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ABSTRACT

The demand for wireless systems has been growing rapidly over the recent years due to
improved reliability, high data rates, seamless connectivity and low deployment costs. MIMO
systems are the most efficient leading innovation of wireless systems for maximum capacity
and improved quality and coverage. This theory has been around for a long while but the
complexity involved and the signal processing required has been a major drawback to its wide-
spread use. However, recent improvements in Digital Signal Processing (DSP) technology has

made it possible to now construct such transmission systems.

In this thesis we study different adaptive blind and nonblind algorithms for MIMO systems
such as LMS, CMA, SMI, and combined algorithms, LMS-CMA, and SMI-CMA. Moreover,
we compare these adaptive array algorithms with other known class of MIMO linear receiver
(channel estimation) techniques like Zeroforcing (ZF) and minimum mean square error
(MMSE) methods. In addition to this, we have discussed Capacity of MIMO systems and
different MIMO transmission techniques such as spatial diversity (SD), Spatial
multiplexing(SM).

The results of performance evaluation for Adaptive array MIMO receivers revealed that LMS
has better BER performance than SMI, SMI-CMA, and ZF and the same performance with
MMSE with no need of CSI. LMS algorithm has slow convergence but low complexity
compared to MMSE algorithm that has fast convergence with very high complexity. Moreover,
the number of training signals can minimized by 62.5% at the cost of 2-4dB SNR using
nonblind algorithm( LMS) combined with blind algorithm( CMA).

Keywords: Adaptive arrays, MIMO systems, MIMO receivers, blind algorithms, nonblind
algorithms, LMS
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CHAPTER:

1 INTRODUCTION

1.1 Background

New generations of wireless mobile radio systems aim to provide higher data rates and a wide
variety of applications (like video, data, etc.) to mobile users while serving as many users as
possible. However, this goal must be achieved under spectrum and power constraints. Given the
high price of spectrum and its scarcity, the systems must provide higher system capacity and

performance through better use of the available resources [15].

Wireless MIMO channels have been recently attracting a great interest since they provide
significant improvements in terms of spectral efficiency and reliability with respect to single-
input single-output (SISO) channels. The gains obtained by the deployment of multiple
antennas at both sides of the link are the array gain, the diversity gain, and the multiplexing gain
[41]. The array gain is the improvement in signal-to-noise ratio (SNR) obtained by coherently
combining the signals on multiple-transmit or multiple-receive dimensions while the diversity
gain is the improvement in link reliability obtained by receiving replicas of the information
signal through independently fading dimensions. These gains are not exclusive to MIMO
channels and also exist in single-input multiple output (SIMO) and multiple-input single-output
(MISO) channels. In contrast, the multiplexing gain, which refers to the increase of rate at no
additional power consumption, is a unique characteristic of MIMO channels [43]. The cost of
this increased rate is the added cost of deploying multiple antennas, the space requirements of
these extra antennas (spatially on small handheld units), and the added complexity required for

multi-dimensional signal processing [15, 41, 43].

The maximization of SINR, achieved through focusing energy into the desired directions and
minimizing energy towards all other directions, is commonly known as Beamforming. This

allows spatial access to the radio channel by means of different approaches, e.g., based on
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directional parameters or by exploiting the second order spatial statistics of the radio channel.
Thus, space-time processing reduces interference and enhances the intended signal. Moreover,
adaptive antennas can exploit long-term and/or short-term properties of the mobile radio

channel to achieve improved channel estimation accuracy and reduced computational

complexity [25].
MIMO
Techniques
T, >< % Ry
3
: —— Spatial diversity Smart antennas
Spatlsill Multiplexing techniques (space —time (Beam forming)
techniques coding & diversity
’~ """""""""""""""""""""""""""" > ’>
Trade-off Trade-off

Antenna gain
Interference
suppression

Diversity
gain coding
gain

Multiplexing
gain

Higher bitrates Smaller error rates higher bitrates/

Smaller error rates

Fig.1.1 Benefits of multiple antenna techniques for wireless communication [30]

Smart antenna also known as adaptive array antennas ,multiple antennas and recently MIMO
are antenna arrays with smart signal processing algorithms used to identify spatial signal
signature such as the direction of arrival (DOA) of the signal, and use it to calculate

beamforming vectors, to track and locate the antenna beam on the mobile /target. The antenna
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could optionally be any sensor. This can dramatically increase the performance characteristics

(such as capacity) of wireless System [2].

These transmission strategies require efficient techniques to separate the signals of multiple
sources sharing the spectrum resources at the receiver and to cancel interference, under various
interference scenarios [28, 20]. Some of them use pilot signals known by both the transmitter
and receiver (non blind techniques),Singular value decomposition (SVD), whereas other only
employ a priori knowledge of the received signals (blind / semi-blind techniques) known as
adaptive receivers. Another class of techniques assumes that the transmission channel is known
at the transmitter, ZF and MMSE, this knowledge being obtained either by feedback or by time

division duplexing (TDD) channel reciprocity assumption [20].

In this thesis work we study the detail, of blind and non blind adaptive array algorithms for
MIMO detection methods and compare with other known class of signal separation (channel
estimation) techniques such as Zeroforcing (ZF) and minimum mean square error (MMSE)
methods. In addition to this we have analyzed other MIMO transmission techniques such as SM

and STBC.

1.2 Thesis motivation and contribution

MIMO antenna systems are very important to increase capacity and bit error rate of wireless
communication depending on the mode of transmission method such as spatial diversity and
spatial multiplexing respectively. In addition to higher bit rates and smaller error rates, MIMO
techniques can also be utilized to improve the signal to noise ratio (SNR) at the receiver and to
suppress co-channel interference in a multiuser scenario. This is achieved by means of adaptive
arrays [35], also called smart antennas. Using beam forming techniques the beam pattern of
transmit and receive antennas can be steered in certain desired directions, whereas the

undesired directions (e.g., directions of significant interference) can be suppressed.
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The receiver must demultiplexes the spatial channels in order to detect the transmitted symbols.
Various techniques have been used for this purpose, such as Zero-Forcing, which uses simple
matrix inversion but results in poor results when the channel matrix is ill conditioned; MMSE,
which is more robust in that sense but provides limited enhancement if knowledge of the noise
or interference is not used; and Maximum Likelihood, which is optimal in the sense that it
compares all possible combinations of symbols but can be too complex, especially for high-

order modulation.

Instead of assuming known channel matrix H, which usually requires channel probing before
each transmission and then calculating the estimated channel (W) in a burst manner, adaptive
algorithms estimate W directly through iteration via the use of a known training sequence at the

beginning of each transmission [34].

However at receiver side ZF, MMSE methods require Channel State information, adaptive
receivers such as LMS need pilot /training signal which have a cost in bandwidth and blind
algorithms such as CMA algorithms doesn’t require pilot signal but has a problem in

convergence.

Therefore, there is a demand of performance evaluation of adaptive array MIMO receivers,
comparison of adaptive array receivers with other linear receivers such as ZF and MMSE and
propose an algorithm that doesn’t require CSI, minimized the number of training signals by
using combination of blind and non blind algorithms. Thus contribution of this thesis includes:

» Evaluation of combined algorithm (blind and non blind ) for MIMO system such as

LMS-CMA
» Comparison of LMS and LMS-CMA ,SMI and SMI-CMA
» Comparison of selected Adaptive Arrays with ZF and MMSE (MIMO linear receivers)
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1.3 Objective

1.3.1General objectives
The main objective of this research is to evaluate performance of Adaptive arrays for MIMO

smart antenna systems.

1.3.2 Specific objectives

The detailed and specific objectives of this thesis work are outlined as follows:
» To understand different MIMO techniques

To understand Adaptive arrays for MIMO wireless communication

To analyze performance of different MIMO receiver systems

Compare different adaptive algorithms for MIMO wireless communication

YV V VYV V

To evaluate and analyze BER performance of adaptive arrays for MIMO

systems

» To evaluate and analyze BER performance of combined (blind and nonblind )
adaptive arrays for MIMO systems

» Compare selected adaptive array receivers with other linear MIMO detection

techniques such as ZF and MMSE

1.4 Review of literatures

The performance of adaptive arrays and MIMO systems has been studied for decades from
different perspectives. This subtopic aims to cover some of the literatures closely related to

MIMO techniques and adaptive array systems.

A. Ikhlef and D. Le Guennec[3] investigated the problem of blind recovery of QAM and PSK
signals for multiple-input multiple-output (MIMO) communication systems. They proposed a
simplified version of the well-known constant modulus algorithm (CMA), namely simplified
CMA (SCMA). It is shown that the proposed algorithm presents a lower computational

complexity compared to the constant modulus algorithm (CMA) without loss in performances.
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A.G. Constantinides et al. [12] propose novel blind separation techniques for MIMO systems
based on least-squares constant modulus algorithm (LSCMA). The proposed algorithms exhibit
better performance in terms of both bit error rate (BER) and convergence speed than multi-

target LSCMA (MT-LSCMA) and LS multi-user CMA (LS-MU-CMA).

Zelalem F.[28] compared the performance of Spatial Multiplexing and Spatial Diversity in Rate
Adaptive Wireless MIMO systems. He states that spatial multiplexing system has a higher
throughput at high SNR values as compared to the spatial diversity system and at low SNR

values spatial diversity system results in high throughput.

R.W .Heath Jr and A. Paulraj [35] investigated Switching between multiplexing and diversity
based on constellation distance and proposed a practical algorithm that can switching between
multiplexing and diversity based on constellation distance. They found a Demmel condition
number of the channel matrix that provides a sufficient condition to test if multiplexing will

outperform diversity for a given choice of constellation rate.

Sidi Bahril et al. [36] proposed a downlink multiple-input multiple-output multi-carrier code
division multiple accesses (LMS-MCCDMA) system with adaptive beam forming algorithm for
smart antennas. The algorithm used in this paper is based on the least mean square, with pilot
channel estimation and the zero forcing equalizer in the receiver, requiring reference signal and
no knowledge of the channel. They got better BER performance of LMS than STBC- multi-
carrier code division multiple accesses with RMSE algorithm in the presence of large

interference.

H. Dam et al [40] studied performance of adaptive antenna base stations in commercial GSM
network. Their work presents system description of the first GSM prototype with adaptive

antenna and a capacity increase of 120% has been achieved.
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A.Bouacha et al.[46] proposed Simple Adaptive Beamforming algorithm with interference
suppression that use combined algorithm (SMI-NCMA) and he has got better performance in

terms of BER and Interference suppression for a SISO system.

From the above literatures we can clearly see that authors in [28] and [35] evaluated MIMO
systems using only linear receivers. They didn’t cover performance of adaptive array receivers.

Authors in [40] and [46] evaluated performance of adaptive array for single transmitter antenna,
but they didn’t consider MIMO systems while authors in [3],[12] and [36] evaluate
performance of MIMO system adaptive array for blind and non blind but their evaluation is
only for a single algorithm and they didn’t compare with other adaptive and non adaptive

algorithms.

Based on these and other literature backgrounds that are referenced and used in the subsequent
Chapters [2, 4, 5, 6, 7, 10, 11, 15, 20, 41, 48], the main goal of this thesis is to evaluate the
performance of selected adaptive arrays algorithms for MIMO wireless communication and

compare them with other MIMO system techniques such as ZF and MMSE.

1.5 Methodology

The methodology used in doing this thesis comprises five major phases. The first phase
encompasses the reviews and study of various literatures on adaptive array and MIMO systems

which help to understand the necessary theoretical background for the thesis work.

The other four phases clarify how such major tasks as Modeling, simulating, and performance
analysis and evaluation are carried out. The major phases and the activities performed in each
one of them are pictorially represented and elucidated below in figure 1.2, and they were

performed in the order they appear in the figure.
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Figure.1.2 Summary of methodology

Literature Survey

This very first phase focuses on gaining all the necessary background information required to
understand the broader picture of MIMO systems and the Adaptive arrays. This is accomplished
by reviewing the literatures including books, articles, research publications, lecture notes, AAU

previous thesis papers and other information from different related journals.

Analysis and design

This phase involves the study of various adaptive arrays and MIMO systems design and their
performance , Advantages ,disadvantages and some solutions for the identified problem are also

studied and finally designing the appropriate system.
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System modeling

After an in-depth analysis of models and adaptive array processes, we select the appropriate
adaptive process method or algorithm and develop appropriate Model of adaptive array MIMO

systems.

Simulation and design test

The design is tested based on the standards. That is the Adaptive arrays are first tested for the
basic parameters and then these algorithms in MIMO systems are tested through simulation for

the system to check their validity and reliability.

Performance evaluation

Finally, the performance of the designed system is evaluated and analyzed for various adaptive
algorithms and other linear receivers in terms of some standard measures including BER and
convergence. Then the results are analyzed and conclusions on overall adaptive array MIMO

smart antenna systems performance are drawn.

1.6 Organization of the thesis

The rest of the thesis is organized as follows. In chapter two, all the necessary background
Information needed to become familiar with the basic and core concepts of various MIMO
systems for wireless communication are presented .In chapter three, we present a detailed
study of the most common blind and non blind adaptive algorithms and describe how the
Adaptive Arrays work. Analytic performance analysis of different adaptive arrays for MIMO
systems are presented in Chapter Four. In Chapter five Performances of the design and
corresponding results are presented. Then eventually, conclusion and recommendation of the

thesis works are presented in chapter six.
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CHAPTER

2 MIMO SYSTEMS FOR WIRELESS COMMUNICATION

MIMO systems are defined as point-to-point communication links with multiple antennas at
both the transmitter and receiver. The use of multiple antennas at both transmitter and receiver
clearly provide enhanced performance over diversity systems where either the transmitter or
receiver, but not both, have multiple antennas. In particular, recent research has shown that
MIMO systems can significantly increase the data rates of wireless systems without increasing
transmits power or bandwidth. The cost of this increased rate is the added cost of deploying
multiple antennas, the space requirements of these extra antennas, and the added complexity

required for multi-dimensional signal processing [15].

There are many ways to achieve the goals stated above (different MIMO techniques); each
depends on the way the antennas are used and the channel model, some multiple antenna
systems exist such as Single-Input Multiple-Output (SIMO), Multiple-Input Single—Output
(MISO), and Space Time Coding but these are not MIMO systems.[19] Recent work in MIMO
systems includes capacity of these systems under different assumptions about channel
knowledge, optimal coding and decoding for these systems, and transmission strategies for

uncoded systems [14].

In this chapter, we provide some background on MIMO transmission systems. We explain a
general MIMO model and MIMO channel in section 2.1 and 2.2 respectively. In the next
section, some introduction on MIMO capacity in comparison to SISO system is discussed. Then
in section 2.3 Spatial Diversity techniques are introduced. In this subsection we consider 2X2
Alamouti STBC as an example. Spatial Multiplexing techniques such as VBLAST and
DBLAST are studied in section 2.4. Finally, in section 2.5 different MIMO receiver techniques
such as ZF, MMSE, ML and Adaptive receivers are discussed.
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2.1 MIMO system model

In MIMO systems, the transmit and receive antennas can both be used for diversity gain.
Multiplexing exploits the structure of the channel gain matrix to obtain independent signaling
paths that can be used to send independent data [15]. A narrowband point-to-point
communication system of N; transmit and N, receive antennas is shown in Figure 2.1. The
transmitted matrix is a Nix1 column matrix X, where X; is the ith component transmitted from

the antenna 1.

Y,
TY:
MIMO

Channel

Data

N;

Tu

Fig 2.1 MIMO Model

2.2 MIMO channel

Since each of the receive antennas detects all of the transmitted signals, there are N x N
independent propagation paths, where there are transmit and receive antennas. This allows the
channel to be represented as N x N matrix. Again using a 2 x 2 System as an example, the
matrix below is obtained as [8, 14, 5 and 45].

hiq h12]

2.1
Mot n,, 2D

o

Each of the elements in the channel matrix is define an independent propagation path. The
transmitted signal can be represented as a vector, as can the received signal. Hence, the system

can be represented as the following equation.
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Y=HX+n (2.2)
Where Y is the received signal vector, H is the channel Matrix, X is the transmitted signal
vector, n is the noise. The transmitted signals in the vector Y are complex signals, as the
channel matrix values and the received signals in vector X. The complex form in each of the
elements in the vectors represents the power of the signal and its phase delay. The complex
form of the elements of the channel matrix ‘H’ represent the attenuation and phase delay

associated with that propagation path [45].

2.3 MIMO systems capacity

The MIMO systems provide tremendous capacity gains, which has incited significant activity to
develop transmitter and receiver techniques that realize these capacity benefits and exploit
diversity. This sub topic describes the Shannon capacity limits of single user MIMO system.
The limits of single user MIMO systems show the maximum data rates that can be transmitted

over the MIMO channel [27, 42].

2.3.1 Channel unknown to the transmitter
The channels are assumed to have small error probability and we assume no constraints on the
delay, we further assume the channel knowledge is unavailable at the transmitter and known

only at the receiver.

- j C=log,(1+7) AL- 03

Figure 2.2 Single Input Single Output (SISO) Capacity
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Fig 2.4: Multiple Input Multiple Output (MIMO) Capacity

From the above figures we can easily see that the normalized capacity of multiple antenna
increases with the number of antennas. For SIMO system provides logarithmic growth of the
bandwidth efficiency limit while MIMO system provides linear growth of bandwidth efficiency
[27].

2.3.2 Channel known to the transmitter

It is possible by various means, which will be discussed in Chapter 4, to learn the channel state
information (CSI) at the transmitter. In such an event the capacity can be increased by resorting

to the so-called ‘‘water filling principle’’ [54], by assigning various levels of transmitted power
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to various transmitting antennas. This power is assigned on the basis that the better the channel

gets, the more power it gets and vice versa. This is an optimal energy allocation algorithm [42].

Consider a MIMO channel where the channel parameters are known at the transmitter. The
water-filling principle can be derived by maximizing the MIMO channel capacity under the rule
that more power is allocated to the channel that is in good condition and less or none at all to

the bad channels.

n - ‘ARME | _

= =

(a) (b) (c)
[] Channel gain [l Noise power [J] Signal power

Fig2.5 Principles water-filling: (a) Channel gains and noise power on channel;(b) Channel gains and

noise power after equalization;(c)determining signal power[54]

Figure 2.5- illustrates this principle, showing how the optimal transmitted power is determined.
If different subchannels have different gains (a), the received signal is first equalized (b), so that
all subchannels have the same gain but different noise power. The principle of water-filling is
that the signal power is then added(c), such that as far as possible the total signal (equalized)
noise is the same in all subchannels. We observe that less power or none at all is transmitted in
subchannels with smaller gain (corresponding to smaller eigen values). Since this concentrates

power where it will be most effective, it increases capacity as [37, 54].

Sizg
Cuimo-wr =W Xiq log,(1 + T) (2.6)

Where S; is the signal power transmitted in the it" subchannel, with Z?zml S; =8, A; isthe
eigen value of i™ sub-channel. The effect is greatest on channels with reduced rank or very
unbalanced, eigen-values, which typically occurs in relatively poor multipath environments, and

can be equivalent to an increase in SNR of a factor up to the number of transmit antennas. This
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approach can be described as adaptive because the transmission in adapted to the channel [37,

54].
2.4 Spatial diversity

When a channel is rich in multipath signal components, it is possible to simulate independent
virtual paths which can then be used to transmit signal copies for redundancy. The ability to
transmit redundant data through independently faded channel is called Diversity. Diversity
techniques like space, time and frequency are well known techniques used to improve reliability
of wireless communication systems. Among them, spatial diversity technique is the most
promising one, because it does not require any additional bandwidth and does not introduce

additional delays in signal transmission [19].

Space-Time Block Codes (STBCs) are the simplest types of spatial temporal codes that exploit
the diversity offered in systems with several transmit antennas. It was designed to achieve
maximum diversity order for the given number of transmit and receive antennas subject to the
constraint of having a simple decoding algorithm. In addition, space-time block coding provides

full diversity advantage [19, 20].

Alamouti designed a simple transmission diversity technique for systems having two transmit
antennas [14]. This method provides full diversity and requires simple linear operations at both
transmission and reception side. The encoding and decoding processes are performed with
blocks of transmission symbols. Detail analysis of 2X2 Alamouti space time coding is given

below.

2.4.1 Alamouti space-time coding scheme (2x2)

The Alamouti space-time coding scheme for the system with two transmission antennas and
two reception antennas in a memoryless channel, as proposed in [14], is shown in Figure 2.4.

The transmission scheme is the same as with the 2x1 system [23].
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Fig.2.6. Alamouti 2x2 scheme flat slow fading channel [23]
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Received signals at receive antenna 1 are [23]:

Ry(D=hq11(0) X1(D) + hyq (D) X5(1) +n4(t) (2.6)
And
Ry (D= —h11(DX3(D+ hy1 (X7 (D+n(t + T) 2.7)

Where ng represents noise at receive antenna 1.

At receive antenna 2 the received signals are:

Ry (D)= hy2(DX1(D+ hya (DX,(D+n,(t) (2.8)
And
R3 (D)= —hy (DX (D)+ hap (DX (O(0+n4 (t + T) (2.9)

At time instances t and t+T, respectively, where n; represents noise at receive antenna 2.
Again, the estimates of the signals in the decoder/combiner are given as [14, 23]
X =R 11(ORo(O+ hay (OR™ 1 (O+ R 12(DR,(D+ haa (DR3(D) (2.10)
Xz = h*11(ORo (- hp1 (DR 1(D+ h*12(ORZ(D- haz(DR5(1) (2.11)
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Decoded symbol blocks are obtained using a maximum likelihood (ML) detector. A maximum
likihood detector maps the estimated symbols X; and X, to the most probable reference
symbols from the phase shift keying modulation (PSK) or quadrature amplitude modulation
(QAM) constellation being used. The measure used for mapping is the two dimensional

distance between the estimated and the reference symbol on the constellation grid.

2.5 Spatial multiplexing

Spatial multiplexing scheme exploits the rich scattering wireless channel allowing the receiver
antennas to detect the different signals simultaneously transmitted by the transmit antennas.
That is, spatial multiplexing method uses multiple antennas at the transmitter and the receiver in
conjunction with rich scattering environment within the same frequency band to provide a
linearly increasing capacity gain in the number of antennas. Hence, the concept of spatial
multiplexing is different from that of space-time coding method, which permits to efficiently
introduce a space-time correlation among transmitted signals to improve information protection

and increase diversity gain [16, 28].

The main concept of SM is to provide simultaneous transmissions of M information streams in
the same frequency band from M transmit antennas. However, by using such a transmission
method, a constraint is introduced where the number of receive antennas must be equal or
greater than the number of transmit antennas (N > M) in order to separate and detect the M
transmitted signals. Spatial multiplexing primarily leads to multiplexing gain with the gain

factor equal to the minimum number of Transmit (Mt) or Receive (Mr) antenna [16, 28, 30].

The most known spatial multiplexing schemes are the BLAST family which includes Vertical-
BLAST, Diagonal-BLAST, and Turbo-BLAST. The acronym BLAST stands for “Bell
Laboratories Layered Space-Time” [52].

Vertical Bell Lab Layered Space Time (V-BLAST): as the name suggests, this is an
invention of Bell Labs, V-BLAST sends M bit flows out by mutually independent antennas
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after they are encoded, mapped and interleaved, so that the diversity gain is fully tapped, and
each flow of message can be tested separately. Optimal V-BLAST requires MT transmit and
MR receive antenna for full Multiplexing gain, it provides multiplexing gain with no diversity

gain [24, 53].

Diagonal Bell Lab Layered Space Time (D-BLAST): D-BLAST transmits encoded and
interleaved codeword in a rotated manner across the entire MT antennas. It achieves this by
introducing delays of 1 symbol between the start of each codeword across the antennas thereby
spreading out the codeword in time and space. D-BLAST achieves diversity and multiplexing

gain but that comes at the expense of wasted space-time dimension [24, 52].

Diagonal Bell Laboratories Layered Space-Time architecture (D-BLAST) is one of the spatial
multiplexing schemes to approach the theoretical capacity limit of multiple -input multiple -
output (MIMO) systems. However, due to its complex coding procedure, Vertical Bell
Laboratories Layered Space-Time architecture (V-BLAST) has been proposed as a simplified
version. In V-BLAST, channel coding may be applied to individual antennas (sub-layers),
corresponding to the data stream transmitted from each transmit antenna, while in D-BLAST
coding processing is applied not only across the time but also to each sub-layer, which implies
higher complexity [52,53]. The simple comparison between D-BLAST and V-BLAST is shown
at Fig.2.5.

e
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Fig 2.7 Transmit coding scheme comparison between (a) D-BLAST and (b) V-BLAST
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From the above figure, we can see that the essential difference between D-/V-BLAST is the
vector encoding process. In D-BLAST system, redundancy between the sub-streams is
introduced by using specialized inter-sub-stream block coding, and code blocks organized along
diagonals in space-time leads higher spectral efficiencies. On the other hand, in V-BLAST
system, demultiplexing followed by independent bit-to-symbol mapping of each sub-stream, so
no coding is required. From these implemental advantages of V-BLAST, we will focus on the

aspect of V-BLAST among several spatial multiplexing methods [52, 16].

2.6 MIMO receivers
2.6.1 Maximum Likelihood (ML) receiver

It is well known that theoretically, maximum likelihood detection algorithm is the optimum
method of recovering the transmitted signal at the receiver. ML receiver is a method that
compares the received signals with all possible transmitted signal vectors which is modified by
channel matrix H and estimates the transmitted symbol vector x according to the Maximum
Likelihood principle , which is given as[42].
R = argy o xemmin || Y = HX, || 2.12)

Where X is the estimated symbol vector. The ML receiver searches through the entire vector
constellations for the most probable transmitted signal vector. However, since the complexity
increases exponentially with the number of transmit antennas, it is very difficult to use the
receiver in practice, which is the main disadvantage of this method [17, 27, 28]. For example,
in the case of 4 transmit antennas and 16-QAM transmission, a total of 16* = 65536
comparisons per symbol is required to be enumerated for each transmitted symbol. Therefore,
the complexity of ML receiver is high and even prohibitive when many antennas or high order

modulation schemes are used [11].

2.6.2 Zero Forcing (ZF) linear receiver

The MIMO version of the ZF receiver acts similarly to a ZF equalizer in frequency selective

channels. The MIMO channel is inverted at the receiver in order to totally suppress the

Performance Evaluation of Adaptive arrays for MIMO systems



interference from other transmitted symbols. The output of the ZF filter is thus only a function
of the symbol to be detected and the noise. It is then fed into a ML decoder which estimates the
transmitted symbol. The complexity of ZF decoding is similar to SISO ML decoding, but the

inversion step is responsible for the noise enhancement [11].

The ZF receiver is a linear receiver. It behaves like a linear filter and separates the data streams
and thereafter independently decodes each stream. We assume that the channel matrix H is
invertible and estimate the transmitted data symbol vector as [42, 28].

X = (HPH) ' HX=H'X (2.13)
Where § represents pseudo inverse, since an inverse of H can only exist if the columns of H are
independent, it is assumed that H = Hv (i.e., the entries are i.i.d ). The noise in the separated

streams is correlated and consequently the SNRs are not independent [42].

2.6.3 Minimum Mean Square Error (MMSE) linear receiver

ZF receiver eliminates the interference but enhances noise. This might not be significant at high
SNR, but at low SNR, it is both sensible and practical to design a filter maximizing the global
signal to noise plus interference ratio (SINR). One possibility is to minimize the total resulting
noise [11].The solution of the linear MMSE is given by [11, 42].

o _ (vg He ) gH
X—(SNR+H H) HYY (2.14)

In above equation, the superscript H denotes the complex conjugate transpose. Iy, is Mg X

R
Mg identity matrix and SNR is the signal-to-noise ratio of each data stream. The ZF receiver
perfectly separates the cochannels’ signals at the cost of noise enhancement. The MMSE
receiver, on the other hand, can minimize the overall error caused by noise and mutual

interference between the cochannel signals [42, 28].
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2.6.4 Adaptive MIMO linear receiver

In ZF and MMSE the information of the channel response is obtained from the channel
measurement or channel estimation to set the equalizer. For Adaptive algorithms, instead of
estimating the channel, equalizer taps are automatically adjusted by periodically sending
training symbols and allowing the equalizer taps to adjust its parameters in response to these
known symbols and corresponding received signals. The next two chapters discuss detail of

these adaptive algorithms.
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CHAPTER

3 ADAPTIVE ARRAY SYSTEMS

3.1 Overview of adaptive array systems

Adaptive array antenna systems have undergone enormous growth and development in the past
few years. A major reason for the progress is their ability to automatically respond to an
unknown interference environment by steering nulls and reducing side lobe levels in the
direction of the interference, while keeping desired signal beam characteristics. A system with
adaptive antenna arrays and processors can perform filtering thus reducing the sensitivity of the

receiving system to interfering noise sources [10].

Generally located at a base station, a smart antenna system combines an antenna array with
digital signal processing capability to transmit and receive in an adaptive, spatially sensitive
manner. In other words, such a system can automatically change the directionality of its
radiation pattern in response to its signal environment. Smart antennas also known as adaptive
array antennas, multiple antennas and recently MIMO are antenna arrays with smart signal
processing algorithms. It is used to identify spatial signal signature such as the direction of
arrival (DOA) of the signal, and used to calculate beamforming vectors, that track and locate
the antenna beam on the mobile/target. This can dramatically increase the performance

characteristics (such as capacity, BER) of wireless System [1, 2].

Adaptive beam forming algorithms are classified into two groups, known as non blind adaptive
algorithms and blind adaptive algorithms. Non blind algorithms use a training signal d (n) to
update its complex weight vectors. LMS, RLS, SMI etc algorithms are categorized as non blind

algorithms. Blind algorithms do not require any training sequence to update its complex weight
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vectors .CMA, MCMA, SCMA and DD are categorized as blind algorithms. A classification of

such adaptive array algorithms is shown in Figure 3.1 [2, 9].

Adaptive Array
Algorithms

Non-blind Blind Algorithms

algorithms
Least Mean Recursive Sample Constant Decision

least Matrix Modulus directed

Square Squares inversion (CMA) Locte
LMS (bD)
(LMS) (RLS) (SMI)

Fig. 3.1 Classification of adaptive array algorithms

The remainder of this chapter is organized as follows: In the next section, some background on
non blind adaptive array algorithms such as LMS, RLS, SMI are given and their adaptation
techniques are discussed. Then, in Section 3.3, the Blind adaptive array algorithms such as
CMA and MCMA are considered. Finally, some considerations in Selection of Adaptive Array

Algorithms are given in Section 3.4.

3.2 Nonblind adaptive algorithms

In a non-blind adaptive algorithm, a training signal, d (n), which is known to both the
transmitter and receiver, is sent from the transmitter to the receiver during the training period.
The beamformer in the receiver uses the information of the training signal to compute the
optimal weight vector, W, After the training period, data is sent and the beamformer uses the
weight vector computed previously to process the received signal. If the radio channel and the
interference characteristics remain constant from one training period until the next, the weight

vector, the optimal weight (Wq,), will contain the information of the channel and the
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interference, and their effect on the received signal will be compensated in the output of the

array[ 1, 6, 27, 49].

3.2.1 Least Mean Square (LMS) algorithm

The least-mean-square (LMS) is a search algorithm in which a simplification of the gradient
vector computation is made possible by appropriately modifying the objective function. The
LMS algorithm, as well as others related to it, is widely used in various applications of adaptive

filtering due to its computational simplicity [9].

The LMS algorithm is by far the most widely used algorithm in adaptive filtering for several
reasons. The main features that attracted the use of the LMS algorithm are low computational
complexity, proof of convergence in stationary environment, unbiased convergence in the mean
to the Wiener solution, and stable behavior when implemented with finite-precision arithmetic.
The convergence analysis of the LMS presented here utilizes the independence assumption [7,

6, 9].

For the LMS algorithm it is necessary to have a reference signal d[n] representing the desired
filter output. The difference between the reference signal and the actual output of the transversal
filter is the error signal as in [7, 9].
e[n] =d[n] - WH[n]Y[n] (3.1)
From the method of steepest descent, the weight vector equation is given as in [9]

W (n+1) =W (n) +§M [-A (E {e*(n)} )] (3.2)

Where u is the step-size parameter, (O< p <1), and controls the convergence characteristics of

2
the LMS algorithm; e (n) is the mean square error between the beamformer output y(n) and the

reference signal which is given by[1,40].
e2(n)=[d"(n) = WH Y (n)]? (3.3)

The gradient of the vector in the above weight update equation can be computed as:
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Vy (E {€?(n)}) =-2r+2RW (n) (3.4)
In the method of steepest descent the biggest problem is the computation involved in finding the
values r and R matrices in real time. The LMS algorithm on the other hand simplifies this by
using the instantaneous values of covariance matrices r and R instead of their actual values i.e.
R (n) =E{Y (n)Y"(n)} (3.5)
r(n)=E{ d"(n)Y(n)} (3.6)
Where R is the autocorrelation of the received signal, r is the cross correlation of the received
signal and the reference signal [9].
Therefore the weight update can be given by the following equation,
W (n+1) =W (n) +uY (n) [d*(n) — YH()W (n)] 3.7
=W (n) +uY (n) e*(n) (3.8)
The LMS algorithm is initiated with an arbitrary value W (0) for the weight vector at n=0. The
successive corrections of the weight vector eventually leads to the minimum value of the mean

squared error.

3.2.3 Convergence and stability of LMS algorithm
The step-size parameter or the convergence factor p is the basis for the convergence speed of the
LMS algorithm. The LMS algorithm initiated with some arbitrary value for the weight vector is
seen to converge and stay stable for:

O< p < 1/Amax 3.9
Where Anax is the largest eigenvalue of the correlation matrix R, the convergence of the
algorithm is inversely proportional to the eigenvalue spread of the correlation matrix R. When
the eigenvalues of R are widespread, convergence may be slow. The eigenvalue spread of the
correlation matrix is estimated by computing the ratio of the largest eigenvalue to the smallest
eigenvalue of the matrix. If p is chosen to be very small then the algorithm converges very
slowly. A large value of pu may lead to a faster convergence but may be less stable around the

minimum value [7, 10, 47].
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The upper bound obtained for the value of p is important from the practical point of view,
because it gives us an indication of the maximum value of p that could be used in order to
achieve convergence of the coefficients. However, the given upper bound is somewhat
optimistic due to the approximations and assumptions made. In most cases, the value of p

should not be chosen close to the upper bound [51].

To solve convergence and stability contradict a variable step size is introduced [47]. We can
increase the stepsize to improve the speed of convergence in the period of convergence and
decrease the step-size to improve the accuracy of convergence after the period of convergence.

The algorithm based on the adaptive variable step-size formula is given by [47] is:

)X(generationmax—8i)

_ (“max_”min
generationmax+ Upin

(3.10)

Where [inax 1 the maximum step, iy 1S the minimum of step size, generationy,y is the maximal
number of iterations, g; is the ith iteration. In the above formula, pmax, Umin and generationy,,x are
all fixed value. The step factor will be corrected continually when the current number of
iterations is constant change. In this case, the step size can be adjusted adaptively. It would be

increased during the beginning period and deceased during the process of convergence [47].

3.2.3 Sample Matrix Inversion (SMI)

The LMS algorithm discussed in the previous section is a continuously adaptive algorithm and
has a slow convergence when the eigen values of the covariance matrix are widespread. When
the transmission is discontinuous, a block adaptive approach would give a better performance
than a continuous approach. One such algorithm is the Sample Matrix Inversion (SMI), which
provides good performance in a discontinuous traffic. However, it requires that the number of
interferers and their positions remain constant during the duration of the block acquisition [9,

30].
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The SMI algorithm has a faster convergence rate since it employs direct inversion of the
covariance matrix R. Let us recall the equations for the covariance matrix R and the correlation
matrix r as [9].

R=E[Y (n)Y# (n)] (3.11)

r=E[d (n)Y(n)] (3.12)
If a priori information about the desired and the interfering signals is known, then the optimum
weights can be calculated directly by using the Weiner solution given [9].

Wope =R™'r (3.13)

However, in practice signals are not known and the signal environment keeps changing.
Therefore optimal weights can be computed by obtaining the estimates of the covariance matrix
R and the correlation matrix r, by time averaging from the block of input data. The estimates of

the matrices over a block size N2-N1 are given by

5 1 N . .
R=1 o Zioy, YOYI () (3.14)
A 1 N % /s .
P = Zien, DY (3.15)

Where N; and N, form the lower and the upper limit of the observation interval. The weight
vector can now be estimated by the following equation:

W=R=1¢ (3.16)
Based on the above discussion the weights will be updated for each incoming block. There is
always a residual error in the SMI algorithm since it is based on estimation. This error is usually
greater when compared to the LMS error. The error due to estimates can be computed by the
following equation as [9].

e=R~17-W (3.17)
The stability of the SMI algorithm depends on the ability to invert the large covariance matrix.
In order to avoid a singularity of the covariance matrix, a zero- mean white Gaussian noise is
added to the array response vector. It creates a strong additive component to the diagonal of the
matrix. In the absence of noise in the system, a singularity occurs when the number of signals to

be resolved is less than the number of elements in the array [2, 7, 9].
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Since SMI employs direct matrix inversion the convergence of this algorithm is much faster
compared to the LMS algorithm. However, huge matrix inversions lead to computational

complexities that cannot be easily overcome [9].

3.2.4 Recursive Least Square (RLS) algorithm

As was mentioned in the previous section, the SMI technique has several drawbacks. Even
though the SMI method is faster than the LMS algorithm, the computational burden and
potential singularities can cause problems. However, we can recursively calculate the required
correlation matrix and the required correlation vector. Recall that in Eqs (3.12) and (3.13) the
estimate of the correlation matrix and vector was taken as the sum of the terms divided by the
block length K. When we calculate the weights in Eq. (3.14), the division by K is cancelled by
the product R'xx (k) r(k)[9]. Thus, we can rewrite the correlation matrix and the correlation
vector omitting K as [9].

Ryw(0=X{Z, ¥ (O7H (D) (3.18)

=X, d* (YD) (3.19)
Where k is the block length and last time sample k and Ru(k), 7(K) is the correlation estimates
ending at time sample k. summations of (Egs. (3.16) and (3.17)) use rectangular windows, thus
they equally consider all previous time samples. Since the signal sources can change or slowly
move with time, we might want to deemphasize the earliest data samples and emphasize the
most recent ones. This can be accomplished by modifying Egs. (3.16) and (3.17), such that we
forget the earliest time samples. This is called a weighted estimate [9, 7, 10].
Thus

Ryv(m)=3i; oY (DYH (D) (3.20)

r(m)=Xi, a*~'d" (DY () (3.21)
Where a is the forgetting factor.

The forgetting factor is also sometimes referred to as the exponential weighting factor [7]. a is a

positive constant such that 0 < a < 1.When a = 1, we restore the ordinary least squares
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algorithm. o = lalso indicates infinite memory. Let us break up the summation in Egs. (3.18)

and (3.19) into two terms: the summation for values up to i = k—1 and last term for i = k.

Ryy(n)=aZ K o 717 () YH () + Y(n)YH(n)

= aRy(n-1)+ Y(n)Y"(n) (3.22)
tm)=a XS o d (HYH )+ d ()Y ()
=a f(n-1) +d* (n)Y"(n) (3.23)

Thus, future values for the array correlation estimate and the vector correlation estimate can be
found using previous values. Not only can we recursively calculate the most recent correlation
estimates, we can also use Eq. (3.20) to derive a recursion relationship for the inverse of the
correlation matrix. The next steps follow the derivation in. The inverse of equation 3.20 is

given by [9, 23].

51/ 1\_ =1 B-1(n _ 13 . L REO-DYmYmRyy(n-1)
Ryy(n— D=a 1 Ry$(n— 1) e TR Y () (3.24)

We can simplify Eq. (3.22) by defining the gain vector (k) given by

Aroy _ O REM-DYmYH MRy (-1
g(n) = 1+a~1 YHR33 (n-1)Y(n) (3.25)

Thus
Ryy(n — =o' Ryy(n — 1) -g(m)a™ ! Y (m)Ryy(n — 1) (3.26)
Now we can derive a recursion relationship to update the weight vectors. The optimum Wiener

solution is repeated in terms of the iteration number n and we can substitute Eq. (3.20) yielding
W (n)=Ryy () (n)

= o ' Ry (n)F(n — 1) +R33(m)Y(n)d* (n) (3.27)
Finally, using eq.(3.24) and eq.(3.25) we get the following eq. given by[1,7,9].

W ()= Wn — D+ §(n)[d*m) = ¥ ()W (n - 1)] (3.28)
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The advantage of the RLS algorithm over SMI is that it is no longer necessary to invert a large
correlation matrix. The recursive equations allow for easy updates of the inverse of the
correlation matrix. The RLS algorithm also converges much more quickly than the LMS

algorithm.

3.3 Blind adaptive algorithms

Sending training symbols at the beginning to initialize the receiver can be impractical and not
effective for some applications. The correct sampling point has to be known in order to extract
the training symbols before the equalizer converges. However, trained algorithms need
information from training sequences to converge. In addition to the above issues, the training
sequence will also consume bandwidth. So, in some cases, it is desirable to estimate the channel
without the aid of training sequence and the method is called blind algorithms [7, 9, 10]. Some

commonly known blind algorithms are investigated in this section.

3.3.1 Constant Modulus Algorithms (CMA)

Many adaptive beamforming algorithms are based on minimizing the error between a reference
signal and the array output. The reference signal is typically a training sequence used to train
the adaptive array or a desired signal based upon an a priori knowledge of nature of the arriving
signals. In the case where a reference signal is not available one must resort to an assortment of

optimization techniques that are blind to the exact content of the incoming signals [9].

Many wireless communication and radar signals are frequency-or phase-modulated signals.
Some examples of phase and frequency modulated signals are FM, PSK, FSK, QAM. This
being the case, the amplitude of the signal should ideally be a constant. Thus the signal is said
to have a constant magnitude or modulus. However, in fading channels, where multipath terms
exist, the received signal is the composite of all multipath terms. Thus, the channel introduces
an amplitude variation on the signal magnitude. Frequency selective channels by definition

destroy the constant modulus property of the signal. If we know that the arriving signals of
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interest should have a constant modulus, we can devise algorithms that restore or equalize the

amplitude of the original signal [1, 9].

Dominique Godard [50] was the first to capitalize on the constant modulus (CM) property in
order to create a family of blind equalization algorithms to be used in two-dimensional data
communication systems. Specifically, Godard’s algorithm applies to phase modulating
waveforms. Godard used a cost function called a dispersion function of order p and, after
minimization, the optimum weights are found. The Godard cost function is given by [1, 9, 50].

Z(n)=W"Y[n] (3.29)

Jm)=E[(IZ(n) [P — Rp)"] (3.30)
Where p is the positive integer and q is the positive integer = 1 [9].Godard showed that the
gradient of the cost function is zero when R,, is given by [1, 9, 33].

_E[ISm)[*P]
P E[IS(m)[P]

(3.31)
Where is the zero-memory estimate of Z(n). This cost function’s optimization results in the
filter coefficients update which equalize only the symbol amplitude, without depending on the
carrier phase, and also it is differentiated to the derivative at which an LMS type algorithm is
obtained. The resulting error signal and update equation for the equalizer coefficients are given
by [9, 33].

em)=Z(m)|Z(n)[P~*(Ry-|Z(n)|P) (3.32)

This error signal can replace the traditional error signal in the LMS algorithm to yield

W(n+1)=Wn)+pY (n) Zm)|Z(n)[P~?(Ry-1Z(n)|P)

W(n+1)= W(n)+pe (0)Y (n) (3.33)
The p = 1 case reduces the cost function to the form
Jm)=E [(1IZ(m)| = Ry)’] (3.34)
Where
_E[Ism)I?]
T EIsml) (3-35)

If we scale the output estimate S(n) to unity, we can write the error signal in Eqn. (3.24) as
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Z(n)

e (=(Z(n)- o

) (3.36)

Thus the weight vector, in the p = 1 case, becomes

w(n+l) = v—v(n)w(l-ﬁ) Z' ()Y (n) (3.37)

3.3.2 Modified Constant Modulus Algorithm (MCMA)

The CMA (Constant Modulus Algorithm) algorithm expects constellations with a constant
amplitude, which degrades the equalization performance when an M-QAM (M>4) modulation
is used since it has multi-modulus property. In order to improve the performance of the CMA
for M-QAM (M>4), a multi-modulus algorithm, called MCMA (Modified Constant Modulus
Algorithm), has been proposed in [29, 48]. In this algorithm the cost function for CMA (3.22) is
modified to consider the real and imaginary parts separately. The modified cost function is
written as [48].

JPM()=Jr(n)+J1(n) (3.38)
Where Jr(n) and Jy (n) are the cost functions for the real- and imaginary parts of the equalizer
output y(n) = yr(n) + j .yr (n) respectively and they are defined as[48].

Tr()=E{(|R{Z(n)}|* — Rp)’} (3.39)

Im)=E{(I{Z(m)}|> — R))*) (3.40)
Assuming the input data are complex numbers with two dimensions, Rg and Ry are the real

constants determined for the real and imaginary parts of the source signals respectively

E[RIS(m[*]

RR=E RIS P) (34D

_ElIsmI*]
R ismr) (342)

Where R{s(n)} and I{s(n)} denote the real and imaginary part of source signals s(n)

respectively.The tap weights vector is updated using SGD to optimize the cost function

W (n+1)=W(n)-pe(n)Y"(n) (3.43)

Performance Evaluation of Adaptive arrays for MIMO systems



Where the error signal e(n) = er(n) + j e; (n) is given by
erm)=-R{Z(n)}(IR{Z (k)}|*-Rr) (3.44)
eim=1{Z(n) }(I{Z (k)}|?>-Ry) (3.45)

3.4 Selection of adaptive array algorithms

For one adaptive array, there may exist several adaptive algorithms that could be used to adjust
the weight vector. The choice of one algorithm over another is determined by various factors:
1. Rate of convergence. This is defined as the number of iterations required for the algorithm,
in response to stationary input, to converge to the optimum solution. A fast rate of convergence
allows the algorithm to adapt rapidly to a stationary environment of unknown statistics.
2.Tracking. When an adaptive algorithm operates in a non stationary environment, the
algorithm is required to track statistical variations in the environment.
3.Robustness. In one context, robustness refers to the ability of the algorithm to operate
satisfactorily with ill-conditioned input data. The term robustness is also used in the context of
numerical behavior.
4. Computational requirements. Here the issues of concern include:
v The number of operations (i. e., multiplications, divisions, and dditions/subtractions)
required to make one complete iteration of the algorithm,
v' the size of memory locations required to store the data and the program, and
v' The investment required to program the algorithm on a computer or a DSP
processor. Since there exists a mapping between the narrowband beamformer and

the FIR filter [1].
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The table below summarizes pros and cons of different adaptive array algorithms.

Table 3.1.: Advantages and disadvantages of Adaptive Algorithms

LMS Always converges, Require training sequence

SMI Always converges ,Faster than Require training sequence, computationally complex
LMS

RLS Always Converges ,10 times Require training sequence and Rxx-'
Faster than LMS

CMA Doesn’t Require training sequence | Theoretically may not converge

Table 3.2.: Performance of MIMO receivers [15]

Algorithm Complexity Convergence Tracking
LMS Low Slow Poor
MMSE Very High Fast Good
RLS High Fast Good
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CHAPTER

I PERFORMANCE ANALYSIS OF ADAPTIVE ARRAYS FOR MIMO SYSTEMS

In this chapter, we provide some background on adaptive arrays for MIMO systems. We
explain a System model of Adaptive arrays for MIMO systems in section 4.1. In the next
sections, some introduction on Channel State Information, LMS for MIMO, and SMI for
MIMO systems are discussed. Then SMI-CMA and LMS-CMA for MIMO systems are
introduced in section 4.5 and 4.6 respectively. Finally in section 4.7 Complexity comparison of

MIMO receivers are described.

4.1. System Model of adaptive array MIMO systems

A general block diagram of MIMO systems is illustrated in Figure 4.1, where MIMO encoder
and MIMO decoder accommodate various MIMO coding/decoding schemes, such as Alamouti,
singular value decomposition (SVD) and space-time block coding (STBC). By applying
different coding/decoding schemes, the self interfering MIMO channel can be converted into a

set of parallel sub-channels, over which separate data streams are transmitted.

v

Encoder N Modulator ]

— MIDMO
—»
Data VChannel

. Encoder .| Modulatar

L 4

Demod | | Decoder L P/S
Ik

Data

Demod || Decoder |

L
b

Fig 4.1 MIMO transmission system Model
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The Adaptive array processing at the receiver side is used to receive in an adaptive, spatially
sensitive manner with digital signal processing capability. In other words, it can automatically
change the directionality of its radiation pattern in response to its signal environment. In this

thesis work we use these adaptive arrays processing for channel estimation.

MIMO Channel Adaptive Arravs
X 1 hll ™ 1 Yl Wil Zl

NI N

h12 W12

h21 W21

n
X /I;Y YA
2 h22 | 2 W22 2
LJ W
- I d
N DSP 4—(n)

Fig 4.2 MIMO systems and adaptive array receiver

As it has been studied in chapter three there are many adaptive array algorithms that can be
used for MIMO systems. However, for this thesis work we have selected LMS, SMI algorithms
due to their simplicity and convergence properties. In addition to this we have evaluated
performance of blind and non blind combined algorithms such as LMS-CMA and SMI-CMA in
order to achieve advantages of blind and non blind algorithms. In all cases we have considered

2x2 MIMO systems.
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4.2 Channel State Information (CSI)

An important factor when deriving transmission strategies for MIMO systems is the availability
of channel knowledge at the transmitter. The transmitter is said to have full Channel State
Information (CSI) if the instantaneous channel H is known at the transmitter. Full or partial CSI
can be obtained by either a feedback channel or in a TDD system with time duplex distance
shorter than the channel coherence time by directly applying the CSI from the receive channel
estimate. A feedback channel is already implemented in some systems for a fast power control

which provides the transmitter with partial CSI [9].

4.3 LMS for MIMO systems

In the MIMO case filter taps are updated independently based on different equalized signals
from each receiving antennas. The equalize signal can be expressed as [48].

Zn(m)=Yj21 Y;()Wjm (n) (4.1)
Where M denotes the number of receiving antennas, Yjis the vector of received symbols at i

receiving antenna and Wj,, is the estimated weights and it can be written.

Wi1 Wa1 0 Waa
Wim = : - : 4.2)
Wim Wem =0 Wpp
Where M denotes the number of receiving antennas, error and filter updating process is

expressed as [48, 51].

Zn(n)= YWy, (n) 4.3)
em(n) = Zy(n) - Xp(n) 4.4)
Win(n+1) =Wy (n)- "vW Jims (45)

Where n, m stands for the n™ transmitting and m™ receiving antenna respectively, p is the
stepsize parameter that controls the convergence speed of the LMS algorithm and. Vw Jims is
the gradient of the cost function that is to be minimized, Here n = m and the MSE cost function

can be written as:
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Jims = E{len (n)[?)
=E{|Zm(n) — X, ()I?}
= E{|Yx W — X n(m)|?) (4.6)
Where Y is the k™ row vector of receiver and Wi is m™ column vector of equalizer matrix

Therefore, for 2x2 MIMO systems the equalized signals from eqn.4.1 (M=2) are given by

Z; (n) =WnY:WnYs 4.7)
Z, () =W21 Y1 WY, (4.8)
And from eqn. 4.4 and 4.5
er () =Z; (n) - X, (n) (4.7a)
e (n) =7, (n) - X (n) (4.7b)
Wi (n+1) =Wy (n)-2ue; (n) Y1 (4.8a)
Wi (n+1) =Wy (n) -2ue; (n) Y1 (4.8b)
Wy (n+1) =Wy (n) - 2p e, (n) Y2 (4.8¢)
Wo (n+1) =Wy (n) - 2p e, (n) Y2 (4.8d)
4.4 SMI for MIMO systems

The detail study of this algorithm has been presented in chapter three. Here we will state when
the transmission is single user MIMO system using the estimated matrices over a block size N2-
N1 using training signal as eqn (3.14), (3.15). From eqn (3.16) the weight vector are described
as follow.
W=R"1f 4.9)
Using this estimated weight vector we can calculate the estimated received signals for 2x2
MIMO systems as follows:
Z; (n) =WnY1:WnYs (4.10)
Z, () =W21Y1:WnY> (4.11)

Where W; s is 2x2 vector matrix which is the same as eqn. (4.2).
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4.5 CMA for MIMO systems

Among all blind equalization algorithms, the constant modulus algorithm is a popular, low
complexity blind algorithm used for channel equalization and inters symbol interference (ISI)
suppression for constant modulus signals. One limitation of the conventional CMA algorithm is
that, it is incapable of distinguishing one user data from another in MIMO detection
applications; and so it fails to lock on the desired user signal. There are different proposed
solutions to solve CMA for MIMO systems limitations. One of the simplest and commonly
used methods is adding a cross-correlation term to the CMA cost function to get the cross

correlation CMA (CC-CMA) algorithm [3, 33, 48].

Hence, CMA for MIMO weight updating process is given by [48].
Zm(n)= Y Wpy(n) (4.12)
Wm (n+1) = Wm(n)-pZn(n)(|Zp, (n) |>-Rema) Y (4.13)
Where W, (n+1) is the m™ column weight vector and Z,(n) is the m™ estimated signal (denoted

by )?), Yy is the K™ row vector of received matrix and Rema 18 defined as eqn.(3.35).

But the minimization of (3.30) does not ensure the recovery of all source signals in a MIMO
system because it may converge to recover the same source signal at many outputs. In order to
solve this problem, a cross-correlation term is introduced due to its computational simplicity

[3]. Then (3.30) for 2 x 2 MIMO is rewritten as [33, 48].

J(W)= Zun(0)(|Zey () [*-Rema) Yy + X751 £y (W) Z; ()Y (4.14)

Where 7p,; (n) = E[Z,,(n)Z;(n)] is the cross-correlation between the m™ and the /™ equalizer

outputs and prevents the extraction of the same signal at many outputs.

Then from eqn. 3.22, 3.23 (where p=2 and q=1) and eqn. 4.10, 4.11 the error and weight
updating are given by:
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e (n)=|Z; (M)|* -R; (n) (4.15a)

e (n) = Z; (n)|* =Rz (n) (4.15b)
Wi (n+1) =Wy (n)-2ue; (n) Y1 (4.16a)
Wi (n+1) =W (n) - 2p e (n) Y1 (4.16b)
W21 (n+1) =W21 (n) - 2u €2 (n) Y2+11,Z,Y> (4.16¢)
W22 (n+1) =W22 (n) - 2u e2 (n) Y2+r12 Z,Y; (4.16d)

Where 7, is cross-correlation between the equalized signal from receiver antenna 1 and

receiver antenna 2.

4.5 SMI-CMA for MIMO systems

This section used Adaptive algorithm which combines the SMI and CMA algorithms to
improve the convergence speed with small bit error rate (BER). In this case SMI initialize the
weights by using some training signals and the adaptation process continues blindly to recover
the desired signal. The estimated weight is calculated as eqn. (4.9) for some known training
data.

W=R"1¢ (4.17)
Where, R~ and # are 2x2 vector matrix for 2x2 MIMO system and correlation of few training
samples. Using this initialized weight we update the weights using constant modulus algorithm,

without using training signal, as follow:

Zi (m) =W 1Y WpY, (4.18a)
Z; (n) =W21Y 1, W2Y, (4.18b)
er (n) =1Z; (k)|* =Ry (n) (4.19a)
ex (n) = |Z, (k)|? =Ry (n) (4.19b)
WI1 (n+1) =W11 (n) -2u el (n) Y1 (4.20a)
W12 (n+1) =W12 (n) - 2u el (n) Y1 (4.20b)
W21 (n+1) =W21 (n) - 2u e2 (n) Y2 (4.20¢)
W22 (n+1) =W22 (n) - 2u €2 (n) Y2 (4.20d)

The number of data for SMI training depends on the required performance. Detail flow chart of

these algorithms is stated below:
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Generate input data,
Initialize weight by SMI
W=R"1#

Received signals in each
Receiver Antenna (Yy)

A 4

Calculate the equalized signal
Z=W" *Y

Calculate error
e=1-1Z|?

Update weight
W=W+ mu*e*Y (i)

Yes

Is there any
more
iteration?

Fig.4.3 Flow chart of SMI-CMA Algorithm
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4.6 LMS-CMA for MIMO systems

As described in section 4.5 using this combined algorithm help to achieve both advantages of
LMS and CMA (blind and nonblind algorithms). In this case, first the weights are initialized as
Zeros or ones which are commonly used initializations in LMS algorithm. Then weight
updating and error calculations are trained for few samples of data using LMS algorithm that

can be used as an initial value for CMA.

Therefore, using eqns. (4.7a and 4.7b) calculating the error and the initial weight vector using
LMS (non blind) Algorithm are given as follows;
LMS error calculation for few samples:
er (n) =2, (n) - X, (n) (4.21a)
ez (n) =7, (n) — X; (n) (4.21b)
And the weights are updated using LMS (non blind) Algorithm as eqns. (4.8a-4.8d).

Then for the remaining data the weights and errors are calculated using CMA algorithm using
eqns. (4.15a and 4.15b)
el (n) =|Z; (k)|]? —RI1 (n) (4.21a)
e2 (n) =|Z, (k)|>* =R2 (n) (4.21b)

The weight updating is the same as LMS algorithm eqns.(4.8a-4.8d) except the error here is
given by the above eqns.(4.21a and 4.21b). Flow graph of this algorithm is stated in the
following page:
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Generate input data and
Initialize weight W (zeros or
ones)

Output data Y form each
receiver antenna

»
"l
«

Calculate the equalized signal
7=WT *Y

Calculate error
en=S.-Zn

Update weight
W=W+ mu*e*Y (i)

Is there more signal
for training?

Calculate error
e=1-1Z1?

Y

Update weight
W=W+ mu*e*Y (i)

Is there more
iteration?

d
Fig.4.2 Flow chart of LMS-CMA
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4.7 Complexity Comparison of MIMO receivers

Since, there are always tradeoffs between the performance of the algorithms and their
computation complexity. It is important and necessary to make a complexity comparison
between different algorithms and try to find an algorithm that might achieve the best balance
[31].

Table 4.1 Complexity Comparison per weight update for different algorithms.

Algorithm Multiplications Additions
CMA 2(4N+3)N (ON+2)N
LMS (8N+2)N (ON+2)N
RLS 4N*(7+N) 32N*+6N+1
ZF/MMSE 12N° 12N°-4N*+N

In Table (4.1), N is the number of receiving and transmitting antennas. From this table it can be
seen that LMS has the lowest computational complexity. But the RLS algorithm has a faster

convergence speed but much higher complexity which is shown in the above table.
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CHAPTER

S

SIMULATIONS AND RESULTS

In this chapter Simulation results and discussions on the performances of adaptive arrays and

other MIMO receivers under fading channels are presented. In section 5.1 simulation

parameters and assumptions are stated. MIMO capacity, convergence of adaptive algorithms,

comparison of selected adaptive algorithms interms of BER are discussed in section 5.2, 5.3 and

5.4 respectively. Finally simulation results and discussions of comparison of these adaptive

algorithms and other linear receivers are described in section 5.5.

5.1 Simulation parameters

Some of the simulation parameters used for performance evaluation of adaptive array MIMO

systems is shown in table 5.1.

Table 5.1 simulation parameters

Number of users I(single user MIMO)
Number of transmit antennas X Number | (2 x 2)

of receive antennas

Number bits 20000

Data Modulation /Demodulation BPSK

Propagation Model Flat fading channel
Number of runs 100

Step-size 0.008

Software MATLAB

Noise AWGN

Channel type Static

Performance Evaluation of Adaptive arrays for MIMO systems




5.2 Capacity of MIMO Systems
5.2.1 Capacity of MIMO systems Channel unknown to the transmitter

As we have discussed in chapter two, capacity of MIMO systems increase linearly with number
of transmitting and receiving antennas. The result below shows that the normalized MIMO

capacity for unknown channel to the transiting antenna.

MIMO Capacity(Normalized)

25 I I I { T I { {
Shannon Capacity | | 1
———— MIMO, Nit=1,Nr=2 l l 1
.......... MIMO, Nt=Nr=2 | | :
U MIMO, Nt=Nr=3 |+~ 7~ T I
MIMO, Nt=Nr=4 :
|
|
|
!

i
.
s
e

Capacity (bit/s/Hz)

Py
e
.

.
i
e
e

Fig.5.1 capacity of MIMO systems for unknown channel to the transmitter

The capacity for different signal-to-noise-ratios, with one, two, three and four receiver and
transmitter antennas are shown. It is clear that when increasing the number of antennas from 1
to 4 the capacity is significantly increased linearly (fig 5.2) while in SIMO case the capacity

increase logarithmically relative to SISO system.
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MIMO Capacity for different number of antennas

=5dB

MIMO, SNR

10dB
15dB

20dB

MIMO, SNR
MIMO, SNR
=:=-=:= MIMO,SNR

70

60 -

(zH/s/ma) Auoede)

=Nr)

Number of antennas( Nt

Fig.5.2 capacity of MIMO systems for different number of antennas

5.2.1 Capacity of MIMO system with channel known to the transmitter

MIMO Capcity using water-filling algorithm
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Fig 5.3 Capacity of MIMO system using water-filling algorithm
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As stated above the capacity increase with the number of antenna and when we have and the
result is same with and which shows that on increasing number of antennas at either side of the
MIMO system will have same effect in rising the capacity. The difference is when the channel
is known at the transmitter we can use water-algorithm to gain better capacity than unknown
channel. From the simulation result we can see that water filling algorithm has better

performance than unknown channel at lower SNR.

5.3 BER performance of STBC (2x2 Alamouti)

In chapter two detail calculation of 2x2 Alamouti STBC is described. Simulation result in figure
5.4 shows that STBC in Rayleigh channel has better performance than the theoretical AWGN
BER for SISO system at low SNR.

BER for BPSK modulation with 2Tx, 2Rx Alamouti STBC

T T T T

********* (i theory AWGN (nTx=1,nRx=1)
1| —6— STBC(nTx=2, nRx=2, Alamouti)

Bit Error Rate
.
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S
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L
|
L
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4474
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15

N
o
N
[6)]

Fig 5.4 BER performance of STBC (Alamouti)
5.4 Convergence of adaptive array algorithms

5.4.1 Convergence comparison of LMS and CMA
As stated in chapter three SMI and LMS converge faster than CMA for comparison purpose
we have simulated LMS and CMA under non fading channel with AWGN.

Performance Evaluation of Adaptive arrays for MIMO systems



Convegence of LMS algorithm for 2X2 MIMO system
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Fig 5.5 Convergence of LMS algorithm for 2x2 MMO systems

Convegence of CMA algorithm for 2X2 MIMO system
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iteration
Fig 5.6 Convergence of CMA algorithm for 2x2 MMO systems

The simulation result of fig 5.5 and 5.6 shows that the error in LMS algorithm for 2x2 MIMO

systems converges faster than CMA algorithm using step-size 0.1 so as to see the learning curve

difference clearly.
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5.4.2 Convergence and stability of the LMS algorithm for different step-size

As we discussed in chapter there convergence and Stability of LMS algorithm depends on the
selection of step size parameter, the following simulation results shows the effect of large and
small step size parameter on convergence and stability of LMS algorithm. We have taken three
cases 0.2, 0.02, 0.002 and 0.008.

5.4.2.1 Convergence and stability of LMS algorithm for step-size 0.2

Learning curve(Convergence)

3.5 B

2000 2500 3000

iteration

Fig.5.7 convergence and stability of LMS for step size 0.2

comparison of actual and estimated weight
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Fig 5.8 Comparison of Actual and estimated weights (0.2)
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From fig 5.7 and 5.8, we see that the error converges soon but it causes instability (large error
after convergence) that results poor estimated weight (fig 5.8). Most of the estimated weights
are by far different from the true value.

5.4.2.1 Convergence and stability of LMS algorithm for step-size 0.02

Learning curve(Convergence)
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Fig 5.9 Comparison of Actual and estimated weights (0.02)
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Fig 5.10 Comparison of Actual and estimated weights (0.02)

Fig (5.9 and 5.10) shows that step size 0.02 has better stability with slow convergence rate than
the larger step size 0.2.
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5.4.2.3 Convergence and stability of LMS algorithm for step-size 0.002

Learning curve(Convergence)
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Fig 5.11 Comparison of Actual and estimated weights (0.002)
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Fig 5.12 Comparison of Actual and estimated weights (0.002)

LMS algorithm with step size 0.002 has good performance in terms of the estimated weight (fig
5.12) and slow convergence rate.
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5.4.2.4 Convergence and stability of LMS algorithm for step-size 0.008
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Fig 5.13 Comparison of actual and estimated weights (0.008)
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Fig 5.14 Comparison of actual and estimated weights (0.008)

Generally form the above comparisons we clearly see that the appropriate step size for our
simulation results is between 0.02 and 0.002. Therefore for the next simulations 0.008 step size

will be appropriate choice as shown in the above figures (5.13 and 5.14).
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5.5 Comparison of Selected adaptive array algorithms
5.5.1 Performance Comparison of SMI and LMS

Comparison of LMS and SMI for 2x2 MIMO systems
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Bit Error Rate

Fig 5.15 BER comparison of SMI and LMS

The above simulation result compares the performance of SMI and LMS algorithms for 2X2
MIMO systems. As shown in fig 5.15 BER performance of LMS is the same with SMI for low
SNR (for SNR less than 10dB). For SNR greater than 10 dB LMS performs better than SMI.
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5.5.2 Performance comparison of LMS and LMS-CMA
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Fig 5.16 BER performance comparison of LMS and LMS-CMA

From Figure 5.16, we see that the BER performance of LMS is higher than the combined
algorithm LMS-CMA. This is due to the minimization of number of nonblind training data
from 10 % to 3.75% at the cost of from 2-4dB SNR. Then we can choose LMS-CMA if we

want to minimize the number of training data with this SNR cost.
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5.5.3 Performance of LMS-CMA and SMI-CMA

Comparison of SMI-CMA and LMS-CMA for 2x2 MIMO
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***** TS ¥~ —w— SMI-CMA MIMO (nTx=2,nRx=2,SMI )

Bit Error Rate

Fig 5.17 BER performance comparison of LMS and LMS-CMA

5.6 Comparison of adaptive arrays with other MIMO linear receivers

5.6.1 BER performance of LMS and ZF

2x2 MIMO ZF (Rayleigh channel)
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Fig 5.18 BER performance comparison of LMS and ZF
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As shown fig 5.18, the LMS algorithm has lower BER of better performance than ZF linear
receiver. However, as SNR increase ZF approaches to LMS algorithm.

5.6.2 BER performance of LMS and MMSE

Comparison of 2x2 MIMO MMSE and LMS for 2X2 MIMO system

T T T T
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Fig 5.19 BER performance comparison of LMS and MMSE

5.6.3 BER performance of LMS, ZF and MMSE

Comparison of LMS,MMSE and ZF for 2x2 MIMO Systems

****** Theoryn(Tx=1,nRx=1)

—#— LMS-MIMO(nTx=2,nRx=2,LMS )

—O— ZF sim(nTx=2, nRx=2,ZF ) E
MMSE sim (nTx=2, nRx=2,MMSE ) |1

Bit Error Rate

Fig 5.20 BER performance comparison of LMS, ZF and MMSE
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Performance of LMS and linear MIMO receivers (ZF and MMSE) is illustrated in Figures 5.18,
5.19 and 5.20. Bit error rate (BER) curves for transmission using two transmit antennas and two
receiving antenna are shown in this figure. The BER curve for the one transmit and one receives
antenna (1 Tx-1Rx) case is also plotted for reference. The following observations can be made

from the performance plots.
> LMS algorithm has the same BER performance as MMSE linear receiver.
> ZF has large BER performance than LMS and MMSE.

> At high SNR ZF approaches to MMSE and LMS in static flat fading channel.
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CHAPTER

6 CONCLUSION AND RECOMMENDATIONS FOR FUTURE WORK

6.1 Conclusion

MIMO is one of the future wireless technologies. So many ongoing researches are done to
improve its performance and complexity. In this thesis adaptive array processing have been
analyzed and evaluated for MIMO wireless communication systems. For this, different MIMO
adaptive array receivers and transmission techniques are thoroughly studied for 2 x 2 MIMO

systems.

In Chapter three, different non blind and blind adaptive arrays algorithms are described and
their detail algorithms are analyzed. Comparison based on their advantages and disadvantages
are stated in table 3.1. Comparison of Adaptive arrays with other linear MIMO receivers (ZF
and MMSE) interms of Complexity, convergence, and tracking are described in table 3.2. From
Table 3.1 we can see that non blind algorithms converges faster than blind algorithms but they
need training signal while blind algorithms converges slowly and doesn’t Require training
signal. Table 3.2 show that MMSE and RLS has good tracking and fast convergence in contrast
to LMS algorithm that has poor tracking with slow convergence rate. However, LMS has low
complexity (easy and simple to implement) while MMSE and RLS have high and very high

complexity respectively.

In chapter four the system is modeled and performance of algorithms is evaluated. Then

simulation results of the model are described in chapter five with the following conclusions:

The capacity of MIMO system with known channel state information and unknown channel

state information (CSI) at the transmitter is evaluated the transmitter with known CSI using
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water filling algorithm has larger capacity than the transmitter with unknown CSI Fig (5.1, 5.2
and 5.3). MIMO transmission techniques such as spatial multiplexing and spatial diversity (2x2

alamouti STBC) are used for high data rate and reliable communication.

LMS has converged faster than CMA Fig. (5.5, 5.6) but it has a cost of bandwidth. From the
result of Figures (5.7- 5.12), we have seen that LMS algorithm convergence depends on step
size parameters. For large step size LMS algorithm converges fast but it has a stability problem.
Therefore an optimal choice of step size parameter based on eqns. (3.9 and 3.10) is necessary to

have better performance interms of convergence and stability.

Finally, from simulation results of comparison of selected algorithms for MIMO systems we
can see that LMS has better BER performance than SMI (Fig. 5.15). We can minimize the
number of training sequence by 62.5% with a cost of 2- 4dB using combined algorithms such as
LMS-CMA (we can utilize blind and non blind advantages with some cost in SNR). Moreover,
results for Comparison of adaptive arrays with other linear MIMO receivers shows that LMS
algorithm in slow fading channel has the same BER performance with MMSE and better BER

performance than ZF.
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6.2 Recommendations for future work

Adaptive array technology has opened numerous areas for future work which could be done to
better understand performance of Adaptive array processing for MIMO systems. Some of the
areas are as follows:

» Performance evaluation of adaptive array for interference mitigation and signal
separation in MIMO systems, this is to evaluate interference mitigation and signal
separation of adaptive arrays advantages of adaptive arrays for MIMO systems

» Performance evaluation of Adaptive array MIMO systems for different fading channels

» Performance evaluation of adaptive arrays for MIMO systems with different Doppler
speed/non stationary environment.

» Utilizing interference mitigation and channel estimation adaptive arrays ; this is how

we can utilize both advantages at a time or their tradeoffs
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