.1 Capacity of non-orthogonal MT-MFSK systems

The capacity of the proposed MT-MFSK systems in a non-coherent envi-

ronment with an unknown phase (assumed to be constant over a whole symbol)

was evaluated using the method of Monte-Carlo simulations as described in Sec.

5.4. As two illustrative examples, we evaluate the capacity of two unit band-

width (1Hz) systems: a) with symbol rate Ry = 1/2 Hz, and b) with symbol rate

Ry =

1/8 Hz. In the first case, if only orthogonal tones were used, the bandwidth

would be occupied by N = 2 orthogonal tones while in the second, the bandwidth

would be occupied by N = 8 orthogonal tones.

Capacity (bits/symbol)

>
n
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|91
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—0— Q =2, M =8, K=100/2, Non—orthogonal
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Figure 5.6: N = 2; Higher capacities for non-orthogonal MT-MFSK.

Non-coherent channel with unknown phase.

In both cases, we evaluate 3 metrics of comparison. First we present the

capacity in information bits per symbol as a function of E;/Ny in dB where FEj

is the energy per symbol and Ny is the noise power spectral density. Second,
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we show the minimum £,/N, (in dB) required to obtain the capacity expressed
in information bits per symbol where Fj} is the energy per information bit, and
finally, we present the minimum FEj, /Ny required as a function of the capacity, this
time expressed in bits per second per Hz (bits/s/Hz). These three equivalent views

present slightly different interpretations that are useful in different contexts.
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Figure 5.7: N = 2; Non-orthogonal MT-MFSK achieves 1 bits/symbol with ~
3.6dB less Ej,/Ny. Non-coherent channel with unknown phase.

Figs. 5.6, 5.7 and 5.8 show the capacity of a non-coherent system with
unit bandwidth (1Hz) and Ry = 1/2Hz. With that symbol rate and bandwidth,
the only orthogonal tone system possible uses N = 2 tones and sends ) = 1
tone per symbol for a total of M = 2 symbols. The orthogonal system has a
maximum capacity of 1 bits/symbol (Figs. 5.6 and 5.7) or 0.5 bits/s/Hz (Fig.
5.8) and it achieves this at E,/Ny = E},/Ny ~ 10dB. In contrast, non-orthogonal
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systems achieve this same capacity at Fs/Ny = E,/Ny ~ 6.4dB — a significant

improvement.
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Figure 5.8: N = 2; Non-uniformly spaced MT-MFSK enables higher spectral

efficiencies. Non-coherent channel with unknown phase.

Three different non-orthogonal systems are presented in Figs. 5.6, 5.7

and 5.8. The first two, are traditional non-orthogonal systems where the non-

orthogonal tones are spread uniformly throughout the bandwidth. We show sys-

tems with 4 and 8 tones spread in the bandwidth occupied by the 2 orthogonal

tones. For these two systems, the two values of K (see Table. 5.1) are respectively

given by 4/2 = 2 and 8/2 = 4 and they both transmit () = 1 tone per symbol.

The third non-orthogonal system also has M = 8 symbols, but sends ) = 2 tones

per symbol and chooses these 8 symbols from a set of 100 non-orthogonal tones.

Thus, K = 100/2 = 50 for this system. It can be seen from Figs. 5.6, 5.7 and
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5.8 that the multi-tone non-orthogonal system out performs the orthogonal tone
system.

Using the non-orthogonal MT-MFSK is advantageous on two fronts. First,
the orthogonal system is incapable of achieving a capacity higher than 0.5 bits/s/Hz,
whereas the non-orthogonal system can achieve much higher capacities and sec-

ondly, there is a significant performance improvement.
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Figure 5.9: N = 2; Spectral efficiency in Rayleigh fading channel improves with
non-orthogonal MT-MFSK

In Fig. 5.9 we show the performance of the same systems in frequency
flat Rayleigh fading i.e., both the gain and the phase are assumed unknown (but
constant for a symbol). As usual, the phase is assumed to be distributed uniformly
from 0 to 27 radians and the gain is assumed to be distributed from a complex
circular Gaussian random variable with mean and variance both equal to unity. It
may be seen that at a spectral efficiency of 0.5 bits/s/Hz, the best non-orthogonal
system outperforms the 2-orthogonal tone system by a remarkable 10dB! At 0.4
bits/s/Hz, the performance advantage is about 4.5dB.
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Figs. 5.11, 5.10, 5.12 show the capacity of a unit bandwidth system with
R, = 1/8Hz. At this symbol rate, if only orthogonal tones were used, this band-
width would have been occupied by N = 8 orthogonal tones.

9 : : : : ; ;
= === Q=4,M=70,K =1, Orthogonal :
8[" --4-- Q=2,M=140,K = 129/8, Non-orthogonal ~ ~ "~~~ "=" """ o8-~ .
—0— Q =2, M =280, K = 129/8, Non—orthogonal : :
7+ ) ] ) Y, 5.0 O-0.
Gb g u g4 0= 00-0-0-0-0-0 |

L 9}
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Y
i

2 T , ’ ............................................

98]

Capacity (bits/symbol)
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-10 =5 0 5 10 15 20 25
ES/NO (dB)

Figure 5.10: N = 8; Increased capacity with non-orthogonal MT-MFSK

As may be seen from Figs. 5.10 and 5.11, such a system achieves its maxi-
mum spectral efficiency when () = 4 tones per symbol, resulting in M = (Z) =70
symbols. In that case, the spectral efficiency is 6.13 bits/symbol or 0.77 bits/s/Hz
which may be achieved by the orthogonal system at E,/Ny ~ 15dB or E,/Ny ~
8dB.

However, the best non-orthogonal system simulated can achieve the same
spectral efficiency at an E,/Ny ~ 12dB a performance improvement of about 3dB.
In this case, the non-orthogonal system used had a total of M = 280 symbols with
each symbol consisting of () = 2 tones chosen from a total of 129 tones spread in
the same bandwidth. An additional advantage of this system over the orthogonal
tone system is that in this case, the non-orthogonal MT-MFSK symbols use only

2 tones per symbol whereas the orthogonal system has 4 tones per symbol. This
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Figure 5.11: N = 8; Performance gain is ~ 2dB at 6 bits/symbol

reduces the peak to average power ratio (PAPR) of the transmit waveform.

It is worth emphasizing that in both the systems simulated in this section,
the orthogonal tone system has an upper limit of spectral efficiency. For the two
tone example, it was 0.5 bits/s/Hz, and in the 8-tone example the maximum was
0.77 bits/s/Hz. However, there are no such limits when we use non-orthogonal
tones. Even though, in the example with 2 orthogonal tones, Figs. 5.11-5.12 show
non-orthogonal systems that go up to only 3 bits/symbol, there is nothing that

prevents the design of a non-orthogonal systems with higher spectral efficiencies.

5.6.2 Non-orthogonal MT-MFSK with Optimal Receivers

In the following we present the results of simulations of various system
configurations and compare it to the performance of traditional FSK. In all cases,
the systems simulated have been assumed to have unit bandwidth and the symbol
rate (R,) is varied between the different experiments. For example, in Fig. 5.13,

Rs = 1/2 Hz and consequently the bandwidth is occupied by 2 orthogonal tones.
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Figure 5.12: N = 8; Spectral efficiency in non-coherent channel with unknown

phase

In Fig. 5.14, Ry = 1/4 Hz and so the bandwidth is occupied by 4 orthogonal
tones. Each data point is the result of a Monte Carlo simulation with at least
300 errors. Fig. 5.13, 5.14, 5.15, 5.16, 5.17 all show the symbol error rate (SER)
vs SNR curves of a non-coherent receiver where each symbol has a constant (and
unknown) phase and, respectively, represent systems with R, = %, }1, %, % and %
Hz. In each case, the simulations are conducted by generating a symbol randomly
from the symbol set where each symbol is assumed to be equiprobable. Then the
channel output is obtained by adding a zero mean random additive white Gaussian
noise (AWGN) with variance commensurate to the SNR of interest and distorting
the signal with a random phase distributed uniformly between 0 and 27 radians.
For a fair comparison each symbol in all the simulations is normalized to unit
power. The symbol to tone mapping of each constellation is given in Appendix
5.A.

In Fig. 5.13 the performance of traditional MFSK system with N = 2
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Figure 5.13: N = 2; Non-coherent channel with ML receiver. As SNR increases,

spectral efficiency can be increased.

orthogonal tones and a spectral efficiency of 0.5bits/s/H z is shown (Q =1, M =
2). In the traditional system, it is not possible to improve the spectral efficiency
above 0.5 and thus even if Fy/Ny were to improve beyond that required by the
orthogonal system, no further improvements in spectral efficiency could be made.
Fig. 5.13 shows that the spectral efficiency could be increased to 1.2bits/s/H z with
a commensurate increase in the required E,/Ny. Like the traditional system, three
of the four non-orthogonal systems shown also sends a single tone per symbol, thus
retaining the constant envelope modulation that leads to cheaper amplifier design
with no linearity requirements. If, however, the cost of a linear amplifier can be
tolerated by the system, a further performance gain of about 1dB (at a SER of
1073) can be obtained by using a system that transmits = 2 tones instead of
one.

Fig. 5.14 shows the performance for a system with R, = 1/4. The tradi-
tional orthogonal MFSK could send either a single tone per symbol (Q) = 1) (re-
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Figure 5.14: N = 4; Non-coherent channel with ML receiver. 2 solid lines
indicate orthogonal MT-MFSK. Non-orthogonal MT-MFSK offers more choices.

sulting in M = 4 symbol constellation with spectral efficiency of 0.50bits/s/Hz)

4
2

stellation with spectral efficiency of 0.65bits/s/Hz). It may be seen that the

or (Q = 2 orthogonal tones per symbol (resulting in a M = ( ) = 6 symbol con-
non-orthogonal system with a spectral efficiency of 0.7bits/s/Hz has approxi-
mately the same performance as the traditional system with a spectral efficiency
of 0.65bits/s/Hz. Moreover, the non-orthogonal system uses only a single tone
per symbol and thus has a constant envelope modulation whereas the orthogonal
MT-MFSK system uses 2 tones per symbol and thus has a higher PAPR. We show
the performance non-orthogonal systems with a single tone per symbol as well
as () = 2 tones per symbol demonstrating that further gains can be made if the

additional expense of a linear amplifier can be tolerated.

Fig. 5.15 shows the similar performance gains for a system with R, = %.
Orthogonal MT-MFSK can have systems with 1, 2, 3 or 4 tones per symbol,

resulting in systems with 8, 28, 56, and 70 symbols respectively. It can be seen
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Figure 5.15: N = 4; Non-coherent channel with ML receiver. Performance gap

between orthogonal and non-orthogonal MT-MFSK increases with M.

that each of the 28, 56 and 70 symbol orthogonal tone FSK systems is outperformed
by a corresponding non-orthogonal tone system. Moreover, the proposed system
sends at most 2 tones per symbol, whereas the orthogonal system would need to
send as many as 4. Thus, the proposed system has a lower PAPR in addition to
better performance. Fig. 5.16 and 5.17 show the corresponding result for R, = %.
For ease of display not all possible orthogonal systems are shown. Nearly all the
orthogonal systems are outperformed by a corresponding non-orthogonal system.
A notable exception is the orthogonal system that sends () = 4 of the 16 orthogonal
tones per symbol resulting in a system with M = (146) = 1820 symbols. In this
case, an equivalent non-orthogonal system with better performance could not be
found. However, this is likely to be of limited practical utility since most practical
systems do not use over 1000 symbols.

Fig. 5.18 revisits the system with R, = %, but now subjects the system with

more harsh channels. We show the performance of systems where a) the phase is



149

SER

———— SE =0.25b/s/Hz, Q=1,M =16
===t == SE=027b/s/Hz, Q =1, M =20
—p— SE=0.29b/s/Hz, Q=1,M =24
10 | =—=A— SE=0.30b/s/Hz, Q=1,M=28
==0==SE=0.31b/s/Hz,Q=1,M=32
==4F == SE=0.31b/s/Hz, Q=2, M =32
= —0- = SE=0.30b/s/Hz, Q =2, M =28

6 7 8 9 10

Figure 5.16: N = 16; Non-coherent channel with ML receiver. Shows increased
granularity of spectral efficiency with MT-MFSK and the performance gains from

using multitone symbols.

unknown but constant across the entire symbol b) where the phase is unknown and
is independent from tone to tone and c¢) Rayleigh fading with each tone undergoing
independent phase and gain distortion while going through the channel.

Fig. 5.19 shows the performance gains with the Cassini convolutional code
described in Section 5.3.4. It can be seen that the non-orthogonal system has
close to 2 dB of gain. The mapping of bits to symbols used is a simple binary
representation. It is possible that with a better bit mapping, a lower BER could
be obtained at the same Ej,/Nj.

5.6.3 Reduced complexity receivers

Fig. 5.20 shows the performance of two reduced complexity receivers in
two types of channels a) a flat fading channel with only an unknown phase offset

across the symbol and b) a frequency selective channel with both the gain and
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Figure 5.17: N = 16; Non-coherent channel with ML receiver and L1-norm
minimization receiver. Performance of multitone symbols. Non-orthogonal

systems outperform all except M = 1820 system.

phase being i.i.d. at each transmit tone. In both cases they are compared to
the optimal ML or LS receivers which give the best performance. The system
analyzed is a Ry = 1/8 system with the bandwidth occupied by N = 8 orthogonal
tones packed with NK = 100 non-orthogonal tones, and each of the M = 64
symbols consisting of two transmit tones. The simplest receiver merely carries out
a NK = 100 point FFT of the received signal, determines the two highest peaks
and then does a LS search in the immediate neighborhood of the peaks.

The next receiver employs CS based techniques and employs the FOCUSS
algorithm described in [76] and then does a LS search in the immediate neighbor-
hood of the two peaks determined by the FOCUSS algorithm.

It can be seen that the performance of the simplest receiver is only slightly
worse than that of the CS based receiver for the flat fading channel, however,

it fails for the frequency selective channel. This is expected since the channel
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Figure 5.18: N = 8; Performance with 3 different channels.

gains of the two tones in the frequency selective fading can be quite different
and thus the approach of determining the peaks after only a FFT at the receiver
leads to erroneous results that cannot be corrected by looking in the immediate
neighborhood of the two peaks. The CS technique however, performs significantly
better and has a performance penalty of about 2dB at a BER of 1072 for the
frequency selective channel. For the flat fading channel, the CS receiver penalty is
about 1dB.

For the 64 symbol system analyzed the computational complexity advantage
is not significant and the performance penalty incurred eliminates the need for a

CS based receiver, however, as the system scales up to potentially thousands of
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Figure 5.19: N = 8; Performance gain of ~ 2dB with convolutional code and

soft decision Viterbi decoding

symbols these receivers become much more important. The high SNR required for
such large scale systems may make them unrealistic for practical systems, but we
present this receiver for the sake of completion and to indicate the application of

CS in a new arena.

5.6.4 SNR Estimation Results

Fig. 5.21 and 5.22 show the normalized CRLB and the normalized mean
squared error (NMSE) plotted versus Fg/Ny for various system configurations.
Each simulation point was derived by keeping the channel gain fixed and gener-
ating random and i.i.d. samples of noise with the specified noise power. Each of
the curves show the analytical normalized CRLB together with the NMSE for the
ML estimator. The system simulated used a 100 symbol block fading model where
the channel is assumed to be constant across 100 symbols and then varying inde-

pendently from block to block. It can be seen that the ML estimator attains the
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Figure 5.20: N = 8; Receiver complexity vs performance tradeoff

CRLB over the entire range of SNRs simulated. It should be pointed out that the
CRLB is independent of the number of symbols in the system and only dependent
on the number of tones in the orthogonal basis for the received signal space. Thus,
e.g., a system with Ry = 1/2, which is spanned by N = 2 orthogonal carriers has
the same CRLB for SNR estimation regardless of whether we are considering a
system with 2 symbols or 5 symbols. This makes intuitive sense since the ability
to estimate SNR is dependent on the number of independent noise paths through
the system which is dependent on the number of elements in the orthonormal ba-
sis. In Fig. 5.21 we reproduce one of the curves from [52] where it may be seen
that the NMSE of the estimator used is higher that what we can achieve. Since

the estimator used in [52] uses the amplitude square of the receiver output while
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we work with the complex output of the receiver, the estimator of [52] does not
use all the information available and thus the performance is worse. We have also
corrected a small error in the simulations done in [52] and we acknowledge the
authors for their help in correcting this issue ( [52], Fig. 9 the x-axis should be
labeled “average” SNR. Carrying out the simulation with a constant SNR results

in slightly better results than what was published as shown in Fig. 5.21).

NCRLB, NMSE
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Figure 5.21: Data aided SNR estimation. Estimators achieve CRLB.

Fig. 5.22 compares the NCRLB vs E;/N; performance for NDA and DA
SNR estimation. It is interesting to note that at low SNRs the NCRLB for a system
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with N = 4 (i.e,, Ry = i with 4 orthogonal carriers spanning the bandwidth) is
higher than that for a system whose bandwidth is spanned by 2 orthogonal carriers
(i.e.,, Ry = %) but at high SNRs their relative performance is swapped. Both the

exact values as well as the closed form low SNR approximations are shown.

Figure 5.22: Non-data aided SNR estimation

5.7 Conclusion

In this chapter, we evaluate the advantages of a non-orthogonal multi-tone
MFSK communication scheme. We show that the fundamental limits of perfor-
mance of such schemes are better than that of orthogonal MT-MFSK by comparing
the capacity of the channel. We demonstrate the gains that can be realized in prac-
tical systems by showing about a 2dB performance gain in specific configurations.
We have presented the ML receiver for a flat fading channel with unknown phase.
For frequency selective channels, we have derived the LS and CS based receivers.

We also present the CRLB and ML estimators for the SNR estimation of DA non-
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orthogonal FSK and show that the ML estimators achieve the CRLB. For non-data
aided SNR estimation we present a method for calculating the exact CRLB and
present closed form expressions for approximations of the NDA SNR estimate. We
show that such a non-orthogonal MT-MFSK, coupled with accurate SNR estima-
tion, could be used in a rate adaptive manner and different users could share the
channel, but receive their data at a rate commensurate with their link conditions.
This significantly improves the overall system spectral efficiency.

The contents of this chapter has been submitted for consideration of pub-

lication to the IEEE Transactions of Signal Processing.

5.A Appendix: Configurations for
Non-orthogonal FSK

In this appendix we shall present the configurations for the various non-
orthogonal systems presented. For each setup we shall denote the quantity N K,
which represents the total number of tones in the grid to be considered and then
for each of the M symbols in the constellation we shall give the indices of the tones
in the grid. In this convention, the first tone is numbered 1. Thus, as an example,
if NK = 16, it implies that there are 16 equally spaced, but non-orthogonal tones
in the available grid and if the system uses 2 symbols with tones (1,2,3,4) and
(13,14,15,16) then it implies that the system sends 4 tones per symbol, that the
1st symbol sends tones numbered 1,2,3 and 4 from the grid, the second symbol
sends tone numbers 13-16 and that some tones are left unused. The tones in
the grid are uniformly placed across the unit bandwidth, but the tones actually
transmitted per symbol and thus the tones actually used in the constellation may

not be uniformly spaced.
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R;, NK M Tones/Symb Symbol to Tone Map

L33 1 0.2, 0

L4 g L (1,26,

3 5 5 1 (1), (2), (3), (4), (5)

L4005 2 (2,3), (1,71), (36,39), (71,74),(106,109)

;i 5 5 1 (1), (2), (3), (4), (5)

i 6 6 1 (1), (2), (3), (4), (5), (6)

L7 1 1), @), (), (), (), (6), (7

L4007 2 (1,38), (2,68), (10,105), (26,31), (45,112),
(75,113), (81,89)

L1407 2 (1,38), (2,68), (10,105), (26,31), (45,112),
(75,113), (81,89)

10 8 2 (1,94), (1,29), (2.62), (T4,78), . (34,95),
(45,50), (64,98)

Table 5.3: Tone to symbol map for N = 16
R, = NK = 140, # of Symb = 28, Tones/Symb = 2

16’

(1,2) (4,135) (6,128) (7,121) (9,113) (10,106) (12,91) (13,84) (15,69) (16,62)
(19,90) (22,68) (23,61) (27,30) (20,83) (24,54) (33,137) (35,131) (36,124)

(38,109) (39,102) (41,87) (42,80) (43,73) (45,58) (46,51) (65,96) (76,116)

Ry =%

16”

NK = 140, # of Symb = 32, Tones/Symb = 2

(1,
(
(
(

2) (4,135) (5,128) (7,120) (8,113) (10,97) (11,90) (12,83) (14,67) (15,60)
16,53) (17,46) (18,39) (19,32) (22,103) (25,88) (28,73) (36,78) (43,70) (56,124)
22.110) (24,95) (26,81) (36,71) (43,77) (49,100) (49,107) (57,117) (63,123)
64,116) (86,130) (92,136)
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Table 5.4: Tone to symbol map for N =8

R, = %, NK = 140, # of Symb = 28, Tones/Symb = 2

(1,32) (1,17) (3,124) (5,109) (8,95) (10,79) (11,62) (13,45) (16,30) (19,124)
(21,108) (23,91) (26,78) (27,61) (35,125) (38,90) (39,73) (42,57) (47,136)
(50,101) (50,118) (53,36) (64,134) (67,100) (67,117) (82,115) (97,131) (113,128)

Ry =%, NK =100, # of Symb = 56, Tones/Symb = 2

(1,24) (1,9) (1,16) (1,36) (1,49) (1,56) (2,87) (3,75) (5,64) (7,93) (9,54) (9,81)
(10,41) (10,74) (11,20) (12,63) (12,89) (13,22) (13.49) (15,37) (17,81) (19,61)
(19,70) (20,93) (21,45) (21,53) (23,78) (24,34) (24,88) (25,68) (26,61) (28,52)
(30,75) (31,83) (33,43) (33,68) (33,91) (35,59) (38,83) (39,76) (40,97) (42,52)
(42,66) (42,91) (46,83) (49,65) (49,73) (51,94) (54,89) (56,66) (56,80) (61,96)
(64,86) (65,75) (70,94) (76,86)

Ry =3, NK =100, # of Symb = 70, Tones/Symb = 2

1
87

(1,24) (1,9) (1,15) (1,34) (1,41) (1,49) (1,60) (1,68) (1,87) (2,76) (6,21) (7,67)
(7,92) (8,39) (9,52) (11,29) (8,59) (9,83) (10,75) (13,21) (13,47) (15,58) (15,69)
(16,36) (16,88) (18,77) (20,46) (20,65) (21,54) (21,85) (23,41) (23,73) (24,33)
(24,94) (25,62) (27,81) (28,48) (28,70) (29,56) (29,89) (31,78) (33,64) (34,44)
(35,53) (35,86) (36,72) (36,94) (38,61) (39,80) (41,69) (43,38) (44,54) (44,77)
(46,65) (48,85) (49,73) (49,94) (52,81) (53,63) (54,70) (55,92) (57,78) (61,72)
(62,86) (63,94) (68,79) (70,91) (75,86) (78,96) (84,94)

46,65
62,86




Chapter 6
Conclusions

In this dissertation, we have attempted to outline a few techniques that
we believe will further the cause of more efficient communications. As the data
exchanged daily through our communication networks continues to grow, every
attempt should be made to convey information more efficiently and our work is a
small step towards that goal.

Both in the arena of coherent communications as well as in the area of
non-coherent communications the techniques proposed in this dissertation help to
increase the spectral efficiency, or to have the same spectral efficiency at a lower
transmit power. We have achieved these gains by challenging conventional de-
sign choices and by showing that conventional design choices are not necessarily
optimal. Some of these choices have been made in the past due to simplicity of
implementation, but with the incredible advances of computing power and tech-
nology, the time is right to question some of these choices.

Symbols aligned in time from different transmitters have been the hallmark
of MIMO communication for quite sometime. However, in Chapter 2, we show
that transmitting from the different transmitters offset in time leads to better
performance. Similarly, orthogonal FSK has been the basis of non coherent com-
munications for over 50 years, but again we show in Chapter 5 that by judiciously
choosing to have non-orthogonal tones, not only is the performance improved but
also the designer is presented with many more choices in system design. In both

these areas, our unorthodox choices of symbol timing and frequency spacing leads
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to significant performance improvements. We do not claim, however, that the last
word has been said on these topics. There are quite a few areas open for additional
research and we hope future researchers shall explore these boundaries.

In the arena of SNR estimation, we have derived the fundamental lower
bounds that should form the basis of the evaluation of any practical estimator.
Even if the iterative ML estimator presented is deemed to be too computational
complex, other estimators should be compared against the fundamental lower
bounds to see if there is a reasonable tradeoff of simplicity of implementation
relative to performance degradation. The technique for detecting the onset of non-
linearity described in Chapter 3 has been implemented and is currently operational

in a network with about lmillion customers.

6.1 Potential Future Research Areas

Some of the potential future areas of research are the following:

e Our work in the area of timing offset MIMO has been primarily limited to
single carrier MIMO. Most modern MIMO systems have been proposed in
the multi-carrier or OFDM framework and timing offset MIMO should be
extended to such systems. In the area of timing offset MIMO techniques,
although we have presented some techniques for a better pulse design that is
explicitly designed for such systems, we have not designed an optimal pulse

shape and this is one potential area of further research.

e In the area of non-orthogonal MFSK, research could go in quite a few dif-
ferent areas. First, a better search technique (or a constructive approach) to
symbol set design could be researched. The problem could be stated as the
following: Given a set of non-orthogonal tones, to determine the best symbol
set with a specified number of symbols. Secondly, in the area of the design of
compressed sensing based receivers, researchers could investigate the optimal
receiver taking advantage of the structure in the codebook. Thirdly, practi-

cal systems have to deal with timing and frequency uncertainty and thus the
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system gains of the proposed system in the presence of practical timing and

frequency uncertainty could be investigated.

In conclusion, we hope our work will prove helpful to other researchers who
share our passion of improving modern human communications. We believe that
there is much yet to be discovered even in these specific areas and our research is
merely “an arch wherethro’ gleams the untravell’d world, whose margin fades for

1

ever and for ever”" as we move the boundaries of human knowledge.

!Tennyson, “Ulysses”, pub. 1842



Appendix A

Abbreviations

Abbreviation Full Form

16-QAM 16-ary Quadrature Amplitude Modulation
32-APSK 32-ary Amplitude and Phase Shift Keying
3GPP 3rd Generation Partnership Project

8PSK 8-ary Phase Shift Keying

AGC Automatic Gain Correction

AWGN Additive White Gaussian Noise

BER Bit Error Rate

BPSK Binary Phase Shift Keying

CDD Cyclic Delay Diversity

CDF Cumulative Distribution Function

CRLB Cramer-Rao Lower Bound

CS Compressed Sensing

DA Data Aided

DOCSIS Data over Cable Service Interface Specification
DVB-S2 Digital Video Broadcasting - Satellite (2nd Generation)
EM Expectation Maximization

FCC Federal Communications Commission

FEC Forward Error Correction

... Continued
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Abbreviation Full Form

FFT Fast Fourier Transform

FIM Fisher Information Matrix

FOCUSS FOCal Underdetermined System Solver

FPGA Field Programmable Gate Array

FSK Frequency Shift Keying

GEO Geosynchronous Satellite

GMM Gaussian Mixture Density

IAI Inter Antenna Interference

IBI Inter Block Interference

IF Intermedia Frequency

1D Independent and Identically Distributed

ISI Inter Symbol Interference

LLR Log Likelihood Ratio

LMMSE Linear Minimum Mean Squared Error

LS Least Squared

LTE Long Term Evolution

MAESTRO Multiple Antenna Enhancement via Symbol Timing Relative
Offset

MC-FSK Multi Carrier Frequency Shift Keying

MCRLB Modified Cramer Rao Lower Bound

MFSK M-ary Frequency Shift Keying

MF-TDMA Multi Frequency Time Division Multiple Access

MIMO Multiple Input, Multiple Output

MISO Multiple Input, Single Output

ML Maximum Likelihood

MLSD Maximum Likelihood Sequence Detector

MMSE Minimum Mean Squared Error

MPSK M-ary Phase Shift Keying

... Continued
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Abbreviation Full Form

MQAM M-ary Quadrature Amplitude Modulation
MT-MFSK Multi-Tone M-ary Frequency Shift Keying
NASA National Aeronautics and Space Administration
NCRLB Normalized Cramer Rao Lower Bound

NDA Non Data Aided

NMSE Normalized Mean Squared Error

OFDM Orthogonal Frequency Division Multiplexing
OFDMA Orthogonal Frequency Division Multiple Access
OSIC Ordered Successive Interference Cancellation
OSTBC Orthogonal Space Time Block Codes

P1dB 1dB compression point

PA Power Amplifier

PAPR Peak to Average Power Ratio

PDF Probability Density Function

PER Packet Error Rate

PHY Physical Layer

QoS Quality of Service

QPSK Quadrature Phase Shift Keying

RF Radio Frequency

RNG-REQ Range Request

SER Symbol Error Rate

SIC Successive Interference Cancellation

SIMO Single Input, Multiple Output

SINR Signal to Interference plus Noise Ratio

SISO Single Input, Single Output

SM Satellite Modem

SNR Signal to Noise Ratio

SRRC Square Root Raised Cosine

... Continued
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Abbreviation Full Form

TDD Time Division Duplexing

TDMA Time Division Multiple Access

UWB Ultra Wide Band

VBLAST Vertical Bell Labs Layerd Space Time
ZF Zero Forcing
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