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CHAPTER 1 INTRODUCTION

The field of wireless communication has shown pidagrowth in recent past,
which requires higher channel capacities and datesrto satisfy increasing demand of
smart phones, tablets, ipads and other electradgejs. The increasing demand of these
services without a corresponding increase in rddiquency (RF) spectrum allocation
motivates the need for new techniques to improvectspm utilization. There exists
numerous tools and techniques such as advancedgcaaid compression technique,
higher order modulation technique, adaptive interiee management, dynamic spectrum
management and smart antennas which enables tlogerffutilization of spectrum.
Joseph Mitola first proposed dynamic spectrum management tecknigu cognitive
radios in 1998 that autonomously coordinate thegyeis# spectrum. They identify radio
spectrum when it is unused by the incumbent (piymiaense holding) users and use this
spectrum in an intelligent way based on spectruseniation.

The smart antenna approach which has shown promiserms of capacity
improvement is the use of adaptive array antensa lhown as smart antenna. Smart
essentially means computer control of the antererdopnance. This antenna has the
capability of spatial filtering by steering its Imeaowards the direction of interest and
placing nulls in the direction of interfering sigeaThis outcome is achieved by proper
weighting of each received signal according to dap#ive algorithm. This concept is
called space division multiple access (SDMA). luged in conjunction with time division
multiple access (TDMA), frequency division multiphecess (FDMA) and code division
multiple access (CDMA) technologies in order to yile the latter ones with the
additional ability of identifying a single user Wwiits uniquespatial signature. Adaptive
antennas were first introduced in 1960s and ihjtidéployed in military communication
systems, where narrow beams are used to avoidferegece from noise and
jamming signals.

The researchers extended the concept of adaptivenraas in wireless
communication which offers many advantages likerowpment in bit error rate (BER)
and network throughput, reduction in fading duemiaitipath propagation but it could be
best explained by words of Andrew Viterbi, a pianeethe global spread of wireless

communication, Spatial processing remains as the most promising, if not the last frontier,



in the evolution of multiple access systems’. Signal processing stage allows the antenna
beam pattern to adapt to the changing RF envirohn&gnal processing combined with
antenna array produces a directive beam that cacdrened electronically by varying the
excitation of the individual elements. The objeesivof the signal processing stage are
estimation of direction of arrival (DOA) of all thepinging signals and the calculation of
appropriate weights to steer the maximum radigpiattern towards the signal of interest
(SOI) and place nulls towards signal not of inte(&NOI).

DOA estimation of narrow band plane waves in taak is an integral part of
many practical signal processing problems. Withateent of third and fourth generation
wireless technology federal communication commiss({&CC) requires that mobile
communication system should locate and track mopfiienes for efficient spectrum
utilization. It has widespread applications in fledd of radar, sonar, seismic exploration,
electronic surveillance, satellite and mobile comioation. DOA estimation techniques
can be categorized on the basis of the data asalptp three categories, spectral
estimation methods, Eigen structure methods andrmuem likelihood (ML) techniques.
Spectral estimation methods search for peaks iposisible direction while Eigen structure
based methods exploit the structure of the recetegd, in particular array correlation
matrix. Multiple signal classification (MUSIC), astation of signal parameters via
rotation invariance technique (ESPRIT) are somehef high resolution Eigen structure
methods. In this thesis, the performance of spleetna Eigen structure based DOA
estimation algorithms have been compared.

ML is a standard technique in statistical estiorattheory. This method gives
superior statistical performance compared to othesthods in multipath channel
environment and in the environment where signaddise ratio (SNR) and the number of
snapshots are small. The ML estimate is computechdyimizing the likelihood function
or minimizing the negative likelihood function witlespect to all unknown parameters,
which may include the source DOA's, the signal davee and the noise parameters. Due
to large computational burden direct maximizatidnnaltimodal nonlinear likelihood
function over the large parameter space is unt&alihus, different optimization
techniques have been considered to jointly estimatece DOA's and other parameters
over a high dimensional space. Many researchers pawposed different optimization
techniques to optimize ML function. Alternating action, simulated annealing and data

supported grid search algorithm optimize ML funitiout they cannot guarantee global



convergence. Metaheuristic approaches have evalsaihe of the leading techniques for
solving optimization problems in engineering apgiicns. These approaches find
applications in the field of adaptive array sigpabcessing problems in smart antennas.
Genetic algorithm (GA), differential evolution (DEplgorithm, particle swarm
optimization (PSO), ant colony optimization (ACQOjttificial bees colony algorithm,
gravitational search algorithm (GSA), etc. haveelydeen used to obtain ML solution by
optimizing complex non linear multimodal functio®n the basis of nature of signals,
there exists two types of ML models viz. deterntinisnodel (signals are assumed to be
deterministic) and stochastic ML model (signals assumed to be randor(Btoica and
Nehorai, 1990). Magdy, et al. (2013) addressed GSA for estimating direction of
deterministic signals in circular arrays by optimgdeterministic ML function.

In this thesis, GSA has been used for estimatiregtion of closely spaced narrow
band uncorrelated deterministic signals by optingzileterministic ML function in linear
arrays. The performance of the algorithm is judgedhe basis of root mean square error
(RMSE) and resolution probability and the resulie aompared with PSO and
conventional algorithms.

Coherent signals are common in practical scenafivireless communication.
Multipath propagation is a common example of sumnario in which signals originate
from a single source and reach the destination ungessive reflections from various
objects. The spectral estimation and Eigen strachased methods fail to estimate the
direction in such scenarioslinghui and Yilong (2007) proposed a modified and refined
genetic algorithm to find exact solution of stodi@®IL function for linear and circular
arrays.Jiankui, et al. (2006) has estimated direction of uncorrelated signalsgiymizing
stochastic ML function using PSO algorithminghui and Yilong (2008) have used PSO
algorithm for estimating the direction in uncortelhand colored noise environment.

In this research work, PSO algorithm has beenceg&gl for optimizing stochastic
ML function for estimating direction of uncorreldtepartially correlated and coherent
signals in linear arrays. PSO algorithm gives Bedistical performance than conventional
approaches in estimating direction of incoming algrin all environments. The direction
of partially correlated signals with different celation coefficient are estimated, in order
to analyze the efficiency of the proposed algorittmmultipath channel environment.

Adaptive beamforming (ABF) also known as optimuambining finds its roots

with the invention of sidelobe canceller (SLC) i859 by Howells. In 1965 Applebaum



developed fully adaptive antenna array which issdasn maximization of signal to noise

ratio (SNR) at the array output. Since then manyFABchniques have been proposed
which dynamically shape the beam pattern of antemmay by applying appropriate

excitation weights that vary with time. There an® ttypes of beamforming approaches,
first in which arrival angle is fixed and doesnftacge with time and second in which
arrival angle is continuously changing with time.

Minimum mean square error (MMSE), Maximum Likeldtb(ML) and Minimum
variance distortionless response (MVDR) are fixedrforming approaches. MVDR is an
efficient ABF technique that aims to maximize thgnal to interference and noise ratio
(SINR) in order to increase the efficiency of adaptantennas. This algorithm can
maximize the SINR but simultaneously can't minimiize side lobe level (SLL) which is
an essential requirement to avoid unreasonabladmieradiated power. The dual problem
of maximizing SINR with reduced SLL can't be solvey conventional beamforming
techniques. This multi-objective problem can be eted as an optimization problem.
Since classical gradient based optimization methualee a tendency to stuck in local
minima and have a slow rate of convergence, thesethechniques fail to provide a
optimum beamforming solution. In recent past, redess have explored metaheuristic
approaches in ABF and pattern synthesis problems.

Goswami and Mandal (2012) have explored GA for controlling nulls and SLL in
linear antenna arrayZaharis et al. (2011) proposed adaptive mutated boolean particle
swarm optimization (AMBPSO) for ABF in linear antenarrays at different power levels.
Zaharis et al. (2012, a, b, ¢) proposed adaptive dispersion invasive weed opétiaz
(ADIWO) technique for ABF with reduced SLL at difemxt number of interfering signals
and power levels.

In this research work GSA has been explored foimesing weights of linear
arrays for ABF. The results are analyzed at difiepower levels and for different number
of interfering signals. The linear and polar radiatpattern obtained using GSA are
compared with MVDR and the previous reported rasult

The ABF algorithm in which arrival angle is contously changing with time can
be categorized based on whether the algorithm asederence signal, direction of the
desired signal or system properties of the signadaptively form its beam. Reference
signal based algorithms minimize the mean squarer €cost function) between the

reference signal and array output. If the cost tioncis minimized, then the quality of



signal is maximized. The most common adaptive #lyms are Least Mean Square
(LMS), Sample Matrix Inversion (SMI) and Recursieast Square (RLS). Constant
Modulus (CM) is a blind beamforming algorithm whitdkes advantage of the constant
amplitude of phase modulated signals. In this mebework, the performance of all ABF

algorithms has been compared.

1.1 Objectives

The objective of the present study is to exploréameuristic approaches viz. PSO and
GSA in the field of array signal processing. Tovgatigis end, the outline of the work to be

carried out in this dissertation is as follows:

1. Simulation of DOA estimation algorithms and thetatistical analysis based on

RMSE and probability of resolution.

2. Simulation of blind and non-blind ABF algorithmsdatheir performance analysis
based on the beamwidth, maximum null depth, maxim8ihl and rate of

convergence.

3. Simulation of GSA and PSO algorithms for DOA estiiora using ML criteria for

uncorrelated deterministic signals and their comgparwith conventional techniques.

4. Simulation of PSO algorithm for DOA estimation ugiML criteria for random
signals in different channel environment and thmmparison with conventional

techniques. The different channel environment idetusources which are:
I. Uncorrelated sources
ii. Partially correlated sources
iii. Coherent sources

5. Simulation of GSA for optimizing single objectivéniess function for ABF and its

comparison with MVDR technique.

6. Simulation of GSA for optimizing multi-objectivetfiess function for ABF with

reduced SLL and its comparison with MVDR and presioeported results.



1.2 Organization of thesis

The thesis is organized in five chapters and thst fthapter presents the
introduction and objectives of the thesis. Theioatbf rest of the four chapters are

as follows:

« Chapter 2 presents the literature review which covers theéesgwf DOA
estimation and ABF algorithms. The metaheuristiorapches addressed in
the proposed research work and their applicatiornike field of array signal

processing are briefly reviewed.

« Chapter 3 presents the data model and step-wise descriptialh the DOA
estimation and ABF algorithms. The optimization hi@iques and the
MATLAB tool used in the simulation work are brieflgiscussed. The

chapter also presents the methodology of the pespresearch work.

« Chapter 4 presents the simulation results of DOA estimatiechhiques
and the ABF algorithms. The simulation results df dchniques for DOA
estimation using metaheuristic approaches are prexd@nd discussed. The
simulation results of ABF using GSA are also préseérand discussed and

compared with previously reported results.

« Chapter 5 presents conclusion of this study, contributionkmowledge

and scope of extension of this research work.






CHAPTER 2 REVIEW OF LITERATURE

In this chapter, the work reported in the field asfay signal processing which
includes the DOA estimation and ABF is reviewedtHa recent years, there has been a
tremendous growth in the field of array signal mssing with the introduction of new
research ideas to a concrete system. The limigtarbasic approaches have urged the
researchers to explore new techniques for arrayakigrocessing. Soft-computing
approaches have gained momentum in recent yearchael been explored by many
researchers for DOA estimation and ABF. The coutidn of researchers in the field of
array signal processing using conventional techescand soft-computing approaches are
reviewed in two sections. In section one, the D@#Aneation techniques are reviewed and

in section two the ABF techniques are briefly rexae.
2.1. Review related to direction of arrival estimation

Capon, J. (1969) proposed an algorithm known as Capon method whscta ihigh

resolution method of estimation of parameters afident wavefronts. The output of
antenna array elements is considered to be a rariigdon The frequency-wavenumber
spectral representation of this field gives theoinfation of the power spectral density
which is basically a mean-square amplitude of thweaees. The conventional method of
frequency-wavenumber spectral density has a fixadewnumber window, thus it has
limited resolution. The author introduced a new hodt of estimation which uses a
wavenumber window whose shape changes and is &duraf the wavenumber at which
an estimate is to be obtained. Thus, the methodepts better resolution and finds

application in the fields such as radar, sonaipradtronomy, etc.

Barabell, A. (1983) proposed two methods for DOA estimation in low Ssidenario with
good resolution probability. The first method findte direction of incoming signals by
finding the roots of the polynomial and is applieato uniform linear array (ULA). The
second method finds the direction of incoming signéth improved resolution properties
by defining a (pole-zero) spectrum function whishformulated using signal subspace

eigen vectors.



Shan, T. J., et al. (1985) addressed the problem of DOA estimation for cohesgmals
using spatial smoothing preprocessing technique fBichnique is used in conjunction
with eigen structure technique, Capon and lineadiption method, etc. The results

verifies the effectiveness of this spatial smoajrapproach.

Schmidt, R. O. (1986) proposed high resolution MUSIC algorithm for pragieg the
signals received on an antenna array elementsniois/ interference environment. The
algorithm is a Eigen structure method since itakeg the signal subspace into signal and
noise subspace and DOA estimation is performed tioenof the subspaces, assuming that
noise in each channel is highly uncorrelated. Tigeradhm gives unbiased estimates of
number of incident signals, elevation and azimutgles, range, polarization for multiple
incident wavefronts, cross-correlation among thadent wavefronts, noise/ interference
strength. The author has compared the simulatisalteewith the Maximum Likelihood

(ML), maximum entropy (ME) and conventional beamiorg criteria.

Hua, Y. and Sarkar, T. K. (1988) proposed a novel matrix pencil method for estinmatio

of frequencies of exponentially damped or undamgiadsoidal sequences. This method
presents different ways of solving generalized Eigalue problem and possesses different
fundamental perturbation properties. The simulafod theoretical result shows that the

method gives good performance than the high pedoo®a polynomial method.

Ziskind, I. and Wax, M. (1988) proposed alternating projection (AP) method for ML
function optimization in order to estimate the diren of signals impinge on the sensor
array. The algorithm estimate the direction of gehesignals and in the scenario of single
snapshot. The AP is an iterative approach and khieaboptimum solution is reached

through successive approximations. The global cgeree of the algorithm depends on

the initialization scheme.

Sharman, K. (1988) proposed simulated annealing algorithm for ML fimrct

optimization in estimating direction of incominggsals which impinge on the sensor
array. Simulated annealing is a stochastic optiimmaalgorithm which solves the
combinatorial optimization problems and finds widege of applications in the field of
science and technology. The simulation results skimat the algorithm give accurate
results as compared to existing methods, i.e. MUShder severe condition such as

irregular sampling and short data length.



Roy, R. and Kailath, T. (1989) proposed ESPRIT algorithm for signal parameters
estimation which is a significant problem in mangnsl processing applications. It
includes DOA estimation, system identification ande series analysis. The technique
exploits the rotation invariance in the signal q#t® induced on arrays with a
translational invariance structure. The method mssumultiple identical subarrays called
doublets instead of single element array whichdssplaced by fixed displacement vector.
The simulation results show that the algorithm @nés significant performance and
computational advantage over other algorithms saghMUSIC, Capon, ML and ME

method.

Rao, B. D. and Hari, K. V. S. (1989) analyzed the performance of the Root-MUSIC
algorithm. The algorithm is basically the variatiohthe MUSIC algorithm in which the
direction of plane waves is determined by findihg toots of the polynomial equation.
The performance is analyzed by noticing the pedtiob in the roots of the polynomial
found in the algorithm. The simulation results shihat the algorithm performs well in

terms of root-mean square error as compared to [@a&H ESPRIT algorithm.

Stoica, P. and Nehorai, A. (1989) derived the Crammer-Rao bound (CRB) for the MUSIC
and the ML algorithms and analyzed their statifpesformance. The authors investigated
the relationship between the two algorithms. A etioal study of statistical efficiency of
the MUSIC estimator is made in which the directanwo plane waves for the uniform

linear array is estimated.

Hua, Y. and Sarkar, T. K. (1990) proposed matrix pencil method for estimating
frequencies and damping factors of exponentiallpgied or undamped sinusoids in noise.
The matrix prediction approach has two variants paynomial method and matrix pencil

method. The theoretical analysis and simulationlteshows that pencil method is found

to be computationally less complex and is lessige@s$o noise than polynomial method.

Stoica, P. and Sharman, K. C. (1990) addressed five different methods of DOA
estimation based on the ML principle. The ML methsdlerived by applying the ML
principle to the statistics of observed raw d&&JSIC-1 is obtained by applying the
brute-force approximation to the ML method while BIKZ-2 is obtained by applying the
ML principle to the statistics of the certaindar combination of the sample noise space

eigen vectors. Method of direction estimation (MQEIEmethod is derived as the large



sample realization of the ML method and its perfance lies between the ML method and
the MUSIC algorithm. MODE-2 is obtained by applyithge ML principle on the statistics
of the certain linear combination of the sampleerigectors. The author presented the

numerical comparison in terms of RMSE of five difiet DOA estimation methods.

Stoica, P. and Nehorai, A. (1990) presented the numerical and analytical study of
conditional and unconditional ML DOA estimation falLA. The authors derived the
expression for Crammer-Rao Lower bound for cond#loand unconditional ML
estimator. The author showed that many DOA estonathethods have same statistical

properties for conditional and unconditional models

Long, L. and Da, L. Y. (1993) proposed a neural network approach for computireg th
noise subspace in real time for the MUSIC algoritfiime simulation results show that the
proposed neural network approach finds solutioseclm the conventional approach in a
very short time. The advantage of the proposedaagbr is its asynchronous parallel

processing and high speed computational compayibili

Xu, G., e al. (1994) proposed Beamspace ESPRIT algorithm for restoring t
displacement invariance structure in ESPRIT algorit The Eigen structure based
ESPRIT algorithm is difficult to implement in a p#lel manner and requires O{M

multiplications for anM X M matrix, corresponding tM sensors. Thus, ULA lose their
displacement invariance structure which increa$es domputation complexity of the
algorithm and it becomes difficult to implement tBSPRIT algorithm. The simulation
results show that beamspace ESPRIT algorithm retheeomputational complexity of

the algorithm and improves the estimation accuracy.

Haardt, M., et al. (1994) proposed unitary ESPRIT algorithm which utilizas fact that
the phase delays between the two subarrays ararynithis approach estimates more
accurate results than the ESPRIT algorithm espgciahen the standard ESPRIT
algorithm finds difficulty in estimating directioof closely spaced sources. Thus, the
algorithm is found to be computationally less coempbnd separates and reconstructs
superimposed signals arriving from different direas.

Bachl, R. (1995) proposed a hybrid algorithm which is a combinatioih ESPRIT
algorithm and forward-backward averaging technid®PRIT algorithm is applied to two

identical subarrays and forward-backward averagm@pplied to arrays in which the



elements are symmetrically placed. The forward-backl averaging technique provides
efficient solution to decorrelating coherent orttygcorrelated signals. The combination of
two techniques implies a uniformly spaced lineaays and shows substantial reduction in

the computational complexity of the ESPRIT algarith

Kennedy, J. (1995) proposed particle swarm optimization, a new stahaptimization
methodinspired by social behaviour of bird flocking osHi schooling. The heuristic
approach is judged for non-linear function optinima and neural network training. The
author discussed the relationship between the gegpapproach and other evolutionary

techniques.

Sarkar, T. K. and Pereira, O. (1995) discussed the linear techniques for parameter
estimation. Matrix pencil method which is more rebto noise is briefly described. The
method is computationally more efficient and hasdovariance of the estimates of the
parameter of interest as compare to polynomial typéhod. The author implemented the
band-pass version of matrix pencil method in hardwesing AT&T DSP32C chip for real

time implementation.

Southall, H. L., et al. (1995) discussed adaptive radial basis function neuralvort
(ARBFNN) for finding the direction of sources frcem eight-element X-band array having
multiple failures and degradations. The performaatéwo ARBFNN viz. one whose
internal weights are computed using a modified igraddescent algorithm and second

whose weights are calculated using linear algete@@mpared.

El Zooghby, A. H., et al. (1997) addressed the problem of DOA estimation for linear
antenna arrays using three layer RBFNN. The newstdork trained with input-output
pairs presents reduced computational complexity campared to superresolution
algorithms. The proposed approach shows high pegoce as compared to MUSIC

algorithm for detecting directions of uncorrelatadl correlated signals.

Godara, L. C. (1997) discussed the advantage of using an antenna amragobile

communications systems. The author gave an overgfewobile communication system
and briefly described how an array can be benéfioradifferent communication system
which includes land-mobile, indoor-mobile and ddtelbased system. The author
highlighted the advantages and feasibility of anéemrray in mobile communications

applications.



Godara, L. C. (1997) discussed all aspeab$ array signal processing. The author provides
a comprehensive and detailed analysis of diffeB¥DA estimation and ABF algorithms.
The performance of different algorithms are analyamd the effect of error on the

performance of antenna array system is briefly askadged.

Roy, R. H. (1998) outlined the principles and architecture of SDMA reless
communication system. The author addressed th&éiakpeocessing would be the key for
next generation wireless communication system peoitides significant reduction in cost
and improvement in coverage, capacity of the néiwbhe advantages of switched beam
and adaptive antenna system employed at basensteti@ discussed. Experimental results

built with this new architecture shows the effiagrof the SDMA technology.

Stoica, P. and Gershman, A. B. (1999) proposed a novel and computationally efficient
approach of maximizing the likelihood function oweset of points derived from the data.
The author used the ESPRIT algorithm to obtaingitié points. The data supported grid
search algorithm shows similar performance as geakgorithm at a lower computational

cost.

El Zooghby, A. H., et al. (2000) discussed the problem of DOA estimation using tadia
basis function network for wireless terrestrial asadellite mobile communications. The
algorithm works in two stages viz. detection angihestion. The field of view of antenna
array is divided into spatial angular sectors drebé¢ sectors are assigned to different pairs
of neural network. Initially, when the first paif aetwork detects the signal then the
second stage of the network is activated to eséirtad direction of incoming signals. The
performance of the algorithm is investigated forimas angular separation with sources of
random relative SNR.

Pesavento, M., et al. (2000) proposed unitary root-MUSIC algorithm for DOA esétion

of plane waves. The algorithm reduced the compmratomplexity since it exploits the
eigen values of real-valued covariance matrix. Peeformance of the algorithm is
compared with conventional root-MUSIC algorithm atiet results show that unitary
root-MUSIC give approximately same performance ast-MUSIC algorithm for

detecting direction of uncorrelated sources whilke gsuperior performance in finding
direction of partially correlated and correlatedurees. The algorithm shows improved

threshold performance when the directions of saueze found in real time environment.



Thus, the authors recommend unitary root-MUSIC wmmparison to conventional

root-MUSIC algorithm in finding direction of narrolsand sources.

Karamalis, P. M., et al. (2001) addressed the problem of DOA estimation of several
signals impinging the ULA using genetic algorithim.the first part of the paper, authors
briefly described genetic algorithm and its pararetin the second part of the paper
simulation results are presented where the chaingd® receiving antenna structure and
the influence of the GA are examined. The statiktanalysis is done to conclude the

algorithm reliability and accuracy.

Du, K. L., et al. (2002) reviewed the application of neural networks in tieéd of array
signal processing. Neural network is gaining momentin the field of array signal
processing because of its real time applicationteardware implementation. The authors
discussed different models of neural networks wzlti layer perceptron (MLP), radial
basis function neural network (RBFNN), Hopfield riunetwork for DOA estimation
and ABF.

Jiankui, Z., et al. (2006) proposed PSO for optimizing ML function in orderdstimate

direction of incoming signals towards the sensaayarThe proposed method finds the
global solution and overcomes the drawback of pevioptimization techniques which
get trapped in local optimum solution. The PSO-Mktireator possess modest
computational complexity and shows improved perfmoe in terms of RMSE as

compared to alternating projection (AP) ML solution

Caylar, S., e al. (2006) proposed modified neural multiple-source tracking
algorithm (MN-MUST) for real time target trackinggblem. The proposed approach
inserts a spatial filtering stage and reducesrtpatisize of the neural network without any

degradation in the accuracy of the system for dietgcncorrelated sources.

Mestre, X. (2006) proposed weighted MUSIC algorithm for the scenamdeere the

sample size is small. The author initially analy#es performance of traditional MUSIC
algorithm in the situation where the number of s®@nd number of array elements
increases without bound. The results show that MUiSIinconsistent as the part of the
energy for the noise subspace eigen vectors spitts signal subspace. Then, the
performance of the weighted MUSIC algorithm is gmad and the results show that it

provides consistent performance even when the widen dimension increases without



bound. Finally the performance of the conventicaad the proposed weighted MUSIC
algorithm is compared.

Li, M. and Lu, Y. (2007) proposed modified and refined GA to find the exsadution of
the ML function. The proposed evolutionary techmeighas some new features viz.
intelligent initialization, emperor-selective magischeme, carefully selected crossover and
mutation operators. The heuristic technique aclsidast global convergence because of
fine-tuned parameters such as population size aplghpility of crossover and mutation.
The proposed GA based ML solution presents improsad faster performance as
compared to conventional DOA estimation techniquwesl other ML-based DOA

estimation techniques in different scenarios.

Wasylkiwskyj, W., et al. (2007) proposed modified root-MUSIC algorithm with a simpl
algebraic structure. The performance of the algoriis evaluated and the results are as
accurate as conventional root-MUSIC algorithm. Thethors demonstrated the
performance of the algorithm in a hardware setupprising of decoupled array and phase

shifters. The experimental results show a goodesgeat with the simulation results.

Li, M. and Lu, Y. (2008) proposed particle swarm optimization for DOA estiora by
optimizing complex multimodal nonlinear ML function unknown colored noise fields.
The direction of incoming signals are computed weither noise and signal parameters and
the performance of the proposed approach is comp#we approximate maximum
likelihood (AML) and MUSIC algorithm in different aise scenarios. The PSO-(exact
maximum likelihood) EML solution estimate the ditiea of signals at less computational

costs as compared to other algorithms.

Zhang, Y. and Ye, Z. (2008) proposed an efficient method of DOA estimation wheth
uncorrelated and coherent signals impinge on an .ULl#e technique first estimate the
direction of uncorrelated signals and the inforoatis eliminated from the signal
subspace. After elimination of information of un@dated signals, the matrix contains the
information of coherent signals and is called asn&rix. The direction of coherent signals
are obtained from the remaining C-matrix. The dation results show the effectiveness

of the proposed approach.

Rashedi, E., et al. (2009) proposed GSA, a new heuristic optimization methasel on

the gravity and mass interactions. The optimizati@thod contains a collection of masses



as search agents and they interact with other baselde Newtonian gravity and the laws
of motion. The performance of the proposed appremclompared with other well-known
heuristic optimization methods by optimizing stamdiaenchmark functions and the results
show the high performance of the proposed methodalving different non-linear

functions.

Dhope, T. S. (2010) estimated the performance of MUSIC, Root-MUSIC &®8PRIT

DOA estimation algorithms in the presence of Gaussioise on ULA. The simulation
results show that MUSIC algorithm gives minimum RB®&s compared to other two
algorithms. The performance of all three DOA estioraalgorithms improves with the

increase of SNR, number of array elements and nuoflsnapshots.

Hanumantharao, A. D., et al. (2011) proposed bacteria foraging algorithm (BFO) for
DOA estimation by optimizing complex multimodal hioear function over a high

dimensional space. The proposed approach givesrbgterformance over other
conventional techniques and PSO based solutionoim BNR scenarios at less

computational costs.

Guime, Z., et al. (2012) proposed a new unitary ESPRIT algorithm for estingat
direction of arrival and direction of departure ©ignals in bistatic MIMO radar. The
author utilized the properties of centro-Hermitiawatrices to transform complex valued
data matrix into a real-valued data matrix. The vedued rotation invariance equations for
signal subspace are evaluated to estimate thetidmenf arrival and direction of departure
of signals in radar. The proposed algorithm preseatiuced computational complexity
and simulation results verify the effectivenespposed approach in terms of estimation

accuracy.

Liu, F., et al. (2012) addressed the problem of DOA estimation in the agenvhere
uncorrelated and coherent sources impinge uporUtbhe The proposed method firstly
estimate the direction of uncorrelated sourcesgusonventional subspace method and
then using spatial differencing technique theireefffis being eliminated. Finally, the
coherent signals are estimated using spatial diffténg matrix. The simulation results
show that the proposed method improves the estmaticcuracy and increases the

maximal number of detectable signals.



He, J., et al. (2012) proposed an efficient MUSIC algorithm which detelcéad classified
the sources in the scenario where both far-field aear-field sources coexist. The
proposed algorithm neither requires the multi-disienal search nor the higher order
statistics. The stochastic Crammer-Rao bound (GRE) also determined for the problem
under consideration. The performance of the prapaggproach is compared with the
existing method and the CRB.

Zaman, F., et al. (2012) proposed a method based on PSO for single snapxbét
estimation. MSE is used as a fitness function feg optimization problem. Multiple
sources are assumed to impinge on the linear arrdythe performance is analyzed in two
separate cases viz. when separation between sowragesre and separation between
sources is less. The proposed approach showsiedfeesults and can be applied for DOA

estimation in real time environment.

Zhou, Z., et al. (2012) proposed an iterative approach for fundamental ukaqy
estimation for real harmonic sinusoids. An optimalleighed harmonic multiple signal
classification (OW-HMUSIC) estimator is devised ngsithe subspace technique and
Markov based eigen analysis. The simulation reshitsv the superior performance of the
proposed approach as compared to least squareaamdiiic multiple signal classification
(HMUSIC) algorithms and also with the CRB.

Zwick, T., et al. (2012) proposed a novel high resolution two-dimension&)(DOA
estimation algorithm using neural networks. Thédfief view of antenna array is divided
into spatial elevation and azimuth sectors. The D&#imation is implemented in two
stages viz. detection and estimation. Multilayercpptron (MLP) is used for detecting the
signals and RBFNN is used for estimating the sgndlhe trained neural network
estimates the directions of incoming signals inmatfon of seconds, thus is suitable for
real time implementation. The proposed approaclwstgnod accuracy as compared to 2D
MUSIC algorithm.

Basha, T. S. G, et al. (2013) proposed an improved MUSIC algorithm which incogies

a tuned correlation matrix after solving the ohjeztmodel for the matrix. The tuned
correlation matrix is obtained using GA. The sintiola shows that estimated DOA is
more precise compared to the conventional MUSIC D€&3#imation technique. The ABF

is derived on the basis of the results of estim&@d and the experimental results show



the improved results of proposed beamforming tepes as compared to conventional

beamforming technique.

Dhope, T. S, et al. (2013) compared the performance of MUSIC, Root-MUSIC and
Capon DOA estimation algorithms in the presenceGalussian noise on ULA. The
performance of all the algorithms are comparedhenbasis of number of array elements,
SNR and number of snapshots. The simulation resiitsv that MUSIC gives best
statistical performance among Capon and Root-MUS¢0rithms.

Errasti-Alcala, B. and Fernandez-Recio, R. (2013) addressed the problem of single
snapshot DOA estimation by metaheuristic approachidé® authors investigate the
performance of five different optimization methog®z. PSO, ACO for continuous

domains, DE, simulated annealing (SA), GA for ojting function for DOA estimation.

The performance is compared in terms of rate ovearence, accuracy, resolution and
computational cost. The simulations are carried foutuniform and non-uniform arrays
and for different noise scenarios and the restitsvsthat ACO for continuous domains

gives best results in comparison to other optinopatechniques.

Magdy, A., et al. (2013) proposed GSA, a optimization method for DOA estiorabased

on unconditional ML solution. The proposed heutistiethod is used to optimize complex
ML function for a uniform circular array of twehaements and the results are compared
with PSO and conventional techniques. The perfoomaf GSA-ML algorithm is superior

in terms of RMSE as compared to other techniques.

Panigrahi, T., et al. (2013) proposed PSO for DOA estimation by optimizing coexgViL
function in wireless sensor networks. The propaggatoach presents a centralized method
in which every node participates in bearing estiomain order to achieve accurate solution
with minimum computational cost. The simulation ulés show the advantage of the

proposed approach as compared to conventional agipro

Yan, F. G., et al. (2013) proposed a compressed MUSIC (C-MUSIC) algorithmchhi

involves search over a small sector and reducesctimputational complexity. The

technique shows advantage over alternating projecind singular value decomposition
method. The simulation results show that the RM®H probability of resolution of

proposed method has certain trade-off as compar®tUSIC algorithm.



Wen, F., et al. (2014) addressed the problem of DOA estimation with midtip
noncoherent subarrays. The proposed approach fimelsoverall spatial spectrum by
combining the weighted MUSIC spectrum of the sulbgsr The ML approach is utilized to
find the weighted MUSIC algorithm for such arrayfie simulation results show that the
weighted algorithm gives improved result as comghdoeconventional MUSIC algorithm

for noncoherent subarrays.

Yan F. G, et al. (2014) proposed real valued MUSIC algorithm which redudes
computational complexity by 75 %. The array outpoavariance matrix is complex and
thus requires complex computations. The null spEceeal and imaginary part of array
output covariance is same and coincides with theensubspace. Thus using this fact, the
proposed technique is used with arbitrary arraynggtdes. The simulation results show
that the accuracy of the real valued MUSIC is \@oge to standard MUSIC.

Shi, H., et al. (2015) proposed a novel method of estimating directiomafrowband
sources in which the sources are uncorrelated ahdrent. The proposed method firstly
estimate the uncorrelated sources by utilizingptogerty of moduli of eigen values of the
DOA matrix. Thereafter, the contribution of uncdated sources and noise interference
are eliminated using the improved spatial differegdechnique and lastly the direction of
coherent sources are estimated. The simulationtseshow that the proposed method
resolves more sources than the array elements @tichgdish the uncorrelated and

coherent sources from the same direction.
2.2. Review related to adaptive beamfor ming

Widrow, B., et al. (1967) addressed the LMS algorithm for beamforming in &gep

antennas for wide range of frequencies. Adaptiverara comprising of antenna arrays
and adaptive processor can process the signatsthntiime and frequency domain and thus
direct the narrow beam towards desired user anid tovards interfering signals. The
author proposed LMS algorithm which requires atpgmnal and minimize the mean
square error for adjusting the weights of antenmaygor ABF. The simulation results are
demonstrated which shows the effectiveness of ttopgsed approach. Experimental

results checked the rate of convergence and mistakunts of predicted theoretical results.

Godard, D. N. (1980) proposed a novel scheme to solve the adaptive ehagnalization

problem with minimum distortion and without restayito the known training sequence.



Conventional channel equalization algorithm requmigal training period during which
the known data sequence is synchronized at theivezceThe criteria for equalizer
adaptation is the minimization of non convex caosiction. The author mathematically and
through simulations analyzed the convergence ptiegeof proposed self recovering
algorithms. This concept is used in CMA for estiimgithe weights of antenna array for
ABF.

Agee, B. G. (1986) presented, analyzed and demonstrated a novel dgaates CMA

(LSCMA) for two element antenna array. The perfanoeof static and dynamic LSCMA
have been analyzed in the presence of severe ramise co-channel interference.
The simulation results show that the proposed dlguoris stable and has fast rate of

convergence than the conventional CMA.

Fabre, P. and Gueguen, C. (1986) proposed an improved form of least squares algurith
The author analyzed the performance of least-squagerithm and particularly with their
normalization. A comparison of different algorithmss made in terms of their rate of
convergence, complexity and initialization procedurThe normalized algorithms shows

improved performance in terms of their good nunatehaviour and simple structure.

Godara, L. C. and Gray, D. A. (1989) proposed an alternative scheme for estimating the
gradient for calculating the weights for ABF. Th&8& algorithm find the gradient by
multiplying the array output with the array receieaitputs. The proposed scheme used the
structured estimate of the array correlation mdirixestimating the gradient. The results
show that the estimated gradient is unbiased aadst¢heme has good convergence rate
means array weights quickly converges to optimaiglats. The weights estimated by
structured gradient algorithm are less noisy tih@nstandard LMS algorithm.

Slock, D. T. M. (1993) proposed a very simple model for the input sigredters that
simplifies the convergence behaviour of LMS andmmealized least mean square (NLMS)
algorithm. The author quantitatively analyzed tleefgrmance of the model and concludes
that convergence rate of NLMS algorithm can be dpdeup by using time-varying
step-size. The step size for the white noise irgognal with arbitrary distribution can be

specified before calculating the weights for thgoaithm.

Barrett, M. and Arnott, R. (1994) developed a practical adaptive antenna signal

processing structures. Adaptive antennas incrahsesystem capacity, extend the range of



each cell and improve immunity to cochannel andtichdannel interference. The author
presented the results obtained from the adaptitenaa test bed by series of analysis and

field trials activities.

Shynk, J. and Gooch, R. (1996) investigated the steady state properties of cohstan
modulus (CM) array and the signal canceller. The @Nay is a blind adaptive
beamformer which detects the narrowband signal gncochannel signals which impinge
on the antenna array without having the knowledg® pilot signal. The CM array and
signal canceller are integrated and a multi-stggeem is constructed to recover cochannel
sources. The simulation results verified the preplogpproach and illustrated the transient

behaviour of the system.

Florens, C., et al. (1998) proposed GA for ABF in linear antenna arrays. Théhar
considered two different systems viz. narrow banmd éroad band system for
beamforming in adaptive antenna arrays. The simoalaesults show that the algorithm is
easily implemented but possesses slow rate of cgamee than LMS algorithm. The good
convergence is dependent on good initial conditems size of the search space. The GA
is less sensitive to complex environment and debectirection of correlated signals. The
complexity of real-life systems make the algorithmnsuitable for real-time
implementation. But, with the advancement of digifecuit technology the algorithm can

be thought of as the beamforming algorithm of rietrre.

El Zooghby, A. H., et al. (1998) proposed a neural network based beamformer for mode
cellular satellite mobile communication system amdylobal positioning system (GPS).

The author considered a 1-D and two 2-D antennaysrwhere desired signal and
interfering signals are assumed to impinge from dh@ay broadside in the presence of
Gaussian noise. The three layer RBFNN is traingdrdmdom cases by the optimum
weights estimated by MVDR algorithm. The networlgeneralized for random DOA of

desired and interfering signals. The simulationuitssshow good agreement with the

Weiner solution.

El Zooghby, A. H., et al. (1999) proposed neural network beamforming approach for
linear antenna arrays. The author trained a trager IRBFNN with input-output pairs of
correlation matrix and weights of antenna arraylse hetwork generalizes for random

angle of desired and interfering signals and catesl the array weight in real time



environment. The simulation results are in gooceagrent with Wiener solution and the
algorithm constantly track the desired user andeplaulls in the direction of interfering

signals.

Chen, Y. (2004) proposed RLS optimization technique for finding pimate solution of
CM algorithm. The author presented a RLS constamdutus algorithm (RLS-CMA) in
which the power of array output can take arbitrarglues. The simulations are
demonstrated to analyzed the performance of prapagproach. The results show that the
proposed approach has fast rate of convergencbedted tracking ability.

Karaboga, D., et al. (2004) proposed an efficient modified touring ant colomjimization

(MATCO) technique for steering nulls in the directiof interference by controlling both
the amplitude and phase of the linear antenna .aftay MATCO technique is an modified
version of touring ant colony optimization (TACO)garithm which is based on the
behaviour of ants searching for food. In the pregopattern synthesis problem the
parameters which are considered are null deptH, levaximum side lobe level, and the
dynamic range ratio. The simulation results show #ifectiveness of the proposed

approach with single, multiple and broad nulls isg for the Chebyshev pattern.

Zhang, L., et al. (2004) addressed two different novel adaptive multiplentamers for
efficient reception of coherent signals and undateel interferences. The first approach is
a two step approach, in the first step amplitudallathe coherent signals are estimated and
in the second step linear constraints minimum wagabeamformer is being constructed.
The second approach developed a minimum varianegnfoemer that can achieve
efficient signal utilization. The simulation resilire presented and the performance of the
proposed algorithm is compared with minimum mearasg error approach.

Mouhamadou, M. and Vaudon, P. (2006) proposed an efficient Sequential Programming
(SQP) algorithm for the pattern synthesis of lingatenna arrays. The algorithm solves the
multi-objective optimization problem and achievegltilobe pattern and adaptive nulling
by controlling the phase of each array element. Tigective of multi-objective
optimization problem is to optimize vector of oljee functions and find the optimum
solution. The simulations results show that mudtaim patterns are demonstrated with
main lobe is directed in the direction of desireghal are nulls are placed in the direction

of interfering signals.



Song, X., et al. (2008) proposed a neural network approach for robust ABHinear

antenna arrays. The proposed approach modeledchtdestainty in the desired signal array
response and RBFNN, which belongs to the diagaaalihg approaches. The problem of
calculation of weights of antenna array is modelecan mapping problem, which can be
modeled using a RBFNN trained with input/outputrgailhe algorithm presents robust
performance against signal steering vector misnesta@md makes the output SINR of
linear antenna array close to the optimal one. siilmeilation results show the performance

improvement as compared to other ABF algorithms.

Mathur, S. and Gangwar, R. P. S. (2010) addressed the problem of DOA estimation and
ABF using multi-layer perceptron neural network.eThuthors proposed a decision
directed approach for blind adaptation of smareana system using a complex neural
estimation of parameters for ABF. The novel apphoscsimulated for multi-quadrature

amplitude modulated (M-QAM) signal environment with, 16, 64 constellations and the

results indicate the effectiveness of the propa@ggmoach.

Yasin, M. and Pervez, A. (2010) proposed enhanced sample matrix inversion (ESMI)
algorithm for beamforming in adaptive antennas. Hdaptive antennas direct narrow
beam towards desired user and nulls toward intagesignals and thus enhances the
signal quality and capacity of the network. The wdation results are presented and
compared with SMI and normalized sample matrix i@ (NSMI) to analyze the
performance of ESMI algorithm. The results confittmat the proposed algorithm shows
enhanced capacity and service quality as compar8dit and NSMI algorithms.

Basha, T. S. G., et al. (2011) proposed GA for beamforming in smart antenna. & th
proposed method, direction of desired and interéesgignals are given as input and the
beamformer presents maximum gain in the antennanpettern with corresponding
position and phase angle of the desired user. Td@mforming method considered
different factors viz. length of the beam, numbémpatterns and interference and phase
angle. The simulation results show that the propp@sA based beamformer increases the

gain and reduces the interference of the system.

Blom, K. C. H., et al. (2011) proposed an angular CMA, a blind beamforming atbani
which calculated steering angle updates insteadefiht vector updates to constantly

track the desired user. The simulation results sthathe proposed algorithm has reduced



computational complexity and possesses fast rateonfergence as compared to other
conventional approaches.

Ji, C. P, et al. (2011) proposed an improved method for low side lobe bediam

optimization for environment in which jamming sidmaare present. Conventional
beamforming algorithms fail to give robust anti-jamg performance. Since these
algorithms require the knowledge of the directiédnnterfering signals and the SLL must
be too high. The simulation results show the eiffecess of the proposed approach in

such environment.

Zaharis, Z. D. and Yioultsis, T. V. (2011) proposed a novel optimization technique for
ABF in linear antenna arrays. The proposed hearggtproach is a variant of PSO called
as AMBPSO. The optimization technique possess epdamula which are implemented
in boolean form by using an adaptive mutation psecdhe desired signal and several
interference signals are assumed to impinge the WlLthe presence of Gaussian noise.
The optimization technique calculates the excitati@ights by minimizing certain chosen
fitness function and doesn't takes into accountki@vledge of interference correlation
matrix. The simulations are performed for differepaicing between adjacent elements and
different noise power levels and the results arepared with MVDR technique.

Chang, Y. J. and Ho, C. L. (2011) proposed an efficient reduced symmetric
self-constructing fuzzy neural network (RS-SCFNNgaimmformer for multi-antenna
assisted system. The authors proposed a traingayigdm which is based on adaptive
minimum bit error rate method and clustering ofagrinput vectors. The training
procedure of RS-SCFNN exploits inherent symmetrapprty of the array input signals
and requires less amount of fuzzy rules thus faonoe more efficient than SCFNN. The
simulation results demonstrate that RS-SCFNN bean#p improves the BER, reduces
the computational complexity and training data sasecompared to classical and other

non-linear approaches.

Wang, Y., et al. (2011) proposed complex-valued GA optimization algorithon pattern
synthesis in linear antenna arrays. The converiti@Aarepresents the variable with binary
numbers but in complex-valued GA the populatiorcif@tion weights) are represented by

complex numbers. The proposed algorithm for beamiftgy shows enhanced searching



efficiency and avoids premature convergence. Thilsition results show the advantage
of the proposed technique over conventional patgnthesis method.

Basha, T. S. G, et al. (2012) proposed a hybrid soft-computing algorithm for
beamforming in smart antenna. The proposed metheetd GA for obtaining the training

data for neural network and fuzzy inference systéhe parameters considered in the
optimization are length of the beam, interferenaease angle, number of patterns and
spatial diversity. The trained network give cor@sging beam, position and phase angle
as output if angle is given as input. The simulatiesults show that the proposed method
efficiently determine the smart antenna parameserd presents low SLL than LMS

algorithm.

Chang, J. C. (2012) proposed diagonal variable loading recursive legsiare (VLRLS)

algorithm for antenna array beamforming applicagiorhe proposed algorithm is based on
a generalized side lobe canceller. The author aedlyhe performance of the proposed
approach through simulations and the results shwoav dffectiveness of the proposed

approach.

Imtiagj, S. K., et al. (2012) compared the performance of LMS and SMI ABF aldonis

on the basis of their null depth, beamwidth and SLhe performance of the algorithms is
analyzed by varying number of antenna elementssagading between the elements with
multiple incident wavefronts impinging on the ULBhe simulation results show that SMI
algorithm gives better null depth when the spacisgvaried as compared to LMS

algorithm.

Omar, O. K., et al. (2012) proposed a hybrid honey bee and tabu search dlguwrifor
beamforming in ULA arrays. The proposed approadhiobd the weights of antenna array
such that the main lobe is steered towards desigral and nulls are placed towards
several interference signals with lowest possilile. S he algorithm controls the phase of
each array element and the simulation results ammpared with LMS and GA.

The simulation results proved the effectivenesthefproposed approach.

Salem, B., e al. (2012) addressed the significance of the beamforming igden
employed for the next generation wireless commuioicasystem. The authors described
the significance of the beamforming technique whiatiudes improvement in data rates,

null steering and coverage of cellular system. pégormance of two different algorithms



viz. LCMV and MVDR algorithm are analyzed for a foelement array operating at 2.4
GHz, noise power of 0.5 dB with half a wavelengthspacing between elements. The
simulation results show that MVDR algorithm showsproved performance than LCMV

algorithm.

Singh, H. and Jha, R. M. (2012) addressed various facts of array signal procesaiyg
ABF. The authors gave a detailed comparison ofeckfit ABF algorithms and DOA
estimation algorithms. A detailed study on variadypes of errors which effect the
performance of antenna arrays and their remedighsares are made. The author
concluded the article with the brief discussion the future aspects of array signal

processing across various disciplines.

Zaharis, Z. D., et al. (2012, a) proposed a novel invasive weed optimization (IWO)
variant called as ADIWO algorithm for ABF in lineantenna arrays. The proposed
optimization algorithm and IWO are applied on walbwn test functions and the results
show that the proposed algorithm have faster rat®vergence. The ADIWO algorithm
is applied on multi-objective fitness function ss #o steer the main lobe of the
beamformer towards desired signal and nulls towentésfering signals with reduced SLL.
The simulations are performed for different numbérinterfering signals and different
power levels of Gaussian noise. The results shatvptoposed algorithm has faster rate of
convergence and achieves better SLL reduction aspaed to PSO and MVDR

algorithms.

Zaharis, Z. D., et al. (2012, b) presented a comparative study of two adaptive beanar
based on neural network trained by MBPSO and MVIgorghm. The ULA receives a
desired signal and several interference signathenpresence of Gaussian noise and the
MBPSO and MVDR algorithm extract weights of beamfer such that ULA directs the
main lobe towards desired user and nulls towartkrfaring signals with reduced SLL.
The neural network is trained by the weights exé@dy the two algorithms. The two
trained neural network are generalized for randats ®f DOA of desired user and
interfering signals. The simulation results showestority of the beamformer trained by
MBPSO as compare to beamformer trained by MVDRrélyo.

Zaharis, Z. D., et al. (2012, c) proposed a neural network based beamformer trdiged
novel MBPSO algorithm. The ULA receives a desirgghal and several interference at



respective DOA in the presence of Gaussian noike. NIBPSO algorithm extract the
excitation weights of beamformer by optimizing nvolbjective fithess function so as to
direct main lobe of beamformer towards desiredaignd nulls toward interfering signals.
The trained network is generalized for new randases and the beampattern obtained by
MBPSO based neural network is compared with MBP®@ MVDR algorithms. The
proposed beamformer combines the advantages of @BREmMiIzation technique and the

speed of neural network, thus is suitable for tiead beamforming applications.

Goswami, B. and Mandal, D. (2013) proposed a real-coded genetic algorithm (RGA) for
pattern synthesis in linear antenna arrays. Thectibg of optimization algorithm is to
improve the null depth, reduce the SLL and fix fmst null beamwidth (FNBW). The
RGA is used to obtain the weights of the antennayaand optimum inter-element spacing
in order to achieve the desired objectives. Theukitions are demonstrated for three

different cases and the optimization goals in ezdes are easily achieved.

Nwalozie, G. C., et al. (2013) compared the performance of ABF algorithms. Théa@ut
analyzed the performance of LMS, SMI, RLS, CMA ab8-CMA algorithms. The
simulation results show that RLS algorithm requiesss iterations to converge and thus
have best rate of convergence as compared to fotlnealgorithms.

Darz, S, et al. (2014) proposed a novel approach in which PSO, dynamicatedt
artificial immune system (DM-AIS), and GSA are ingorated with LCMV technique so
as to improve the weights obtained by LCMV ABF teicjue. The LCMV beamforming
technique is one of the most commonly used beanwfigrtechnique but the weights
computed by LCMV technique are not good enoughrézipely direct the main lobe and
nulls towards desired and interfering signals. Goinal empirical approach can't obtain
precise and accurate solution to improve and opgrhiCMV beamforming technique. The
artificial intelligence (Al) is explored to enhantee LCMV beamforming solution. The
simulation results show that the integration of P3M-AIS and GSA with LCMV
beamforming technique improves the SINR and GSAides the best results among the

other two algorithms.

Rao, A. P. and Sarma, N. V. S. N. (2014) addressed a novel DE algorithm based
beamforming for smart antenna system. The propakgadithm calculates the weights of

antenna array such that main lobe is directed tsvaesired user and deep nulls are



directed towards several interfering signals withteolled side lobe levels. Three different
scenarios are considered for beamforming and thdtrehows that DE based beamformer

is better than conventional beamforming algorithms.

Ahmed, S. K. (2015) proposed an efficient DE algorithm for pattern $asis problem of
linear antenna array. The optimization algorithrtinegtes the weights of antenna array
such that the main lobe is steered in the direatfodesired user and nulls are steered in
the direction of interfering signals. The optintiza problem is a maximization problem
and fitness function is the inverse of the diffeemetween actual pattern and the desired
pattern. In order to analyze the performance ofallgerithm a number of simulations are
performed for different number of array element$e Tsimulation results show the

effectiveness of the proposed optimization approach

Magdy, A., et al. (2015) proposed a novel hybrid particle swarm optimizatoavitational
search algorithm (PSOGSA) for ABF M element uniform circular arrays (UCA). The
UCA receives several signals which includes desmed interfering signals and the
complex excitation phases are optimized using POS@&gorithm. The simulation results
show that the PSOGSA algorithm shows improved perdmce in terms of rate of
convergence and accuracy than GSA.

From the review of literature it is found that easchers have contributed to
analyze different aspects of DOA estimation and ABFthe field of array signal
processing. The field of array signal processing st explored in adaptive antennas
which was initially deployed in military radar, nagonar and satellite tracking systems.
Later the adaptive antennas became the most pragiischnology in the field of mobile
communication, especially with the development ogitdl signal processing and
innovative algorithms. Although there is a greaiguess in the research concerning the
commercial use of adaptive antennas but their geptat is limited due to different
reasonsKaiser (2005) and Rayal (2005) addressed the problems such as cost barrier,
mismatching between the forward and reverse linkeamforming, bunch of wires used in
smart antenna for connecting antenna elements amd lpody of base station, etc. that
causes limited use of smart antenna in presentesge&ommunication.

Capon (1969) first estimated the direction of incident narrowbgtane waves but
if had limited resolution.Barabell (1983) proposed a technique which estimates the

direction by finding roots of the polynomial butetlapproach was applicable to ULA.



Schmidt (1986) proposed a high resolution MUSIC algorithm thatdénunbiased
estimates of number of incident signal parametars inoisy environmentkoy and
Kailath (1989) exploits the rotation invariance in the signal spdre induced on arrays
with a translational invariance structure for DO#timation.Hua and Sarkar (1990)
proposed matrix pencil method for signal parameéstsmation and founds to be less
sensitive to noisesouthall, et al. (1995) and El Zooghby, et al. (1997) proposed RBFNN
for DOA estimation in linear arraySsodara (1997) gave a review and theoretical
comparison of all discussed DOA estimation techesquSince then many researchers
Wu, et al. (2010) and Dhope (2013) have simulated and compared different DOA
estimation techniques. But no one has made a eetdiheoretical and statistical
comparison of all the DOA estimation techniques.ughin this research work a
detailed performance analysis of all conventionatl aneural network based DOA
estimation techniques is presented.

Widrow, et al. (1967) proposed LMS algorithm for beamforming in adaptive
antennas and through simulation and experimentap ssnalyzed the performance of the
algorithm. SMI, a block adaptive approach introdlibg Reed, et al. (1974) obtained the
weights of antenna array for beamforming and hafestrate of convergence than LMS
algorithm. RLS an adaptive filtering algorithm, appmates the Weiner solution using
method of least square&odard (1980) introduced the concept of CMA for adaptive
channel equalizatiorhynk and Gooch (1996) investigated the steady state properties of
constant modulus (CM) array and the signal cancelle Zooghby, et al. (1998, 1999)
proposed RBFNN approach for beamforming in lineateana arraysGodara (1997)
gave a review and theoretical comparison of differdbeamforming algorithms.
Imtiaj, et al. (2012) have simulated and compared LMS and SMI algoritomshe basis
of null depth, maximum SLL and rate of convergendevalozie, et al. (2013) have
simulated LMS, SMI, CMA and RLS algorithms and guzall the convergence of LMS
algorithm.

Researchers have analyzed different algorithmsnbubne has compared all the
algorithms and have considered all the paramet@ishwaffect the performance of the
algorithms. Thus, in this research work a perforoeaanalysis of all the ABF algorithms is
presented by considering their beamwidth, maximwthdepth, maximum SLL and their

rate of co nvergence.



Al has gained momentum in the field of science @whnology because of their
strong numerical approximation capabilities. Theapproaches such as neural networks
(Haykins, 1999), fuzzy logic (Yager and Zadeh, 2012) and metaheuristic techniques
(Haupt, 2004) were reported being used in the field of arrayaigrocessing. Although,
researchers proposed different techniques and etioo DOA estimation and ABF but
certain research areas are still unidentified amdehnot been addressed. The DOA
estimation for deterministic signals were obtaiiredircular arrays using GS@M agdy, et
al., 2013) but was not explored for linear arrays thus DO#&negtion in linear arrays is
addressed in this research wotkiskind, et al. (1988) addressed ML based DOA
estimation for random signals using alternating jemtion (AP) technique.
Sharman (1988) used simulated annealing algorithm for estimatiirgation of narrow
band random signals using ML criteridiankui, et al. (2006) first introduced PSO
algorithm for estimating direction using uncondii@ ML criteria in uncorrelated channel
environment. The refined genetic algorithm has hesad to estimate direction in partially
correlated environmenMinghui and Yilong, 2007). Zhang and Y e (2008) proposed an
efficient method of DOA estimation when both thecoamelated and coherent signals
impinge on an ULAMinghui and Yilong (2008) have used PSO algorithm for estimating
the direction in uncorrelated and colored noiseirenment. Hanumantharao, et al.
(2011) have used bacteria foraging optimization algoriflmmexact ML DOA estimation
of uncorrelated random signalBanigrahi, et al. (2013) used PSO for optimizing ML
function to estimate direction in wireless sensor netwosks, et al. (2014) proposed a
method of estimating direction of narrowband sosiraa which the sources are
uncorrelated and coherent.

It is found that no work has been reported toarsealgorithm which may be used
for all possible channel environments viz. uncaed, partially correlated and coherent
channel environment. Thus, PSO algorithm is explote estimate direction in
uncorrelated, partially correlated and coherentnokh environment. The direction of
signals has not been previously identified for oarangular separation thus we explored
the efficiency of the algorithms by identifying sajs for narrow angular separation for
uncorrelated deterministic signals and random s$sgmauncorrelated, partially correlated
and coherent channel environment.

Soft computing techniques were explored by re$eaiscin the field of ABF or

pattern synthesis problems for linear and circudatenna arrays. Researchers have



explored different optimization techniques to coheither phase or both amplitude and
phase so as to place main lobe in the desiredamgknulls in the direction of interfering
signals.Karaboga, et al. (2004) proposed MTACO algorithm for null steering of ULy
controling both amplitude and phase of array elesie Mouhamadou
and Vaudon (2006) proposed SQP for controlling phase of each ardayment by
modeling the beamforming problem as a multi-obyectioptimization problem.
Wang, et al. (2011) proposed complex valued GA for optimization of béaming in
ULA. Basha, et al. (2012) integrates the NN and fuzzy logic approach with 8Abtain
smart antenna parameters for beamform@gswami and Mandal (2012) used GA for
placing deeper nulls in the direction of interferisignals under the constraints of reduced
SLL and fixed FNBW.

Zaharis, et al. (2011) proposed AMBPSO for ABF in linear antenna arrays a
different power levelsZaharis, et al. (2012, a) proposed ADIWO technique for ABF with
reduced SLL at different number of interfering signand power levelZaharis, et al.,
(2012, c¢) integrates NN with MBPSO for ABF in linear anteraraays. The NN is trained
by the data obtained using MBPSO algorithm andréselts are compared with MVDR
algorithm.

In this research work, GSA is explored for ABF linear antenna arrays. This
algorithm has never been used for optimizing tmetion which is being considered in our
research problem. The problem of ABF is first medehs a single objective problem in
which the optimization function is inverse of SINRecondly, the problem is formulated
as a multi-objective optimization problem where ®ENR is increased and SLL are
reduced at certain angular region. The beamformesglts in terms of rate of convergence
of the optimization algorithm, main lobe deviatiowll deviation and SLL are compared

with the previous reported results.






CHAPTER 3 MATERIALSAND METHODS

In this chapter signal processing techniques irarsmantennas that are DOA
estimation and ABF have been discussed. The chapésents some basic concepts of
optimization and the classification of optimizatitechniques and briefly introduces the
MATLAB tool used in the simulation of this work. €methodology of DOA estimation
and ABF using optimization techniques has beerudsed.

Smart antennas have the capability of estimatiegditection of desired and interfering
signals in multipath channel environment and adogiyg optimizing its radiation pattern
in response to changing signal environment. Thgaasprocessing in smart antenna deals

with two key objectives:
» Direction of arrival estimation
* Adaptive beamforming

3.1 Direction of arrival estimation

In many practical signal processing problems, dhgctive is to estimate from a
collection of noise contaminated measurements @fsebnstant parameters upon which
the underlying true signal depends. The problendigdction finding in real time is an
integral part of SDMA scheme for terrestrial andeBie communication systems.
Direction finding has various diverse applicatioweh as target tracking, radar, sonar,
electronic surveillance and telemetry. The perforogaof adaptive array antenna improves
with respect to recovering the signal of interesd auppressing the interfering signals by
accurate estimation of DOA of all highly correlatgdgnals. Many researchers investigated
the performance bounds of an arbitrary array gemetcause DOA and beamforming
algorithms exploit properties of array geometriesl acould not provide conclusive
comparative results.

In DOA estimation, Cramer-Rao lower bound (CRLB)asures the goodness of an
estimator. CRLB expresses a lower bound on thexnee of estimator of a deterministic
parameter. In order to understand the basics dérdiit DOA estimation techniques,
initially we present the data model of wirelessrae environment.



Data model

Let us consider a ULA composed Wi isotropic antenna elements (sensors), as
shown in figure 3.1. The elements are placed witarielement spacing ofrespectively.
Suppose ULA receive® narrow band signals, centered at frequeficand it also

includes additive zero mean Gaussian noise.

The direction of the incoming signal of tinh user is represented by the array

steering vector of dimensionM X land is given as:
a(o;) = [e/m-vasme" =12 LM, (3.1)

where,f = 27T//1 is the wave numbeé; is the angle from the array broadsides= C/f
o

is the signal wavelength, ¢ being the velocity ighl. Time is represented by k-th time

sample.

The received signal by the array elements canrlitew as:

1 (k)] 51(k)7
x, (k) s2(k)
- |=[a6)a@) ....a@p)l = |+ k),
_xM.(k)_ —SD'(k)—
(k) = A*5(k) + ack). (3.2)

where,
5(k) = vector of incident complex monochromatic sigralsample timé,

n(k) = noise vector of dimensioM X 1 with i. i. d. elements having a mean zero and

varianceos?,
a(0;) = M-element array steering vector for #hedirection of arrival,

A= [a(8)a(8y)a(bs) .....a(0p)] M X D matrix of steering vectoi@(é,).



Incident Signals

Array

Element

Fig. 3.1 Uniform linear array.

In array signal processing, correlatioatrices are used instead of the actual array
outputi (k) for determining the direction of arrival of incamgi signal since it contains
sufficient information about the received signahe™ X M array correlation matriR,,

of the received signal in case the signal staistie not changing with time is defined as:

R, = E[x * x"] = E[(45 + n) (5" A" + n')],

= AE[5 * $"A" + E[n + a''],
= AR, A" + R,,,. (3.3)

where,

R, represents thB X D source correlation matrix,

R, represents thil X M noise correlation matrix,

E[] and()™ denote the expectation and Hermitian operatiopeesvely.

The DOA estimation techniques can be classifiedhenbasis of the data analysis
into spectral estimation methods, eigen structueéhods and ML techniques. The goal of
the spectral and some of the eigen structure DCQiAnason technique is to define a

function called as pseudospectrun®)P{This function represents the output power of the



beamformer and the true DOA is the an@lénhat corresponds to the peak value of this
output power spectrum. The ML technique computessiburce DOA by optimizing a
complex multimodal nonlinear likelihood functionerva high dimensional space. Based
on the computation complexity, resolution and cogeaece speed different DOA

estimation techniques are reviewed in this section.
3.1.1 Spectral estimation methods

These methods are also known as conventional metfideese methods estimate
the direction of incoming signals by computing gseudospectrum and then determine the
local maxima of this spectrum. The methods diffgrhow the weights are estimated to

obtain the spectrum.
Bartlett estimate

It is one of the earliest and simplest DOA estioratiechnique also referred to as
delay and sum method. In this method the array nfoumly weighted and the

pseudospectrum is given as:
P5(6) = @™ (8)Ryxa(6) (3.4)

This method is also referred to as Fourier metiade it is a natural extension of
the classical Fourier based spectral analysis wififerent window functions. The
pseudospectrum has a resolution threshold. Thenitpoh fails to resolve the closely
spaced signals. Thus, the poor resolution is afgignt weakness of this method.

Capon estimate

The capon DOA estimate is a ML method of spe@séimation and is known as a
minimum variance distortion response (MVDR). Thissthod overcome the poor
resolution problem associated with the bartlett hodt and it results a significant
improvement.

The goal is to minimize the power contributed loyse and signals coming from
undesired direction.

ming wf R;Iw subject tdwa(8)| =1



The maximized SIR is obtained with a set of arrayghts which is given by :

— Rxxa()
W= )R, a0 (3.5)
and the pseudospectrum is given by:
Pe(8) = s (3.6)

atl(0)Rxxa(6)
The advantages of spectral estimation technigreethat these give nonparametric
solutions and thus one does not need prior knowl@ddhe specific statistical properties.

But, these techniques fail in multipath channel immment where highly correlated

signals are present.

3.1.2 Eigen structure methods

Eigen structure methods are high resolution methadd have achieved high
success during the last two decades due to thewr domplexity and reasonable
performance. These methods are also known as stébspethod as it decomposes the
correlation matrix into orthogonal spaces i.e. algsubspace and noise subspace. The
noise subspace is spanned by the Eigen vectorsiaigzbwith smaller Eigen values and
the signal subspace is spanned by the Eigen veassaciated with larger Eigen values.

Pisarenko method was the first subspace methadlize the data structure model
and has shown better resolution than spectral asimmethods. These methods are used
for DOA estimation under different environment ciimhs, e.g. when the noise is not

white and has known covariance or an unknown cawxad.

Pisarenko har monic decomposition

This algorithm is named after the Russian mathemat who devised this
minimum mean square approa@r oss, 2005). The basic principle of this algorithm is to
minimize the mean squared error of the array outipdier the constraint that the norm of
the weight vector be equal to unity. The Eigen @ethat minimizes the mean squared

error corresponds to the smallest Eigen valueetthrelation matrix.

The corresponding pseudospectrum of this algorithgiven by:

_ 1
|at (), |’

PPHD (37)



where,e; is the eigen vector associated with the smaligsihevalue.
Minimum-norm estimate

This DOA technique was proposed by Reddi, Kumaresal Tufts. The algorithm
was also briefly explained by Ermolaev and Gershauaah is applicable only for ULA.
The algorithm optimizes the array weights by salvihe optimization problem which is

stated as:
ming wHw Eiw=0 whi, =1 (3.8)
where,w = array weights,
Eg = subspace db signal eigen vectors,

u,; = Cartesian basis vector (first column of the M Xdéntity matrix)

The min-norm pseudospectrum obtained by solving diptimization problem
mentioned above is given by:

—T= =H—
Pyn(0) = (BT (3.9

@ @) EnEf T
where,E) = subspace of M P noise eigen vectors,

In eq. (3.9), since the numerator is a constame pseudospectrum can be
normalized and the resultant pseudospectrum is\diye

1

|aH ()EnEl T, |

Pyn(6) = 3.10)

Since, the min-norm method combines all noisereigectors whereas Pisarenko
harmonic decomposition method uses only first noisigen vector, thus the
pseudospectrum of both the algorithms are almeasttichal. As this approach is applicable
to ULA, the optimization problem to solve for theay weights may be transformed to a

polynomial rooting problem, leading to a root-miosm method similar to root-MUSIC.

Researchers are exploring various ways to spegdeumin-norm DOA estimation

technique and reduce its computational complexity.



MUSIC

MUSIC is an acronym which stands for Multiple SagrClassification and was
proposed by Schmidt in 1986. It is relatively simpéfficient and widely examined DOA
estimation technique. This is a high resolutioneBigtructure technique which estimates
number of signals and multiple parameters (e.gmuath and elevation angle, range,
polarization) for multiple incident wavefronts. Tlagorithm is applicable to arrays of
arbitrary but known configuration and response &nd suitable candidate for real time
hardware implementation. DOA estimation is perfalnfrem one of either signal or noise

subspaces, assuming that noise in each chanrighily incorrelated.

Algorithm

Step 1Collect data and estimate the correlation maRyix
Step 2Compute the Eigen decomposition Rf,. The Eigen vectors corresponding to

noise subspace of dimension M X M-D is expressed as

EN = [e_le_z nen -e_M_D]- (3)11

Step 3Estimate the DOA by looking for steering vectoratthre orthogonal to the noise
subspace and because of this orthogonality comddioevery arrival angle the

Euclidean distance is zero,
d? = a'(@)EyEHa(6) = 0. (3.12)

Step 4Compute the expression for MUSIC pseudospectrunplaging the Euclidean
distance expression in the denominator. Thus, th&MN pseudospectrum is given

as:

1

Pyy(0) = (@ @) EnERa@)| (3.13)

Step 5Find the peaks in the pseudospectrum, as it inekcte DOA of the incoming
signal.

The MUSIC algorithm fails to detect the incominggral under high signal
correlation, so to overcome this weakness a spatiataging technique is developed to

suppress signal correlation in multipath environteen



Root-MUSIC

Root-MUSIC is the polynomial version of MUSIC atgbm in which array
steering vector in MUSIC pseudospectrum is expeegs@olynomial form by evaluating
at z=e/Pasi"0 The MUSIC pseudospectrum becomes equivalentegttynomial on the
unit circle and peaks in the MUSIC spectrum exastsoots of polynomial that lie close to
the unit circle (Barabell, 1983). The algorithm requires that the elements must be
uniformly placed and must be physically identicalmwno mutual coupling effects.

Algorithm

Step 1Collect data from the ULA and estimate the corietamatrixR,, .
Step 2Compute the expression for the MUSIC pseudospecasidiscussed above.
Step 3Compute the Root-MUSIC expression by simplifying MUSIC expression,

1

@)1

whereC = EyEH.

Step 4Find the sum of the (2M-1) diagonal elementg€ of

Step 5Estimate 2(M-1) roots of the polynomial.

Step 6Plot all the roots in the complex plane and idgntiife roots that are closer to the
unit circle.

Step 7Express all the roots closer to the unit circleatar form:
z; = |z;|e/2T9C0), i=1, 2, o 2(M-1). (3.15)
where argy;) is the phase of;.
Step 8 Estimate the DOA of incoming signal by compariije(*) to elkdsindi tg get:

0, = sin_l(ﬁarg (). (3.16)

Thus, the DOA estimation is obtained by solvingodynomial rooting problem in
contrast to the identification and localization sgectral peaks using spectral MUSIC
algorithm.



ESPRIT

ESPRIT, proposed bRRoy and Kailath (1989) stands for Estimation of Signal
Parameters via Rotation Invariance Technique. Tachnique exploits the rotational
invariance in the signal subspace induced on arkayls a translational invariance
structure. The method assumes multiple identichlasays called doublets instead of
single element array which are displaced by fixézpldcement vector. Let the signal

induced on each of the arraysif€k) andx, (k) then from equation (3.2) these are given

by:
¥, (k) = A1 * 5(k) + nq(k), (3)1
¥y(k) = Ay x @ = 5(k) + 7y (k), (3.18)

where® is anD X D diagonal unitary matrix with phase shifts betwéle® elements for

every direction of arrival, with it® diagonal elements are given by:

D= {ejkdsinel ejkdsinez ejkdsinBD}_ (319)
The correlation matrices corresponding to two si#tyarare given as:
Ell = E[fl * le] = AESSAH + ETLTL’ (320)

R,, = E[%, »%",] = ADR, D" A" +R,,,. (3.21)

Let E; andE, represents the Eigen vectors of dimension M X Besponding to
signal subspace for the two subarrays. Since thay ds translationally related, the
subspaces of signal Eigen vectors are related bypigue non-singular transformation

matrix ¥ such that:
Elle = Ez, (322)

where, ¥ is a rotation operator that maps the signal sutespainto the signal subspace

E,.
There must also exist a unique non-singular transdtion matrixT’ such that:
E, = AT, (3.23)

E, = A®T. (3.24)



Using the relations, obtained in equation (3.2324Bin equation (3.22) we obtain
the relationship

TPT-1 = 3. (3.25)

The Eigen values df corresponds to the diagonal elements &f. Thus, the
direction of the incoming signal can be evaluatgdibding the Eigen values &. The
rotation operator can be estimated using the le#st square (TLS) criteria outlined in the
algorithm.

Algorithm

Step 1Collect data from the ULA and estimate the corietamatrix R, .
Step 2Compute the Eigen decomposition Ryf,. The Eigen vectors corresponding to

signal subspace of dimension M X D is expressed as:

E; =[é.&, ....&p]. 28)

Step 3Compute the signal subspack, {E,} for the two subarrays by selecting the first
and last (M-1) rows from the signal subspége

Step 4 Calculate the matri of dimension 2D X 2D using the signal subspadgsk,}.

T o Ef] (E, E, (3)27

_Eé"

Step 5Compute the Eigen decomposition of matfix The Eigen vectors. are

partitioned into four D X D submatrices such that,

- Ell E12]
.= |f11 Z12) (3.28)
7 By Eyp

Step 6 Calculate the rotation operatérby:
lI_j = _E12E2_21. (329)

Step 7Estimate the Eigen values®f 1,,1,, ... .... Ap.



Step 8Express the Eigen values in polar form and find@A of incoming signal using

equation (3.16).

Thus, this algorithm is more efficient without theeed of searching peaks
throughout the entire range of angles. The algaritinds its application in multiple inputs
and multiple outputs (MIMO) radar but because efldrge size of the array complexity of
the algorithm increases. In order to reduce theptexity beamspace ESPRIT (B-ESPRIT)
algorithm which focuses in a particular directiorsdctor of interest is developed.
However, the algorithm possesses certain drawbagkgopular variant of ESPRIT
algorithm is Unitary ESPRIT method in which the gartational burden is reduced (to
about one-fourth) by converting the complex cotretamatrix into a real matrix by using
a unitary matrix transformation. Multicarrier codedsion multiple access (MC-CDMA)
have received attention in fourth generation comgaiion system because of its
capabilities. The problem of DOA estimation for aCMCDMA system using multi
invariance ESPRIT algorithm with improved perforroatas been developed.

Matrix pencil method

The Matrix pencil (MP) method was proposedHhya and Sarkar (1988, 1990).
This method is a variation of the idea of PenciFohction method and was first used to
extract the parameters from damped exponentiafsigat electromagnetic signals and
later for estimating frequency and DOA estimatilins a direct data domain method and
doesn't require a search procedure to estimatB@? of incoming signal. Therefore, it is
a less complicated approach and eliminates probé&msuntered in search procedure with
regard to memory storage and system calibratiore @lgorithm can handle a non-
stationary environment relatively easily since #timates the required parameters on

snapshot by snapshot basis.

Algorithm

Step 1.Collect data from the ULA and choose a parametéinbwn as pencil parameter
that lies between M/3 to M/2.
Step 2.Estimate the output y(k) in the form of Henkel mafrom the set of inputs data

samples and each column of the matrix is the pathe original data vector



xl e xL

(3.30)

AM+1-L xM](M—L+1)x L

Step 3.Compute ¥ & Y, matrices by deleting the last and the first rowvafatrix. It is

given by:
B xl eee xL
Y, = : : ] (3.32)
[Xm-L " XM-1d(y-p)x L
X2 o Xp4
Y, = : - : ] (3.32)
[ Xm+1-L " XM dy-pxr
Step 4.Compute Moore-Penrose pseudo inverse @fvhch is defined as:
V1" = {n17 v ral?. (3)33
Step 5.Find the Eigen values of the expression:
Y Y —Al}. (3.34)

Step 6.Express the Eigen values in polar form and findR@A of incoming signal using

equation (3.16).

The MP method does not give accurate resultsarptesence of noise. To mitigate
the effect of noise total least squares (TLS) apginas applied by taking singular value
decomposition (SVD) of Y. This method is known asalk least squares matrix pencil
(TLS-MP) method. The rapid estimation of parameterseal time requires very fast
processing of MP algorithm. Therefore, it is hightjesirable to minimize the
computational burden of the algorithm with no ogliggble loss of accuracy. The unitary
matrix pencil (UMP) algorithm has been developed remluce the computational
complexity of the algorithm. Many researchers hased the beamspace approach where
prior information of the parameters of incoming r&l is utilized to minimize the

computational burden of one and two dimensionaldigf@rithms.
3.1.3 Maximum likelihood techniques

The ML method is a standard technique in stasibtestimation theory. In this

technique, initially a parametric data model of tiserved data has to be specified and a



likelihood function is formulated from the sampleata. The ML estimate is computed by
maximizing the likelihood function or minimizing éhnegative likelihood function with
respect to all unknown parameters, which may ireltlde source DOA's, the signal
covariance and the noise parameters.

In the field of array signal processing, the MLthuel for DOA estimation can be
categorized into two main methods, depending onagsimption on the signal model.
When the emitter signals are modeled as deternungpiantities, the resulting ML
estimator is referred to as the deterministic maimlikelihood (DML) estimator and
when the emitter signals are modeled as Gaussiadoma processes, the resulting
estimator is referred to as a stochastic maximueiitiood (SML) estimator.

Deter ministic maximum likelihood estimator

In the field of radar and radio communicationg $ignal waveforms are often far
from being Gaussian random variables as statectblyat limit theorem. Thus, the model
is assumed as the deterministic model, since itemal assumptions at all on the signals.
In microwave communications, the estimation of alg@(t), i = 1,.....,Q is of more
interest than estimation of direction of incomingngls. The ML estimator for this model
is termed as DML method. The observation proceg¥ x¢ often Gaussian distributed

given the unknown quantities. The first and secontir moments are given by:

E{x(t;} = A(@)s(t;) (3.35)
E {(x(tl-) — E{x(t)) (x(t)) - E{x(tj)}H} = 0215y (3.36)
E{(x(t) - Ex(t)Dx(t;) — Efx(t;))} } = 0. (3.37)

The unknown parameters in this case are direaifoarrival i.e.f, input signals
{s@®),i=1,.... , k.Jand variance?. §;; represents the kronecker delta which is equal to
1 if iz and O otherwise. The parameters of theedministic model, i.e. the signal
parameters, the noise variance and the wavefores@nditioned to formed the joint
probability distribution of the observations dé@ttersten, et al., 1993). The conditional

density for the independent snapshots are given by

p(x(ty) ... x(t)10, 0%, 54) = H;‘=1 1 e_0'_2(x(ti)—A(e)S(ti))H(x(ti)—A(Q)S(ti)) (3.38)

|a2|



and the negative log likelihood function has thiéofeing form:
— log(p(H, az,sk)) = Nmlog(ma?) + o 2Tr{(x;, — A(8)s; ) (xx — A(0)sy)}
= Nmlog(ma?) + o7 2||x;, — A(8)si %, (3.39)

where,||. ||z is the Frobenius norm of a matrix, ardands, are input and signal
vector as defined in eq. (3.2). The DML estimatesabtained by minimizing arguments

of eq. (3.39). For fixed angke ands,,, the minimum with respect 0’ is derived as:
~2 _ 1 1L )
6% = mTr{PA (O)R}. 3.40)

The estimated angle and the signal parametemsoéaened using linear least square

problem by substituting eq.(3.40) in eq.(3.39)
[9' SAk] = argming, ||x; — A®)sill7 (3.41)

As the above criterion function is quadratic ire thignal waveform parameters,

it becomes easy to minimize with respecttoThis results in the following estimates:

6 = arg ming Vp . (6) (3.43)
Vomr = Tr{(I — A(A"A)~1A" )R} (3.44)

The DML function obtained in eq. (3.44) is nonkneand often possesses a large
number of local minima, thus direct optimization tbis function is unrealistic. Thus,
different optimization techniques have been conemldo jointly estimate source DOA's

and other parameters over a high dimensional space.
Stochastic maximum likelihood estimator

In the field of wireless communication, the sigigloften modeled as stationary
stochastic processes, having a certain probaldigribution. Gaussian distribution is by
far the most commonly advocated stochastic disinbbubecause of its mathematical
convenience. The detection and estimation schemeged from the stochastic model is

found to yield superior performance, regardlesthefactual emitter signals.



The received signal waveforms are assumed to wewlaand and the signa(t;)
and noisen(t;) for {i=1,...., klare independent zero mean complex Gaussian random

processes with second order moments given by:
E{x(t)x"(t;)} = R6;; = (A(0)SA" () + 021)§;; (3.45)

E{x(t)x"(t;)} = 0. 48)

The apriori information on the signal covariancatmx is not available in most of
the wireless communication applications. The sigg@lariance matrix is a Hermitian
matrix, thus it can be uniquely parameterizeddbyeal parameters, which are the real
diagonal elements and the real and imaginary pHrthe lower or upper off-diagonal
elementsd andp represents the number of point sources and atesyests. The other
possible assumptions are for uncorrelated signalghich covariance matrix is completely
known or unknown but contains diagonal elements dinection of signals, covariance
matrix and the variance are all considered to baptetely unknown which results in a
total ofd? + pd + 1 unknown paramete(©ttersten, et al., 1993).

The likelihood function of a single observatiofgt;), is

1 HR—l

pi(x) = e ™ 3.47)

where,|R| denotes the determinant of R. This is the comphexariate Gaussian

distribution and the likelihood of the complex da&dx(t,), ...., x(tx) is given by:

p(x(ty), .., x(t)16,S,0%) = [I¥ L xR x(t) (3.48)

i=17‘[’"|R|

Maximizing p(6,02,S) is thus equivalent to minimizing the negatil@g-likelihood

function

k
1 _
- log(p(gr 0-2)5)) = _Z lOg [nmlRl e_xH(ti)R 1x(ti)
i=1

= mklogm + klog|R| + Y¥_, x" (t)R™1x(t;). (3.49)

The constant terms are being ignored and are hiaedaby k, SML estimate is

obtained by finding the solution of the followingtonization problem,

[0,5,6?] = argming g ,21(0,S,02), (3.50)



where the criterion function is defined as:
1(6,S,02) = log|R| + XX, 2 (£) R x(ty). (3.51)

The normalized negative log-likelihood functiomdae expressed using the well-

known properties of the trace operator as:
1(0,S,02) =log|R| + Tr{R"'R}, (3.52)
where,R is the sample covariance which is given by:
R =23 x(e)x" (&) (3)5

The ML function can be concentrated with respectSt ando? with some
mathematical calculations and thus the dimensidghefequired numerical optimization is
reduced t@d. The SML estimates of the noise power and theasigovariance matrix are

obtained by inserting the SML estimategah the following expressions:
5(8) = AT(0)(R — 62(6)I)ATH (6) (3.54)
62(0) = ﬁTr{PAL(G)I?}, 3.55)

whereATis the pseudo-inverse of A agis the orthogonal projector onto the null

space ofd”, i.e.

At = (AP A)~1AH (3.56)
P, = AAT (3.57)
Pi=1-P,. (3.58)

The expression for SML criterion is obtained byp&ituting eq. (3.54, 3.55) into
eqg. (3.52). The signal parameter estimates areingotaby finding the solution of the

following optimization problem,

8 = arg ming Vg, (0) (3.59)

Vsnr (6) = log|A(8)S(8) A" (6) + 62(6)I|. (3.60)



Although the dimension of the parameter spacedscged substantially, the form of
the function obtained in eq. (3.60) is complicated thus it is difficult to obtain the
analytical solution for the angle Many researchers have proposed different optimiza
techniques to optimize SML function. Alternatingjgrction, simulated annealing and data
supported grid search algorithm optimize ML funitiout they cannot guarantee global
convergence. Heuristic approaches have found a gueaess in finding global solution of
complex multimodal function over a high dimensiosphce. The approaches like GA,
PSO, bacteria foraging algorithm and GSA have bmetessfully used in the field of

array signal processing to find direction of incamsignals using ML function.
3.1.4 Neural network approach for DOA estimation

Neural network is a massively parallel distribufg@cessor made up of simple
processing units, which has a natural propensitysforing experimental knowledge and
making it available for usgHaykins, 1999). NN forms arbitrary nonlinear design
boundaries for complex classification task andexteemely useful in problems where the
relationship between inputs and outputs is notlyeasodeled. In array signal processing,
antenna array can be thought of as performing mapipom the space of the DOA’s to the
space of array output. A NN is used to perform itheerse mapping and the network
generalize for the inputs that are not includedh@ training phase. MLP, RBFNN and

Hopfield NN are popular neural DOA estimation teicjues.

Radial basisfunction neural network

Radial Basis Functions emerged as a variant dicat neural network in late
1980s. The RBFNN in its most basic form is a tHesered feedforward network and is
considered as a curve-fitting problem in a high ehsion space. It has universal
approximations, optimization, and regularizatiopatailities. It has a faster learning speed
and requires less iterations as compared to MLMP wie BP rule using the sigmoid
activation function. Basic principle of the RBFNNethod is detailed in the remarkable
literature of HaykingHaykins, 1999).

In (El Zooghby, et al., 1997), a RBFNN has been used to track the locations of
mobile users. However, in this approach a differegtivork had to be used for different
number of users with some fixed angular separatio(El Zooghby, et al., 2000) authors
proposed a new approach which is the generalizatidhe approach iEl Zooghby, et



al., 1997) such that algorithm can track an arbitrary numidesomrces with any angular
separation. This new neural multiple source traglilyorithm (N-MUST) divides the field
of view of antenna array into angular spatial sectand performs detection and DOA
estimation in two stages. In the first stage of éhgorithm network is trained to detect
signals emanating from sources in a particularose&ased on the results of first stage
second stage is activated to estimate the exaatidocof the sources. The main advantage
of this approach is a dramatic reduction in the sizthe training set required to train each

smaller neural network.

Algorithm

Detection stage

In the detection stage the entire angular specisutivided intoP sectors. The p-th
(1<p<P) RBFNN is trained to determine if one or morenaig exist within a sector. The
RBFNN haveM (M+1) input and hidden nodes and one output node.

Training phase

Stepl. Collect data from the ULA and estimate the corietamatrices f2,;n =1, 2,
3....,N for all DOA’s ranging from [F90°,90°] and arrange it's upper triangular
part in the form of a vector-b.

Step2. The vector-b is normalized by its norm to obtaie tlormalized:"vector,

n=2 (3.61)

T

Step3. Generate input-output pairg’, 1} for sources located in the sector, ard {0}
for sources located outside the sector where n=3, 2..N.
Step4. Employ an appropriate RBFNN to learn in the detecstage.

Generalization phase

Stepl. Collect data from the array and evaluate sampleetadron matrix.

Step2. Compute the normalizedvector using equation (3.30).

Step3. Present input vectarto the RBFNN of the detection stage and obtaiowput
{0, 1}.



DOA estimation stage

This stage performs the exact DOA estimation. Phaetworks of the DOA
estimation stage are assigned to the same spatialrs as in the detection stage. When the
output of one or more networks from the first stégy&, the corresponding second stage
networks are activated. The number of hidden naslesmme as number of input nodes
given asM (M+1). The number of output nodes is given by:

Lo}

where, 6, and A6,,;,, are the sector width and minimum angular resatuti8ame
procedure as discussed in detection stage folirtgpand generalization is implemented in
DOA estimation stage. The outputs are post prodess@stimate the exact direction of
incoming signal.

A modified neural multiple source tracking (MN-MUB(Caylar, et al., 2006)
algorithm inserts the spatial filtering stage aaduces the network size and training data

as compared to previous approaéh4ooghby, et al., 2000).

Table 3.1 summarizes all the discussed DOA estmaechniques in terms of

their advantages and disadvantages.

Table 3.1 Summary of DOA estimation algorithms.

Algorithm Advantages Disadvantages

Bartlett Estimate| « Array weights are uniformly« Does not have good resolution
weighted, therefore a simple and and accuracy.

less complicated approach.

Capon Estimate| « A non-parametric solution andes Does not have best resolution

does not require prigr

knowledge of specific statistica

properties.




MUSIC * High Resolution method. *Failed to resolve highly
 Estimate multiple parameters correlated sources.
* Performance degrades in Id
per source.
SNR conditions and closely
spaced sources.
Root-Music * Better resolution than MUSIC | « Applicable only for uniform
specially where the signals are linear array.
closely related and have low
SNR.
* Requires no array calibration.
ESPRIT * Reduction in computational » Cannot handle correlated
complexity. sources.
eLess sensitive to array
imperfections and noise.
Matrix Pencil | « Estimation can be doneina | ¢ Sensitive to perturbation and
Method sm_gl_e snapshot. _ . measurement errors.
« Efficiently determine DOA in
presence of multipath coheren
signals.
* Easily handle non stationary
environment.
Maximum * Gives superior statistical* ML function is complicated and
Likelihood performance in low SNR is difficult to solve analytically.
techniques environment and when thes The ML function contains large
shapshots are small. number of local minima.
« Efficiently estimate DOA in
multipath channel environment.
Radial Basis | « Provides faster and more * A large amount of diverse data
accurate results. Is required in the training phasge.

Function Neural

Network

* Reduces the computational
complexity.
» Locate Sources greater than 1

number of array elements.

he




3.2 Adaptive beamforming

In the field of wireless communication, in recgast traditionally phase shifters
were integrated with antenna arrays to steer tha beam towards signal of interest, and
are called as phased arrays, beamsteered arragsamued arrays. This approach of phase
shifting where the phase of the current is charagezhch antenna element is referred to as
electronic beamsteering.

In the present modern scenario, beam is steeyednbantenna array based on
certain optimum criteria and are known as adapdivay antenna or smart antenna. The
term adaptivesignifies the use of adaptive algorithm for beamfiog and the ternsmart
signifies the use of signal processing in ordesshape the beam pattern according to
certain conditions. Algorithms can be implementéstteonically through analog devices
but generally these algorithms can be implementedeneasily using advanced digital
signal processing technology. Therefore, each efréiceiving antenna array must possess
the necessary electronics i.e. analog to digitdDjAconverter as shown in figure 3.2 for
digitizing the array output. Since an antenna bedtam is formed through digital signal
processing, thus this process is often referre tdigital beamforming.

ABF is a subcategory under the more general sulofedigital beamforming in
which the algorithms are adaptive algorithms. ABRhe application of adaptive filters to
spatial signal processing. An adaptive beamformsea idevice that is able to separate
signals collocated in the frequency band but sépdrm the spatial domaifLitva and
Lo, 1996). In beamforming array processor optimizes the beattern by adjusting the
elemental control weights with respect to a préscticriterion (scheme), so that the output
contains the minimum contribution from noise anteiference. The means by which
optimization is achieved is specified by an aldont ABF also known as optimum
combining has been primarily used in radar and rseystem. The term adaptive array was
first coined by Van Atta in 1959 which describeedf-phased array or retrodirective array
as it reflect all incident signals back in the diren of arrival by using clever phasing
schemes.

ABF finds its roots with the invention of sidelolwanceller (SLC) in 1959 by
Howells. In 1965 Applebaum developed fully adaptardenna array which is based on
maximization of SNR at the array output. This aidwn became known as

Howells-Applebaum algorithm. The algorithm basedldferent beamforming criteria like



maximizing the signal to interference ratio, minimumean square error, maximum
likelihood (Van Trees, 1968) and minimum variancéGodara, 2004 and Haykins, et al.,
1985) are fixed beamforming algorithms in which arriealgles are fixed and don’t change
with time.

In time varying signal propagation environmentjval angle continuously changes
with time and it is necessary to devise an optittopascheme that recursively updates the
array weights. The adaptive algorithm solves theetvarying situation and allows for the
continuously updated array weights.

Based on different optimization criteria, speed aminvergence and hardware
complexity to implement the algorithm different h@eques are reviewed in this section.
ABF founds its application in various fields such mobile communication especially in

CDMA system and personal communications servic€SjP
3.2.1 Algorithm based on fixed weight beamforming criteria

In the field of array signal processing, the tér@amforming relates to the function
performed by a device or apparatus in which eneagyated by an aperture antenna is
focussed along a specific direction in space. Tawgvork that controls the phase and
amplitude of the excitation current is usually edlthe beamforming network. The fixed
weight beamforming criteria were assumed to applyixed arrival angle emitters i.e.
when the arrival angle of the emitters are fixed aon't change with time. There are
several fixed beamforming approaches which incluoheximum SINR, ML, and the

minimum variance techniques which are briefly rexgd in the following section.
Data model

Let us consider a ULA havingM isotropic antenna elements which are
symmetrically placed about the origin as shownigure 3.2. Suppose ULA receives
monochromatic signals and having an inter elemguciag of d respectively. The
incoming signals consists of desired siga@) coming from angl@,and N interference
signalsi, (k) coming from angle 8,, (n=1,....., N). The received signals also includes
additive zero mean Gaussian naigk) having a variance?. The signal at the input of the

m™" array element can be modeled as:

x(k) = a(6p) = s(k) + [a(61) a(6z) .. a(Oy)]+*i(k)+n(K),



x(k) = a(8y) * s(k) + A *t(k) +n(k), (3.63)

x(k) = d(k) + u(k). q3)

where,

a(6,) represents the array steering vector which costiaiformation of incoming signals

as discussed in section 3.1.
d(k) = a(8,) * s(k) represents the desired input signal vector,
u(k) = A *t(k) + n(k) represents the interference plus noise signabvect

The array output is given by the following expressi

y(k) = w « x(k)

y(k) = wh « d(k) + w = ti(k) (3.65)

s(K) \jﬂh in(k) Array
Element
\ 4 /

Vi

x1(k) Xa(K) x3(K) Xwm-1(K) Xm(K)

A/D A/D d A/D

W1 Wo W3

y(k)

Fig. 3.2 Uniform linear antenna array for digital beamfomgni



Maximum signal to interference and noiseratio

Maximum signal to interference and noise rationieamer is an extension of
classical beamformer. This approach maximizes thpud signal to interference and noise
power ratio which enhance the received signal amidnmzes the power corresponding to
interfering signal and noise.

The mean array output power for the desired signgiven by:
of = B[ (0[] = EIw"a(6,)s(0 ] = Sw"a(6,)a" 0w (3.66)

where,S = E[|s(k)|?] is the mean power of the signal of interest andoissidered as

unity thus the output power of desired signal 1segiby:
of = wa(8o)a" (6o)w (8)6
The mean array output power of the undesired sigrgilven by:

a; = E[lw"a()|?] = E[lW"[A « 1(k) + n(k)]1%],

= wlAR;A"w + WHR,,,w (3.68)
where,
R;; = E[t(k)1 (k)] is the interference correlation matrix,
R,, = E[a(k)af (k)] = a2 * I is the noise correlation matrix.

Thus, using the above expressions of noise ctioelanatrix in eq. (3.68) we

obtain the following expression:
o2 = wAR; A'w + a?wlw 49)

Using the expressions of mean array output poareddésired and undesired signal
as obtained in eq. (3.67, 3.69) we obtain theWwiltg expression for SINR:

2 H = =H o
SINR = %4 = & _200)a@ (60)w (3.70)

o2  WHAR;AHw+o2wHw

The SINR can be maximized by using an optimizatechnique. Since classical

gradient based optimization methods have a tendenstyick in local minima and have a



slow rate of convergence, thus these techniquédofarovide a optimum beamforming
solution. Heuristic approaches have evolved asadrtee leading techniques for solving
optimization problems in engineering applicatiofisese approaches can provide optimum
weights for maximizing the SINR and can efficiendliyect the main lobe towards desired

user and form pattern nulls in the direction oérfering signals.
Maximum signal to interference and noise ratio with reduced side lobe level

The approach discussed in the previous section maximize SINR but
simultaneously can't minimize the SLL, which is assential requirement to avoid
unreasonable spread of radiated power. The dudllgo of maximizing SINR with
reduced SLL can't be solved by conventional beamfoy techniques. This multi-
objective problem can be modeled as an optimizgtiamblem and can be solved using
heuristic approaches. The optimization problem banconsidered as an minimization
problem and the fitness function used in the o@atnon problem is the combination of
inverse of SINR and SLL.

wHAR;; AHw+a?2wHw
wHaey)at (8y)w

where,
yiandy,are constants which balance the minimization otwweterms.

SLL is defined as the ratio of pattern value of 8ide lobe peak relative to the
maximum pattern value in the direction of the méibe. It can be mathematically
expressed in decibel (dB) as:

SLL = 20 10Gy (%(SZ)) (3)72

where, AF(SL) is the value of the array factorre $ide lobe location.

Maximum likelihood

The ML approach is based on the assumption thahave an unknown desired
signal and that the unwanted signal has a zero iBeaassian distribution. The goal of this
approach is to define a likelihood function whicdnagive us an estimate on the desired

signal. The input signal vector is given by:

f=a(0y) *s+a =% +7 (3.73)



The overall distribution is assumed to be Gausisidarthe mean is controlled by the
desired signat,. The probability density function can be describsdhe joint probability
densityp(ix|x,). The density function can be viewed as the likaih function that can be
used to estimate the parameier The probability density function (PDF) can beatésed

as.

p(x|xs) = \/2:1:0'2 o~ ((F=a(00)9)H Ry (x-a(6o)s)) (3.74)

The optimum array weights are obtained by maxingzhe log likelihood function

which is given by:
L[x] = —In[p(x|%,)] = C(x — @(80)s)" Run (¥ — @(6o)s) (3.75)

where C is the constant. The optimum array weights basednaximizing the ML
function is expressed as:

— R77a(6o)
WML = ZH (6 Rika(80) -18)

Minimum variance

The minimum variance solution is also called thaimum variance distortionless
response (MVDR) or the minimum noise variance perfmce measure. The term
distortionless signifies that the received sigmsaundistorted after the application of the
array weights. It is a robust beamforming techniguel its solution is similar to the
maximum likelihood solution.

The goal of this technique is to minimize the mearay output power of the
undesired signal while maintaining the output poa@mresponding to the desired signal.

Thus, the optimum array weights are derived by mining the quantity:
min{w" R, w}, whileva, = 1 (3.77)

The variance can be minimized by using the metbiodagrange. The optimum

array weights based on minimum variance criterexjgressed as:

w — RyLa(6y)
mvdr T gH(6,)R;a(0,)

(3.78)

where,R,,, = E[u(k)u (k)] is the correlation matrix af(k).



The minimum variance solution is identical in fotm the maximum likelihood
solution. The only difference between the two apphes is that the ML approach requires
that all unwanted signals are zero mean and ha@awassian distribution while the
minimum variance approach can include interfereniging at unwanted angles as well as
the noise. This concludes that the minimum variaapproach is more general in its

application.
Minimum mean square error

This approach of digital beamforming is somewhiffiecent from the previous
discussed approaches as it requires the knowlette alesired signal. In this approach
the optimal weights array are obtained by minimgzihe mean square error between the
reference signal i.e. the desired signal and theutsi of the M dimensional antenna array.

The error signal is given by:
e(k) = d(k) — wHx(k) (3)79
The minimum mean square error criteria is matherabyi expressed as:
min,, E{|e(k)|*} (3.80)

The function|e(k)|? called the cost function or objective function rfer the
quadratic surface in M-dimensional space as showiigure 3.3 and the optimum array

weights are obtained by minimizing the cost funttiath respect to the weight vectior

Ellel?]

Performance surfa

N

Fig. 3.3 Quadratic surface for mean square error.



The optimal minimum mean square error weight smtutvhich is also referred to
as Wiener-Hopf solution is given by:

where,R,, = E[x * x"] is the array correlation matrix afd= E[f * of*] is the signal

correlation vector.
3.2.2 Adaptive beamfor ming algorithm

In the field of wireless cellular communicatiorsggm, the signal statistics changes
with time as the desired user and the interferisgr unoves around the cell. The receiver
signal processing algorithms then must allow fa tontinuous adaptation to the ever
changing signal environment which results in optitmansmission and reception of the
desired signal. The ABF algorithms based on cem@tmmization criteria takes the fixed
beamforming approaches one step further and reelysupdates the array weights as
shown in figure 3.4 to adapt to the changing siggmlironment. In the following section

we will discuss different ABF algorithms.

Antenna

v Xa(K)
> ;
X2(K) \A y(k)

’l Xm(K)
W

YVVY
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Control Weights [

Fig. 3.4 Adaptive beamforming network.



L east mean square

The Least mean square algorithtnpduced by Widrow and Hof\Widrow, et
al., 1967) in 1959 is a member of a family of stochastic ggatlalgorithm. This is the
most widely used adaptive filtering algorithm besawf its low complexity and proven
robustness. The algorithm is based on the methostesfpest descent and defines cost
function as mean square error. It employs an iteratechnique to make successive
corrections to the weight vector in the directidntlte negative of the gradient of cost
function. Let us supposé€k) is the input vectoriy (k) is the weight vector and d(kj(k)

are the desired signal and the error signal fokttretime sample.

Algorithm

Stepl. Collect data from the ULA and initialize the arnagightsiw (0).
Step2. Estimate the error between desired and output lksagnabtained in eq. (3.79),

e(k) = d(k) — wH (k)% (k). (3.82)

Step3. Estimate the gradient of the cost function,

Va(J@(K))) = 2Ry (k) w(k) — 27(K), (3.83)
where, R, (k) = x(k)x" (k), (3.84)
P = d*(k)x(k) (3.85)

are the instantaneous estimates of the arrayelabon matrix and signal

correlation vector.
Step4. The steepest descent iteration approximation isrgas:
— — 1 —
wlk+1) = (k) = ;195 (J(WR))),
w(k) — p[Ruw (k) — 7(K)],

(k) + pe*(k)x(k). (3.86)

wherg is the step size which controls the rate of cogerece and stability of the

algorithm.



Step5. Repeat steps 2 to 4 for k number of samples.

In order to guarantee stability in the mean-sqliaense, the step size is restricted

in the interval:

1
<u<——-
O=sps 2trace [Ryx]

(3.87)
The algorithm shows limited performance in casefasdt fading environment
because it is difficult to have knowledge of theidsd signal. A normalized version of the
LMS algorithm, the NLMS algorithm is used to ovare®the dynamic range problem and
it substantially reduces the convergence time. ddrevergence rate and the required step
size are sensitive to the signal power in the Idimkction. Godara and Gray proposed an
structured gradient LMS algorithm which reduces signal sensitivity by utilizing the
Toeplitz structure of the correlation matrix. Maother variants of LMS algorithm have

been proposed for its real time implementationdapdive signal processing task.
Sample matrix inversion

This algorithm was developed by Reed, Mallet amednBen in 1974 and is also
known as direct matrix inversion (DM({Yan Trees, 1968). In LMS algorithm the weights
are updated with the knowledge of the desired $igna since the signal environment
undergoes frequent changes the adaptive algoritAsnmot allow tracking of the desired
signal in a satisfactory manner. SMI algorithm @eenes the slow convergence problems
of feedback loop adaptive arrays and is an attractiternative to the LMS algorithm. It is
a block adaptive approach which does not requieeptior information of desired signal
and estimates the statistics using temporal blé¢keoarray data.

Algorithm

Stepl. Collect data from the ULA and estimate the arrayedation matrixR,., and signal

correlation vectof in a finite interval of length K as:

Rex = Kt 20" (1), (3.88)

>
Il

— 2K, d* ()% (k). (3.89)



Step2. Estimate the array weight using the optimum wiesgdution,
W = R_l7. (3.90)

Apart from the high convergence rate of SMI altjon, it has several drawbacks.
The correlation matrix may be ill conditioned reésg in errors when inverted and there is
a challenge of inverting large matrices.

An enhanced sample matrix inversion (ESMI) andmatized sample matrix
inversion (NSMI) are developed and the resultsfiegtithat ESMI algorithm is more

efficient in mobile communication environment foDMIA system.
Recursive least square

Recursive Least Square algorithm is an adaptiWerifig algorithm which
approximates the Wiener solution using the methbdleast squareqLiberti and
Rappaport, 1999). The algorithm recursively updates the weight @etd minimize the
cost function that consists of the weighted sumarofr squares over a time window and is

given as:

Jw) = i, ak e, 3.91)

wherea lies betweer < a < 1 and is a exponential scaling factor which deteasihow
quickly the previous data are de-emphasized andfésred to as the forgetting factor.

Differentiating the cost function and solving foeetminimum yields:
[ZE ek ix(D)x () |w(k) = T, a*ix(Dd* (D). (3.92)

Equation (3.92) approximates the wiener solutiod defines the array correlation

matrix and signal correlation vector as:
Rux(k) = T a* 'z (Dx" (1), (3.93)
P(k) = X, ak7tdr (DX (). (3.94)

Let us break up the summation in the last two #guogs into two terms i.e. the

summation for values up to i = k — 1 and last téom = k.
k-1

R (k) = az a1 (D) EH (D) + ®(OFH (),

i=1



= aR, (k- 1) + z(K)%" (k). (3.95)
k-1
#k) = a Z ak=1=d (DE (D) + d" ()% (k),

i=1

= af(k — 1) + d* (k)% (k). (3)96

To find the optimum wiener solution the knowleddetle inverse of the array
correlation matrix is required. The Sherman Momis&oodbury (SMW) theorem finds

the inverse of the array correlation matrix obtdiimeequation (3.95) as:
Ret(k) = a 'Rt (k — 1) — a ' gUk)E" (k)R (k — 1), (3.97)
whereg (k) is the gain vector and defined as:

a 'Ry} (k—-1)% (k)
1+a~1xH(K)RZE (k—1)x (k)"

gk) = (3.98)

Algorithm

Stepl. Initialize the array weight®(0) and take initial estimate of the inverse of thewar

correlation matrix,
R71(0) = 6711,
whereé is the small positive constant and | is the idgmtiatrix.

Step2. Estimate the inverse of the array correlation matsing equation (3.97).
Step3. Estimate the error vector using equation (3.82).
Step4. Update the array weights,
wk+1) =w(k)+e*(k)g(k). (3.99)
Step5. Repeat steps 2 to 4 for k number of samples.

The weight update equation for RLS is similar td& in which the gradient step
sizeu is replaced by the gain vectgk) and hence the convergence speed of the
algorithm becomes independent of the Eigen valueasp However, the algorithm is more
complex. Many researchers proposed different fasmRLS algorithm to overcome this

limitation. The performance of the adaptive arragtedorates when pointing and



calibration errors occur, many techniques are agpezl to alleviate the effect of pointing

errors.
Constant modulus algorithm

The Constant Modulus algorithm was first introdicey Godard for blind
equalization of quadrature amplitude modulation KQAsignals in 1980 and for
equalization of pulse amplitude modulation (PAM&duency modulation (FM) signals by
Treichler in 1983. In wireless communication signate generally frequency and phase
modulated like FM, phase shift keying (PSK), freggse shift keying (FSK), and QAM
and has a constant envelope and this property dsviknas constant modulus signal
property. However, due to multipath effects, a slgmavelling in frequency selective
channel loses its constant modulus property. Thesteot modulus algorithm uses this
property to adjust the weights of adaptive arrayasato minimize the variation of the
desired signal at the array. The CM algorithm mimen the cost function of the form:

J() = E[(ly(R)[P = 1)1], (3.100)

where p and g are the positive integers and defihe convergence of the algorithm.
A particular choice of p and g yields a specificstcéunction called (p, q) CM cost

function.

Algorithm

Stepl. Collect data from the ULA and initialize the arraeightsiw(0) and choose a
particular value of (p, q) in CM cost function. lsstake (1, 2) cost function.

Step2. Find the output vector y(k),
y(k) =w(k) * x(k). (3.101)

Step3. Find the instantaneous estimate of the gradietiteo€ost function,

Vi (]1,2(W(k))) = [y(k) - %] x(k). (3.102)

Step4. Update the array weights using the method of swtaf@scent which is given by

the following recursive equation,

w(k +1) =w(k) — uVg(Ji.(w(k)),



Wk +1) = W) - u[y(0) - 2] 20,

wk +1) =w(k) + pe* (k)x(k). (3.103)

Step5. Repeat step 2 to step 4 for k number of samples.

The CM and LMS algorithm are similar to each ottiee only difference is that
LMS require reference signal while CM algorithm sio¢ require reference signal to
generate the error signal. The algorithm has a slonvergence time thus not suitable for
dynamic environment where the signal conditions eapidly changing. LS-CMA
algorithm based on method of non-linear least sgoanverges 100 times faster than the

conventional CM algorithm.
3.2.3 Adaptive beamfor ming based on radial basis function neural network

The performance of ABF algorithm discussed in ey section becomes worse in
practical problems because of violation of undedyassumptions on the environment,
sources and array and this may cause a mismataledethe assumed array response and
true array response. Many approaches have beerogdedesuch as linear constrained
minimum variance (LCMV) and diagonal loading to moyge the robustness of the ABF
algorithms. But these approaches fail to providéigent improvements. Neural network
approach overcomes this problem by computing thghv® of the adaptive array as a
mapping problem. The approximation capability af RBFNN by learning the optimum
wiener beamforming solution and using the trainetivork to replace wiener beamformer
for real time tracking have been developed. Theordglyn is well described
by El Zooghby(El Zooghby, et al., 1998).

The array output vectar(k) as obtained in equation (3.2) is given as:
x(k) = A*5(k) + ak).

The array correlation matrix derived from the iodd signals on each array

element is given as:

Ryx = Efx(k)x" (k)}.



The optimum weight vector is obtained by minimgitmhe array output so that the
desired signals are received with specific gainilevthe contribution due to noise and

interference are minimized.
This yield,
W= R, ‘A[AHR, TA]"lxr. (3.104)

where A is the array steering matrix pointing te ttesired signals. The term r in above
equation is the characteristic parameter that dwtexs if the signals are interfering or
desired signals. If there are two desired signats[1 1]. If there is a single desired and a

single interfering signal, r =[1 0].
Algorithm
The algorithm is divided into two phases:

Training phase

Stepl. Collect data from the ULA and estimate the corietamatrices R%;n =1, 2,
3....,,N for all DOA’s ranging from 90°,90°] and arrange it's upper triangular
part in the form of a vector-b.

Step2. The vector-b is normalized by its norm to obtaie thormalized™ vector, as
obtained in equation (3.61).

Step3. Estimate the weights of the linear array elemefit&™; n=1, 2,...,N}
corresponding to all DOA’s ranging from—90°,90°] based on equation

(3.104).

Step4. Generate input-output pairs of{*, w");n =1,2,.....,N } for sources located

in angular range d~909,90°].

Step5. Employ an appropriate RBFNN to learn all sets pliroutput pairs.

Generalization phase

Stepl. Collect data from the array and evaluate sampleeladion matrix.
Step2. Compute the normalizedlvector using equation (3.61).
Step3. Present input vector to the trained RBFNN which will estimate the opdim

weights for the array output.



In this approach the training is done offline ameights are estimated from the
trained network in real time. Thus, it is a fassgproach than LMS, SMI, RLS, CM
algorithms where the optimization is carried outewbver the direction of desired and
interfering signal changes. Table 3.2 summarizéshal discussed ABF techniques in

terms of their advantages and disadvantages.

Table 3.2 Summary of ABF algorithms.

Algorithm Disadvantages

Advantages

Least Mean | e Always converges and a « Requires reference signal.
Square simple algorithm. » Slow rate of convergence for
large Eigen value spread.

Sample Matrix | « Always converges and fastef ¢ Increased computational

Inversion than LMS. complexity.
» Performance is independent ¢« Numerical instability results
of Eigen value spread. due to inverting a large

correlation matrix.

Recursive Least » Always converges and has | » Requires initial estimate
Square the fast rate of convergence| ofR,,.

* Forgetting factor is dependent

on the fading rate of the

channel.
Constant * No reference signal is * Theoretically may not
Modulus required. converge.
« Efficiently eliminate * Not suitable for CDMA
correlated signals. system.

Radial Basis | « Faster and less complex * A large amount of diverse data

Function Neurall technique. is required in training phase.
Network




3.3 Optimization

Optimization is an act, process, or methodologynaking something better.
Researchers, scientist, engineers gave severalideas and optimization deals with
variation on the initial concept or idea and basedthe information gained it tries to
improvise the idea. In other words, it is a math&érahprocedure of adjusting the inputs or
characteristics of a device, process, or experintentind the optimal (i.e. maximum or
minimum) solution subject to certain constrainthieTinputs consists of variables, the
process or function is known as fitness functiastdunction or objective function and the
output is the fitness or cost. Optimization has esglread applications in the field of
Engineering, Science, Mathematics, Economics, Camenand Management, etc. An

optimization problem thus comprises of three idg®ts:

* Variables: These represents components of the optimizatiodemthat can be
changed to obtain optimum solutiofhe design variables can
be continuous, discrete and Boolean.

» Constraints: These represents limitations on the variablesodelctive function.

* Objectivefunction: It defines the process or the relationship betwepuat and

output.

The optimization problem is mathematically defirzed

GivénDN — R,
Findx* =[x}, x5, ..., xy] EDN =Dy NDy N ........n Dy
which will satisfy
cc(®)=0,1<i <N, (3.105)
() =0,1<i<N_.+ (3.106)
¢ (¥)<0,1<i<N,- (3.107)

and will optimize (maximize or minimize) the funmti f (), i.e.

f(X*) < f(X)(minimization)
or VX = [x1, X5, ... Xy € DV] (3.108)
f(X*) = f(X)(maximization)



where,

N is the number of optimization paramgter the dimension of the optimization
problem.

f is called objective function

D' is called the search space.

The elements of N-dimensional search spatieaf® called feasible solutions. A
feasible solution is the N-dimensional vector of timzation variable
X = [x1, %5, ...,xy]. A feasible solutiorX* that minimizes (maximizes) the objective
function is called an optimal solutioB;, either continuous or discrete, is the search
space of; of the [" optimization parameter and Bnd D are not necessarily identical
in terms of their type or size; is the " equality constraint functiony,= is the
number of equality constraint functiors.is the i" positive constraint functiom .+ is
the number of positive constraint functionsjs the I" negative constraint function,
N.- is the number of negative constraint functionschdice of values for the set of
parameterg that satisfy all constraints is called a feasigmution. Feasible solutions
X* with objective function value as good as the valfiany other feasible solutions are
called optimal solutions.

The solution obtained by optimization techniquas be classified on the basis of
their quality as

» Global optimal solution
» Local optimal solution.

A global optimal solution gives the lowest outpatue among all inputs, whereas a
local optimal solution gives the lowest output \wakmong all nearby inputs. A global
optimal solutionx* is the absolutely best set of parameters in eaiegch spack” to
optimize an objective functiof. Mathematically for any minimization problem a

solutionx™ is called global optimal solution if and only if:
f(x*) < f(x),Vx €DV,

Global optimization problems are generally verfjiclilt and are categorized under
the class of nonlinear programming (NLP). A truebgll optimization algorithm will
find x* regardless of the selected starting paip€ DV. On the other hand, local

k%

optimal solutionx™ is best solution in the neighbourhood L xdf to optimize



objective functiorf, L is the proper subset of‘DMathematically for any minimization

problem a solutior** is called local optimal solution if and only if:
fx™) < f(x),vx€LcDV.

Local optimization also depends on an initial poteenerally, a local optimization
algorithm should guarantee that it will be ablefittd local optimal solutionc** if
starting pointx, € L. An optimization algorithm that converges to aalooptimal

solution, regardless of the selected starting pein€ DV, is called a "globally
convergent" algorithm.

3.3.1 Categories of optimization

Optimization algorithms can be categorized inta sategories. The different
categories are not necessarily mutually exclusiee, example a multi-objective

optimization algorithm can be either constrainedunconstrained and their variables
can be discrete or continuous.

Trial & error Single variable Multi variable Single objective

Function Y I Multi-objective

OPTIMIZATION

Random —— K » Discrete
/

Minimum seeking Constrainec Unconstrained Continuous

Fig. 3.5 Categories of optimization algorithms.

Category 1

This category of optimization is categorized dal-gind-error optimization and
function optimization. In Trial-and-error optimizan, the variables that affect the
output are adjusted without knowing about the psscthat produces the output. A
simple example that describes this approach issadgnt of television antenna by a
lay man who adjust the position for best picturd andio reception while an antenna

engineer can better judge and analyze the situdtiacontrast, a mathematical formula



describes the objective function in function opiation which can be mathematically
solved to find the optimal solution.

Category 2

This category of optimization is categorized ase omlimensional and
multi-dimensional. One dimensional optimization ldesm has a single variable while
multi-dimensional problem has more than one vaeiabDptimization becomes

increasingly difficult as the number of dimensiocreases.
Category 3

This category of optimization is differentiated the basis of number of objective
of optimization problem. When the optimization pesh deals with single objective
then it is classified as single objective problerhiler when it has more than one
objective than it is classified as multi-objectioptimization problem. The multi-
objective optimization problem are common in enghveg applications, due to multi-
carrier nature of most of the real world problens.this thesis, multi-objective
problem has been formulated in which side lobes dgereased in addition to
increasing the SINR in ABF.

Category 4

This category of optimization is distinguishedtbe basis of permissible values of
the design variables. The variables can take ediserete or continuous values. If the
design variables are restricted to take on onlytefimumber of discrete (integer)
values, then the problem is called as integer armgring problem. On the other hand
if the design variables are permitted to take itdimmumber of real values, the
optimization problem is called a real valued progmang problem. Discrete
optimization problem is also known as combinatoojtimization problem, since the
optimum solution consists of a certain combinatbwariables from the finite pool of

all possible variables.
Category 5

This category of optimization problem is classifes constrained or unconstrained
optimization problem. Constrained optimization pgemsb takes into account variables



equalities and inequalities into the cost functwhile unconstrained optimization

allows the variables to take on any value.
Category 6

This category is distinguished on the basis ofntloele of operation of optimization
algorithms. Some set of algorithms try to minimihe cost in a sequence of steps by
starting from an initial set of variables valuese$e algorithms are the traditional
optimization algorithms and are based on calculathods. On the other hand random
methods use some probabilistic calculations to fradable values. The minimum
seeking algorithms are fast but can stuck in lot@ima while random algorithms are

slower but have greater success in reaching obagminimum.
3.3.2 Classification of optimization techniques

There are different optimization techniques avddain literature which can be
selected based on the type of optimization problenthe recent past, there has been
an major advancement in optimization due to thegmss of fast digital circuit
technology. The optimization techniques are classifas classical optimization
techniques and metaheuristic techniques which eafuibher divided into sub-classes

as shown in figure 3.6.

Optimization techniques

(%2}

Classical technique Metaheuristic approaches

Exhaustive search Evolutionary algorithms

— Analytical method Nature inspired

——— Linear programming

L Line minimization

Fig. 3.6 Classification of optimization techniques.



Classical optimization techniques

The classical optimization techniques are usedulfinding optimal solution of
single and multi-dimensional problems. The Dbrutecdo approach is an exhaustive
approach where the algorithm tries every solutiothe search so that the global optimum
solution is found. In this approach, the searcltteps divided into sampled values and the
function is evaluated at every point and then thei$ searched for the optimum value.
This is a slow approach and global optimum solutoay be missed due to under
sampling. However, with the increase of problene anly the small instances could be
solved by this approach. Thus, this approach isuaéble for high dimension problems.

Another classical approach is the gradient metlvbath uses the knowledge of
derivatives to locate optimum point. The first dative gives the information of the slope
of the function being differentiated and at optimadecome zero. In literature many
numerical approaches are based on the gradienbthdththese approaches the algorithm
starts at picking a random point in the search e gradient of the cost function is
calculated and then it is headed downhill to thetdmo. This approach has certain
limitations as it can stuck in local minimum aneri are certain functions which have no
analytical gradients.

Later before and during World War II, Kantoroviclgn Neumann and Leontief
solved linear problems in the fields of transpaotat game theory and input-output
models (Haupt, 2004). Linear programming concerns the minimization afeér
mathematical function subject to constraints whigk linear equations and equalities.
Simplex method efficiently provide optimal solutiéor linear programming problems. In
simplex method an external variable is added tovednnequality constraint into equality
constraint. An extension of linear programming is iateger programming in which
variables can take integer values. In 1951 Kuhn #&odker popularized non-linear
techniques in which Lagrange multiplier were useddnstraints defined by equalities and
inequalities which enables the solution of largdegary of non-linear and non-
deterministic polynomial time (NP) hard problems.

The largest category of optimization methods datler the domain of successive
line minimization methods. In this approach inliiah random point is chosen on the cost
surface and a particular direction is chosen toerawd it will be continued until the cost
function begins to increase. A particular directwhich is initially chosen is critical to



algorithm convergence and has spawned a varietapproaches. Coordinate search
method is a very simple approach to line minimaati

In real life applications, some of the optimizatiproblems can be solved in
reasonable time using classical optimization tegies. However, most of the problems
will be too hard and it become difficult to sol\reese problems using classical techniques.
Thus, classical techniques involves more computaticeffort and thus approximate
method are used to find optimal solution in a readte amount of time. Metaheuristic

approaches are approximate methods and are usetv&NP hard problems.
M etaheuristic approaches

The word "heuristic" is Greek which means "to kiplto find", "to discover" or
"to guide an investigation". Heuristic are techmguwvhich find near-optimal solution at a
reasonable computational cost without able to guaeaeither feasibility or optimality or
even in many cases to state how close to optimaliparticular solution can be found.
These approaches solve difficult NP hard problemnsvhich classical approaches failed to
find optimal solution in a reasonable amount ofetim

Heuristic algorithms are very specific and problefapendent means these
approaches require knowledge about the structuspexfific problems being undertaken to
devise a strategy for solving it. However, there smme problems in which one have no
idea of how the problem can be solved or one aevise any strategy for solving the
problem. In these cases it is best to use morergemeuristics, often called metaheuristics.
These approaches are problem independent algarithi®taheuristic are sometimes also
called black box optimization algorithms or gengraitpose optimization algorithms.

Metaheuristic algorithms are population basedorattyns which mimic physical or
biological processes. Some of the most commoneaxetalgorithms are GA, SA, artificial
immune system, ACO, PSO, bacteria foraging algarjt8 SA, DE algorithm. All of these
algorithms have stochastic behaviour. However, Bborhas proposed a deterministic
heuristic search algorithm which is based on th&pter of gravitational kinematics that
is called central force optimization (CFO). In siated annealing search starts from a
single initial point while most of the metaheuriséipproaches search in a parallel manner
with multiple initial points like swarm based algbms.

Metaheuristic approaches works with two key aspeot. exploration and

exploitation. The exploration defines expanding $karch space while exploitation is the



ability of finding the optima around a good soluatidn the initial iterations, the algorithm
explores the search space means it uses explovetida by lapse of iterations exploration
fades out and exploitation fades in, means theriéiigo is reaching to the optimal solution.
Different algorithms of optimization use differeapproaches and operators to employ
exploration and exploitation. An algorithm to waskccessfully there should be a suitable
tradeoff between exploration and exploitation. fmciple behind this nature inspired
metaheuristic approaches to realize the concepexploration and exploitation is
self-adaptation, cooperation and competition. SdHptation means each member of
population improves its performance, cooperationamse members cooperate by
transferring information among each other while petition means members compete to
survive. In the following section we will introdu@®me of the well known metaheuristic

approaches.
Evolutionary algorithms

Evolution is an optimization process where the &rto improve the ability of an
organism to survive in dynamically changing and petitive environment (Engelbrecht).
Evolutionary algorithms simulate the evolution aflividuals via process of selection,
reproduction and mutation. This evolution is guidbeg the fitness of individuals.
Organisms have certain characteristics that inflaetheir ability to survive and to
reproduce. The characteristics of an individual sapresented by a chromosome also
referred to as genome which can be divided into ¢cl@sses of evolutionary information
i.e. genotype and phenotypes. A genotype describesgenetic composition of an
individual as inherited from their parents and pitgpe defines what an individual looks

like. Evolutionary algorithms works in the follovgrmanner:

Stepl. Randomly initialize a population of individuals wkesach individual represents
a potential solution to the problem within a valébonstraint range.

Step2. Evaluate the fitness of each individual in the entmpopulation.

Step3. Select the individuals having higher fithess anscalid the bad ones in each
iteration.

Step4. Individuals are altered through a process of cnemsand mutation.

Step5. This procedure is repeated until the convergeniterier is reached.



The evolutionary algorithm have three main evolhiy operators:

» Selection: This is an important operator in the evolutiongopach and relates
to the Darwinian principle of the survival of thédst. This approach basically
selects best individual on th basis of their fi;maad eliminates the rest. This set
of individual will reproduce new individuals suchat the population size is
constant. Tournament selection, roulette-wheelctiele, ranking selection are
some of the commonly used selection operators.

e Crossover: This operator creates new individuals through tkehange of
genetic material randomly selected from two or madividuals. This process
basically explore new areas in the search spacegléspoint crossover,
multi-point crossover and uniform crossover are s@mihthe common crossover
techniques.

« Mutation: This operator modifies an individual by creatingsrall random
change to generate a new individual. The valud®fgene is randomly changed
with low probability. This process does not perthé algorithm to get stuck at a
local minimum.

There are many evolutionary algorithm availablelitaerature and some major

algorithms are discussed in the following section.
Genetic algorithm

Genetic algorithm is the most commonly used oation technique in the field of
Al which is inspired by biological system and impes fitness through evolution. The
algorithm was first proposed by Professor John &tall in the university of Michigan
around 1975. The population of individuals in GAe achromosomes and each
chromosomes consists of a string of cells calledege The evolution starts from a
randomly generated individual (chromosomes) ansuccessive iterations fitness of each
individual is evaluated against an objective fumati The individual having the highest
fitness are stochastically selected (selection) #mel genes are modified through
recombination (crossover) and randomly mutated &traut) to form individual for next
generation. In successive generation the fitndsth@® individual improves and the
algorithm terminates when either the maximum nunadfegenerations has been produced
or satisfactory fitness has been reached for thmulption. The crossover is a natural

process and traditionally given a rate of 0.6 tbvhile the rate of mutation is usually less



than 0.1. The genetic algorithm find wide rangeapplications in diverse fields such as
pattern recognition, image processing, machineniegy etc.

Differential evolution

Differential evolution is a stochastic, populatidmased global optimization
technique developed by Storn and Price in 1996.algerithm was initially developed to
optimize real parameters and real valued functidhg. distance and direction information
from the current population is used to guide thard®e process. The operation of this
evolutionary technique is similar to the other enmnary technique, since it incorporates
the selection, crossover and mutation operatorgevganerating the new offspring but the
order of occurrence of operators are differenthla technique the mutation is applied first
and a donor vectors is generated which is then wgdudn the crossover operator to
produce trial vectors. The trial and target vectemes compared based on their fithess and
best vector is selected for next generation. Théatiwn step size is not sampled from a
known probability distribution function as was daneother evolutionary techniques.

There is no proof of this technique to converge®torn and Price shows that this
technique performs better than other evolutionagghmiques. The technique finds
applications in design of digital filters, beamfong applications and other various fields.

Ant colony optimization

Ant colony optimization is a subset of swarm ilgeince techniques in which
collective intelligence emerges in decentralized aplf-organized system with simple
individuals to solve difficult engineering problemBhe algorithm was inspired by the
behaviour of ant species and was developed by Migban 1992. He modeled the
algorithm based on the behaviour of ant that haeeability of finding the shortest path
between their next and the source of food. Ant haggy limited visual and vocal
perspective abilities and they communicate amormy ether through an indirect form of
communication by modifying the environment.

Ant initially explores the area surrounding thestne a random manner and they
deposit same amount of pheromone (chemical) ithelldirection. When an ant finds the
food, they carry the food and return to the nestriiyy the return trip they deposit
pheromone trial on the ground. The other ants st#esexistence of higher concentration

of pheromone and follow this path. As a result,rdrgpath accumulates more pheromone



and eventually all the ants converge to the shibogath. This concept was utilized by
M. Dorigo to solve optimization problems by simutgt artificial ants searching the

solution space similar to the real ants searchieg environment.

Fig. 3.7 The behaviour of real ant movements.

The algorithm is described on the following steps:

Stepl. Initialize the population of agents.

Step2. Modeled the artificial ways representing possildeison for ants in the colony.

Step3. Length of all possible ways corresponding to thestcealue of solution is
calculated.

Step4. Depending on the cost value, the amount of arifipheromone is attached to all
possible ways.

Step5. Total pheromone of all the ways are modified and #hortest way is found
representing the best solution and is stored imtémory.

Step6. All the steps are repeated until the convergeniterier is satisfied.
Simulated annealing

Simulated annealing is a probabilistic optimizatiechnique which finds optimal
solution for discrete optimization problems as veallexceedingly complex problems. The
algorithm was proposed by Kirkpatrick, Gelett anecghi in 1983 to find global optimum
solution for the problem that contains several looanima. The algorithm mimics the
annealing process in metallurgy. Annealing is acess in metallurgy where metals are

slowly cooled to reach a state of low energy stBteanalogy with this physical process,



each step of the SA algorithm replaces the cumehition by a random neighbourhood
solution, chosen with a probability that depends the difference between the
corresponding function values and on a parametérhe control parametek s gradually
decreased with the iteratidnof the simulated annealing algorithm. The curmesittion
changes randomly when is large which saves the algorithm to stuck iralauinima and
with the decrease in temperature the algorithmsfitite global optimum. Analogous to
simulated annealing achieving a global optimumksd of reaching the minimum energy

state in the end.
Particle swar m optimization

Particle swarm optimization is a population bastdhastic optimization technique
which was proposed by Kennedy and Eberhart in 1988. technique is inspired by the
social behaviour of animals, such as bird flockimg fish schooling. It is a robust
optimization technique which is based on the movenand intelligence of swarms
searching for food. Typically, a flock of theseraais having no leaders find their food by
randomly moving in the search space and they foboe of the members in the group that
has closest position with the food source. This appen until all the members discover
the food source. The process of PSO algorithmidifig optimal solution follows the food
searching behaviour of such animals. The algoritts®s a number of particles (same as
the chromosomes of GA) that constitute a swarm ngparound in the search space
looking for the best solution. Each particle inrseaspace adjusts its “flying” according to
its own flying experience as well as the flying expnce of other particles. In this
algorithm, the population of particles are updabgdadding an operator based on the
fitness information obtained from the environmefiick enables the individuals to move
towards the better solution. The position and vigtaaf the population are updated using
the following expressions:

xA(t+1) = x2(t) + vt + 1), (3.109)
vt +1) = wt)vi(t) + ci1iq (pbestid () — x2 (t)) + 1y (gbestd(t) — x2 (t)). (3.110)
where xandv? represents the position and velocity of ifigarticle in thed" dimension

of search space,is the iteration number ang, r;, are two random variables lying in the

interval [0,1]. These variables contribute in thechastic nature of the algorithm.



The variables cand ¢ are cognitive and social coefficient also knowncasstriction
coefficients that weights the stochastic temgsr;, so as to pulls each particles towards
pbest and gbest position, w represents the inertia weight which controls thee rof
convergence of the algorithmbest; represents the best position of tHepiarticle and
gbestrepresents the best position among all the pestid the population respectively.
Thus, the position of the particles are modified each iteration and in each
dimension using eq. (3.109, 3.110) until the teation criteria is met.
The general principle of the algorithm is showrthe figure 3.8 and is explained in steps

which are as follows:

Step 1. Initialize swarm (a set of particles) in the seasplace. The position and velocity

of the particles are randomly initialized as:
Xi = (x}, x@, o x") fori =12, .....N. (3.111)

Vi =}, .vd, ) fori=12,....N. (3.112)
whereN represents the space dimension.

Step 2. Compute the fitness (cost) of all the particles each iteration and for a

minimization problem the best fitness is the minimualue of the function.

Step 3. Compute thepbest and gbestvalue corresponding to all the particles in the

population.

Step 4. Update the velocity and position of all particlas €ach dimension using
eq. (3.109, 3.110).

Step 5. Updatepbestand gbestif the current fitness value is smaller than tmevpus
fitness value.
Step 6. Go to step 2 until the convergence criteria is née algorithm terminates when

the maximum number of iterations or the minimunoeariteria is attained.

Researchers have proposed several variants ofaRfa@thm to improve speed of
convergence and quality of the solution. They mpodifferent parameters of the algorithm
to get good results. Velocity of the particles lighgped to a maximum velocity,)¥x to
prevent abrupt variation in the algorithm. If thelocity is too high, particles might fly

past good solutions or if it is too small thentgées may not explore beyond good



solutions. Inertia weighw is controlled between certain limits usually idiscreased from
0.9 to 0.4 to maintain a balance between explaragiod exploitation. Another important
parameter is constriction coefficiendg ¢, which controls the rate of convergence of the
algorithm. A constriction model describes a waylobosing the values @V, ¢, ¢, so that

the convergence is ensured.
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| |
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!
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Y

End

Fig. 3.8 General principle of PSO.



The algorithm is successfully used for solvingimas engineering optimization
problems. In this thesis, we have used PSO in asitigpn DOA of narrow band
deterministic and stochastic sources. PSO giveasapt results in estimating direction in

multipath channel environment.
Gravitational search algorithm

Gravitational search algorithm is a novel metais#ior optimization method
proposed by Esmat Rashedi, Hossein Nezamabadi-g@aaid Saryazdi in 2009. The
algorithm is constructed based on the law of gyaatd mass interaction. The algorithm is
inspired from the physical phenomena of Newton'slwistates that "Every particle in the
universe attracts every other particle with a fdhed is directly proportional to the product
of their masses and inversely proportional to thease of the distance between them".

In this algorithm agents are considered as objsbish have masses proportional
to the value of their fitness function. All theséjexts attract each other with the
gravitational force, which causes the global moveimaf all the objects towards the
objects with heavier mass. All the agents in GSA amnaracterized by four parameters:
position of the mass, inertial mass, active gréioiteal mass and passive gravitational
mass. The position of the mass corresponds to ati@ol of the problem and the
gravitational mass and inertial mass controls te&aity of the agent in a specified

dimension. The algorithm is mathematically modelsd
Step 1. Initialize agents in the search space. The postiat velocity of the agents are
randomly initialized as in eq. (3.111, 3.112) as:

X; = (xt, x®, o.x) fori=12,....N.

v, =}, ..vd, ..v) fori=12,....N.
where,x# andv{ represents the position and velocity ibf agent in thed™
dimension andN represents the space dimension.

Step 2. Compute the fitness of all the agents in each titexaand for a minimization

problem best and worst fithess are defined as:

best(t) = minjegy,  xy fit;(t) (3.113)



Step 3.

Step 4.

Step 5.

worst(t) = maXjeq,. k3 fitj(t) (3.1714
wherefit;(t) represents the fitness value of heagent at time andbest(t)and
worst(t) represents the best and worst fithess valueratigeat.

Evaluate the gravitational constdhat iterationt using the following equation:
G(t) = Gyexp (—alpha * iter /maxit) (3.115)

wherealpha andG, are the gradient constant and initial value ofvigational
constant respectivelyiter is the current iteration anthaxit is the maximum

number of iterations.

Determine and update the mass of the agents in ieaation by the following

equations:
Mg =My =My =Myi=1.....N (3.116)
M) = L warse @117)
M;(t) = il (3.)18

Z?Ll mj (t),

whereM,; is the active gravitational mass df agent,M,,; is the passive

gravitational mass af' agent and/;; is the inertia mass of th& agent.

Evaluate the force acting on agentfrom agentj' at d" dimension and™

iteration as:

FL() = G(O e () _ yd(py), (3.119)

Rij (t)+e€

wherek;;(t) is the Euclidean distance between the two agerdsad |' at each

iterationt ande is a zero offset constant.
The total force that acts on ageéim a dimensiord is calculated as:
F{(t) = %L1 j»i rand;F{ (O, (3.120)

whererand; is a random number in the interval [0, 1].



Step 6.

Step 7.

Step 8.

Determine the acceleration of ti’féagents at iterationas:

F(t
al(t) = M—((t)) (3.121)

Evaluate the velocity and position at next itemat{o+1l) using the following

eqguations:
va(t + 1) = rand; v (t) + al(t), (3.122)
xd(t+1) = x2(t) + vi(t + 1). (3.123)

Go to step 2 until the termination criteria is mBbe algorithm terminates when

the maximum number of iterations or the minimunoeariteria is attained.
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Fig. 3.9 General principle of GSA.



Although, GSA has been developed recently theseblegn a promising growth in

the areas where GSA has been utilized to solve ngptimization problems. There are

various variants of GSA that has been developedfiadd applications in various diverse

fields such as training of neural network, mechalngmd power engineering applications,

robotics, image processing, networking and comnaiimn. We have used GSA in this

thesis for estimating direction of narrowband d@arstic signals and in ABF by solving

multi-objective optimization problem in which nawdoeams are formed in the direction of

desired signals and pattern nulls are formed irdifextion of interfering signals.

Table 3.3 Difference between PSO and GSA.
Properties PSO GSA
Basic analogy| Inspired from the social behaviouinspired from the physica
of the of birds and fishes. phenomena.
algorithm
Agent Direction of movement isDirection of movement i
movement | calculated based on two bestalculated based on the over
strategy positionspbestandgbest. force obtained by all other agents|

Consideration| Fitness value is not considered |iRorce between agents is
of fithess the updating procedure. proportional to fitness value thus|it
function iIs considered in the updating

procedure.
Use of The algorithm uses the memory [tMemory -less system.
memory storepbestandgbest.
Distance | The positions of agents are updatdebrce is reversely proportional to
between the | without considering the distancelistance thus distance between

agents

between solutions.

agents are considered.




3.4 Brief introduction of MATLAB

MATLAB is an acronym which stands for MATrix LABatory. It is a fourth
generation high level programming language optichize perform engineering and
scientific calculations. MATLAB first version wasritten by a numerical analyst Cleve
Moler in 1970 to provide easy access to matrixveafe developed by the LINPACK
(linear system package) and EISPACK (Eigen systaokage) projects. Since 1984, the
software package is commercially available by Matink®¥ and is used globally as a
standard tool in universities and industries. Tlo&ware was originally designed to
perform matrix mathematics for example to solvedinalgebra problems using matrices
but later it has developed into a flexible compgitaystem to solve any technical problem.

MATLAB is an interactive software whose basic dalament is a matrix, thus if
array based data have to be manipulated it provadsand accurate results as compare to
other software like C, C++, JAVA, FORTRAN. The sadire provides numerous built-in
functions for a wide variety of computations thaigds in solving complex mathematical
problems, generating graphs and performing numetezhniques which require large
number of iterations. Specific research discipliaes collected in packages referred to as
toolboxes. There are several toolboxes which iredutbolbox for signal and image
processing, data analysis, optimization, artificredural network, solution of partial
differential equations, control system, curve fiigfi communication and various other

diverse fields of science and technology.
3.4.1 Basic featuresof MATLAB

* It is a special purpose computer program for nucaécomputation, visualization
and application development.

* It is easy to use as the programs are easily wrdted modified with the built-in
integrated development environment.

* It is a platform independent tool as the languesgsupported on all versions of
Windows, Linux, Unix and Macintosh. Programs written any platform can be
run on any other platform without any modifications

» It provides extensive library of mathematical fuans for linear algebra, numerical
differentiation and integration, solution of ordipalifferential equations, statistics,

Fourier transform and design of filters in signadgessing.



It has many integral plotting and imaging commawtisch can be displayed
on any other graphical output device supportechikycomputer on which the
software is installed. Thus the technical data loarefficiently visualized in
the software.

It provide tools through which a programmer canstarct a graphical user
interface (GUI) for their programs developed fortam applications.

It provides functions through which MATLAB basedgatithms can be
integrated with external applications and languaipesexample: C, C++,

Java, .Net, Microsoft Excel.

3.42 MATLAB environment

The fundamental unit of data in an MATLAB progr#ran array where the

data is organized in rows and columns. The softvdigplays different types of

windows that accept commands and display resufts.tfiree most important types

of windows are:

Command window: Commands are entered.

Figure window: It displays plots and graphs.

Edit window: Programs are created and modified.

Command history window: It displays the list of ameinds of command
window.

Workspace: It temporarily stores all the variatdad arrays when a particular

command, M-file or function is executed.

3.4.3 Applicationsof MATLAB

The algorithm finds wide range of applications arigus fields of science

and engineering. The fields where the algorithms been widely used are as

follows:

Signal Processing and Communications
Digital image and video processing
Fuzzy Logic and artificial neural network

Control system and optimization



3.5 Methodology for Deter ministic maximum likelihood DOA estimation using GSA

In this section, we will describe the formulatiohthe GSA and PSO algorithm for
DML optimization to estimate the direction of incmg signals. The methodology of

DOA estimation for deterministic signals is asdalb:

Stepl. Initialize the input parameters i.e. number of yredements, SNR, number of

snapshots, direction of incoming signals whicloibé estimated.

Step2. Create BPSK signals and calculate array steerirgjoveand array correlation

matrix corresponding to incoming signals.

Stepa3. Initialize the population of agents in the searphce with random positions and
velocities in the intervat-r/2 to 7/2 in each dimension. Th&l dimensional
positional vector of thg th probe takes the forré; = [6,,...6y], where 0
represents the source DOA's. A particle positioctareis converted to a candidate

solution vector in the problem space through aabiatmapping.

Step4. Calculate the array steering vector correspondirglltthe random DOA defined in

the interval.

Step5. Evaluate the fitness of all the agents as givesyin(3.44) as:
Vour = Tr{(I — A(B)(A(O)" A(6))*A(6)" )R}

which is determined by taking the data from b& elements of the array v
number of snapshots.

Step6. Apply the GSA and PSO algorithm and in each iterathe position and velocity
of the particles are updated. The optimization [@wbis a minimization problem
so the position of the agent corresponding to mimmnfitness represents the ML
estimate of source DOA's.

Step7. Evaluate the root mean square error (RMSE) as:

NnNruns

RMSE = \/; yNruns i [6,(D) - 6;], (3.124)

whereN,, is the number of sources,,,,,; are the independent Monte-Carlo tridlg(l) is
the estimate of thieth DOA in thel th run,6; is the true DOA of theth source.



Step8. Evaluate the Probability of resolution i.e. thelipito resolve closely spaced
sources. The two sources are said to be solvedjivea run if botH@1 — 91| and

|6, — 6,| are smaller that9; — 6,|/2.

3.6 Methodology for Maximum likelihood DOA estimation using PSO in multipath

channd environment

In this part, we will describe the methodologyR80 algorithm for stochastic ML
optimization to estimate the direction of incomirgignals in multipath channel

environment. The methodology of DOA estimationxplained in the following steps:

Step 1.Initialize the input parameters i.e. number of aredements, SNR, number of

snapshots, direction of incoming signals whicloibé¢ estimated.

Step 2.Create uncorrelated, partially correlated, coreglatandom signals and calculate
array steering vector and array correlation matotresponding to incoming

signals.

Step 3. Initialize the population of agents in the searphcge with random positions and
velocities in the intervatz/2 to /2 in each dimension. Th&l dimensional
position vector of thgh particle takes the for#=[0x,....... O\] wheref represents
the source DOA's. A particle position vector is\oemed to a candidate solution

vector in the problem space through a suitable mngpp

Step 4.Calculate the array steering vector correspondinglltthe random DOA defined

in the interval.
Step 5Evaluate the fitness of all the agents using e60)3
Vs (6) = log|A(8)S(8)A" (6) + 62(0)I|.

which is determined by taking the data from all #ilements of the array fox

number of snapshots.

Step 6Apply the PSO algorithm and in each iteration tlsifpon and velocity of the
particles are updated. The optimization problera minimization problem so the



position of the agents corresponding to minimunmes represents the ML
estimate of source DOA's.
Step 7Evaluate the RMSE using eq. (3.124) and probalofityesolution.

3.7 Methodology for Adaptive beamforming using GSA

In this part, we will describe the formulation GISA algorithm for ABF. The
algorithm will iteratively tries to optimize the vghts of linear antenna array so as to place
pattern maxima in the direction of desired user aunlis in the direction of interference
signals. The methodology of ABF using GSA is a®ofes:

Step llnitialize the number of array elements, SNR, dimetof desired and interfering
signals.

Step 2Determine the array steering vector correspondmgdésired and interfering
signals.

Step 3lnitialize the population of agents in the seargace with complex random
position and velocities. The complex position oty represents the amplitude
and phase of weight vectors. The size of the weigbtor represents the number of

sensor elements.

Step 4Determine the fitness of all the agents in GSA dkirtg inverse of the eq. (3.70)
which is determined by taking data from all thengdets of the array.

wHAR;; AHw+a2wHw

wHayallw

F =

435)

Step 5Apply the GSA algorithm and in each iteration thasigion and velocity of the
agents are updated. The optimization problem isrammeation problem, thus the
position of agents corresponding to minimum fitheepresents the optimum
weights for ABF.

Step 6Plot the linear and polar normalized array factot.p
3.8 Methodology for Adaptive beamforming with reduced sidelobe levelsusing GSA

In this part, we will describe the formulation GSA algorithm for ABF with

reduced SLL. The algorithm will iteratively tries obptimize the weights of linear antenna



array so as to place pattern maxima in the directb desired user and nulls in the
direction of interference signals with reduced SLL.

The methodology of ABF with reduced SLL using GSAas follows:

Step 1lnitialize the number of array elements, SNR, dioetof desired and interfering
signals.

Step 2lnitialize the population of agents in the seargace with complex random
position and velocities. The complex position otrig represents the amplitude
and phase of weight vectors. The size of the weigbtor represents the number of

sensor elements.
Step 3Define the parameterg,, y, which balance the minimization of two terms.

Step 4Determine the fitness of all the agents in GSA gisg. (3.71) which is determined

by taking data from all the elements of the array.

wHAR;; AHw+a2wHw

F = Y1 V_VHE_lOC_l(I)-IW + yZSLL (3126)
SLL is determined using eq. (3.72),
SLL =201 ( AFGSL) )
B 0810 max (AF)

Step 5Apply the GSA algorithm and in each iteration thasiion and velocity of the
agents are updated. The optimization problem isrammzation problem, thus the
position of agents corresponding to minimum fitheéspresents the optimum
weights for ABF.

Step 6Plot the linear and polar normalized array factot.p






CHAPTER 4 RESULTSAND DISCUSSION

In this chapter, simulation results of DOA estimatand ABF techniques are
presented and discussed. All the simulations ar®npeed using MATLAB software. In
the initial part of the chapter, the convention@M®estimation techniques Bartlett, Capon
and MUSIC algorithm are simulated and comparech&orow and wide angular separation
of incoming signals. The DOA estimation techniques MUSIC, Root-MUSIC and
ESPRIT are then compared on the basis of varyimgbeu of antenna elements, varying
SNR and varying number of snapshots.

The DOA estimation of deterministic binary phakédtkeying (BPSK) signals is
performed using metaheuristic approaches namely RBSDGSA by optimizing DML
function and compared with conventional techniquése techniques are compared for
narrow angular separation so as to determine thalviag capability of the algorithms.
The DOA estimation of uncorrelated, partially ctated and coherent signals are
performed for multipath channel environment and garad with conventional techniques
by optimizing SML function using PSO. Since the G&Als to optimize the SML
function, thus the algorithm is not considered BDA estimation in multipath channel
environment. The techniques are compared on this bagheir resolving capability for
narrow angular separation for uncorrelated andgligrtorrelated random signals.

In the later part of the chapter ABF algorithme aimulated and compared on the
basis of their beam pattern characteristics (beadthywimaximum side lobe level and null
depth) and their rate of convergence. The ABF mmobls modeled as an optimization
problem and the weights of antenna array are eteuso as to direct major lobe in the
direction of desired user and nulls in the diratiod interfering signals using GSA and the
results are compared with MVDR technique. The ABBbfem is extended to multi-
objective optimization problem in which the weiglase evaluated such that the beam
pattern is obtained with reduced SLL using GSA tedresults are compared with MVDR
and the previous published results.

In all the simulations uniformly spaced linearagrrof omnidirectional antenna
elements has been considered as shown in figureTB4 space between two adjacent
array elements is one half of the wavelength ofitkeming signals. The impinging angles

of the incoming signals are relative to the brodelsif the array. The additive background



noise is assumed to be spatially and temporallgpeddent zero mean white Gaussian
noise (AWGN). In Bartlett, Capon, MUSIC algorithimetsearch range is performed over
[-90°, 9] with the scanning interval of (.1

4.1 Performance analysis of DOA estimation algorithms

In the first simulation, performance of Bartlgftapon and MUSIC algorithms are
evaluated for narrow angular separation of incomisignals. Two independent
uncorrelated narrowband signals have been considenech are impinging with DOA of

-5% and 8, SNR of 10 dB and having 100 snapshots on an afra§ antenna elements.
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Fig. 4.1 Bartlett, Capon and MUSIC pseudospectrum in cas@mwow angular separation.

In the second simulation, performance of Bart@tipon and MUSIC algorithm are
evaluated for wide angular separation of incomiiggals. Two independent uncorrelated
narrowband signals have been considered impingitiy BOA of -15 and 28, SNR of
10 dB and having 100 snapshots on an array of tthaa elements.

Figures 4.1 and 4.2 show the simulation resultsarfventional techniques for
narrow and wide angular separation. The simulatsults shows that for narrow angular
separation of -5and % Bartlett fails to detect the incoming signals whilapon and
MUSIC accurately detect DOA whereas in case of wiggular separation of -1and 25,
Bartlett shows significant response while Capon BHAISIC shows sharp peaks in the

spectrum. MUSIC algorithm shows the best responsing the other two algorithms.
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In the third simulation, the direction of incomirgignals are estimated from
Root-MUSIC algorithm. Two independent narrow bangnals have been considered

impinging with DOA of -8 and 8, SNR of 10 dB having 100 snapshots on an array of
10 sensor elements.
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Fig. 4.3 Root-MUSIC pseudospectrum.

Figure 4.3 shows the simulation results of Root3AU algorithm for narrow
angular separation. In Root-MUSIC algorithm, theediion of incoming signals is

estimated by plotting the roots and roots whichcliesest to the unit circle signifies the



direction of incoming signals. The plot in figure34a) locates all 18 roots in Cartesian
coordinates and four roots are nearest to the airule and are thus close to expected
direction of incoming signals. In the plot shownfigure 4.3 (b), the pseudospectrum
shows the four roots signifying the direction ofaming signals. The numerical value of
DOA of incoming signals are -4.9626, -4.9626, 81 /5.0701.

In the three previous simulations, the performaoicBartlett, Capon, MUSIC and
Root-MUSIC algorithms are evaluated. The simulatresults show that MUSIC and
Root-MUSIC algorithms show superior performancecasipared to Bartlett and Capon
algorithm. In the fourth simulation the performardeMUSIC, Root-MUSIC is evaluated
along with ESPRIT algorithm on the basis of RMSEaafinction of number of array
elements, number of snapshots and SNR. All the lation results are averaged over 100
independent Monte Carlo test runs. Two uncorrelatdow band signals with DOA of

-5° and 18 are assumed to impinge on antenna array elements.
4.1.1 Impact of number of array elements

In this case the comparison of MUSIC, Root-MUSI@ &SPRIT algorithms is
made for DOA estimation for varying number of aredgments {6, 8, 10, 12, 14, 16} with
SNR of 10 dB and 100 snapshots.
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Figure 4.4 shows the performance of algorithmsvimying antenna elements. It
can be observed that MUSIC algorithm is proveddarore robust than Root-MUSIC and

ESPRIT algorithms having its error reduced to zdyove 12 array elements.

4.1.2 Impact of SNR

In this case the comparison of MUSIC, Root-MUSI@ &SPRIT algorithms is
made for DOA estimation for varying SNR of {-10,,-8, 10, 20, 30} with 10 array

elements and 100 snapshots.
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Fig. 4.5 RMSE of the DOA estimates versus input SNR.

Figure 4.5 shows the performance of MUSIC, Root3M0 and ESPRIT algorithm
with varying SNR. In case of low SNR, MUSIC and RdUSIC algorithms show similar
performance and have low RMSE while ESPRIT algaritthows high RMSE. In high
SNR conditions beyond 20 dB MUSIC algorithm showsoZRMSE as compared to other

two algorithms. All the three algorithms show semihature having their RMSE reduced

to zero at 30 dB SNR.

4.1.3 Impact of number of snapshots

In this case the comparison of MUSIC, Root-MUSI@ &SPRIT algorithms is
made for estimating direction of incoming signatds ¥arying number of snapshots {10,

50, 100, 300, 700, 1000} with SNR of 10 dB on amagiof 10 antenna elements.



Figure 4.6 shows the performance comparison of MUSRoot-MUSIC and
ESPRIT algorithms in terms of RMSE for varying nienbf snapshots. MUSIC algorithm
provides best accuracy of DOA estimates havingeiter reduced to zero above 300
snapshots. ESPRIT algorithm shows significant perémce and its RMSE curve shows a
sudden dip and performs better than Root-MUSICréalgn after 700 snapshots.
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Fig. 4.6 RMSE of the DOA estimates versus number of snapsho

4.2 Deterministic ML DOA estimation using GSA

In this section, the DOA of deterministigrsals is estimated by optimizing DML
function using proposed GSA and compared with earteported soft computing
technique i.e. PSO and other conventional techsiquet us consider that two narrowband
plane waves impinge on the 10 element ULA frorha&@d 44. The two sources are BPSK
signals that are uncorrelated with each other &ednbise is additive and uncorrelated
from sensor to sensor and with the signals. We lsamsidered two sources with narrow
angular separation so as to analyze the resolarigyeof the algorithms when the sources
are closely spaced. The total number of snapshmisidered are 100 and the SNR is
varied from -20 dB to 30 dB with the step size @2 The GSA and PSO parameters used
in simulation are given in table 4.1. Figure 4.9wh the DOA estimation RMSE obtained
by GSA, PSO, MUSIC, Capon and ESPRIT with respectlifferent SNR. Figure 4.8
show the source resolution probability for the sanethods with respect to different SNR.



Table4.1 GSA and PSO paramet for deterministic ML DOA estimatio

Population  Cognitive& Social  Gravitational Alpha N,

size par ameter Constant
GSA 30 N.A. 10C 2C 10C
PSO 30 2,2 N.A. N.A. 10C
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Fig. 4.7 DOA estimation RMSE versus SNR for GSA, PSO, MUSIC
Capon and ESPRIT algorithms.
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As can be seen from the figures 4.7 andtheBmetaheuristic approaches, GSA and
PSO show better statistical performance than MU®&l@pon and ESPRIT in low SNR
region. Capon and MUSIC algorithms have high RMBEL6 dB and 8 dB, thus these
algorithms fail to resolve closely spaced sour&&SPRIT algorithm applicable on linear
arrays shows better performance compared to otlassical approaches. Simulation
results verify that GSA performs best among alldlgorithms in terms of RMSE and can
better resolve closely spaced sources.

In order to analyze the resolution capabsiof these algorithms we have simulated
all these algorithms with varying angular separatim the previous simulation, the two
sources had angular separation bfNow we simulate all these algorithms with an dagu
separation of 3% 3 2.8, 2 1.8, 1° with an SNR at which a particular algorithm

achieves resolution probability of 1 &tahgular separation.
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Fig. 4.9 Resolution probability versus angular separat@rd@SA, PSO,
MUSIC, Capon and ESPRIT algorithms.

Figure 4.9 shows the resolution probabdiié all these algorithms as a function of
separation angle between sources. The results staaWGSA performs best among all the
algorithms and proves to detect the incoming signtd narrow angular separation. Thus,
GSA can accurately and precisely detect the incgnsignals and found to be a
appropriate DOA estimation technique for deterntiaisignals.



4.3 ML DOA estimation using PSO in multipath channel environment

In this section the direction of incoming signate estimated in multipath channel
environment using PSO by optimizing SML functiordahe results are compared with
well known MUSIC, Capon and ESPRIT algorithni$ie simulations are carried out in
three different scenarios that are uncorrelatedjatigt correlated and coherent channel
environment. All the simulation experiments arefgpened over 100 Monte-Carlo trials.
The parameters used in PSO algorithm are summarnzedle 4.2.

Table 4.2 PSO parameters for stochastic ML DOA estimation.

Parameter Description Values
N Population size 30
d Dimension of the search space 2,3
tmax Maximum iteration 1000
Start weight=0.9
w Weight End weight=0.5
C1 Cognitive coefficient 2
C2 Social coefficient 2

4.3.1 Scenario 1: Uncorrelated signal environment

In the first scenario, we consider that two eqo@aiver sources impinge the 10
element ULA from 40 and 44. The incoming signals are random in nature and
uncorrelated with each other and the noise is medand uncorrelated from sensor to
sensor and with the signals. The total number apshots considered are 100 and the SNR
is varied from -15 dB to 30 dB with the step sifel dB. Figures 4.10 and 4.11 show the
DOA estimation RMSE and resolution probability afsiaction of SNR for PSO, ESPRIT,
MUSIC and Capon algorithm.

The simulation results show that ML-PSO algoritlginows better statistical
performance than MUSIC, Capon and ESPRIT algoritihiow SNR region. This verifies
the suitability of ML-PSO algorithm over high restbn techniques to detect closely
spaced sources.
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In order to investigate the resolution capabgitief these algorithms we have

simulated all these algorithms with varying angueparation. In the previous simulation,



the two sources have angular separatior’ oléw we have simulated all these algorithms
with an angular separation of 3.5°, 2.5, 2°, 1.8, 1° with an SNR at which a particular

algorithm achieves resolution probability of 1 3égular separation.
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Fig. 4.12 Resolution probability versus angular separat@rPSO, MUSIC,
Capon and ESPRIT algorithms in uncorrelatezhakl environment.

Figure 4.12 shows the resolution probability dftlaése algorithms as a function of
separation angle between sources. ML-PSO and ES$RW best performance among all
these algorithms, but ESPRIT achieves the samduti&so probability as achieved by
ML-PSO at higher SNR value of 7 dB in comparisonP®O of 5 dB. Thus, ML-PSO
performs best in terms of resolving closely spasmmgtces.

4.3.2 Scenario 2: Partially correlated signal environment

In the second scenario, we consider a multipatir@mment in which two partially
correlated equal power sources impinge the 10 elerddA from 40 and 44. The
correlation coefficient between the two partiallyrrelated sources is kept 0.8. The total
number of snapshots that are considered in simualaie 100 and the SNR varies within
the range [-15 dB to 30 dB] with a step size oBl Higures 4.13 and 4.14 demonstrate the
DOA estimation RMSE and the resolution probabildgfy PSO, MUSIC, Capon and



ESPRIT algorithms. The results show that ML-PSQresbr gives better performance in
partially correlated environment within the largage of SNR. This proves that ML-PSO

is a optimal technique for multipath channel envimeznt.
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Fig. 4.13 DOA estimation RMSE versus SNR for PSO, MUSIC, @epnd ESPRIT
algorithms in partially correlated channel ieowment.
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The resolution probability of algorithms are aiswestigated in partially correlated
environment. Simulations are carried out in varyamgular separation of §.between 49
and 44 with an SNR at which a particular algorithm achgvesolution probability of 1 at
4° angular separation. Figure 4.15 shows the resoluprobability versus angular

separation of all the algorithms.
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Fig. 4.15 Resolution probability versus angular separatiaines for PSO, MUSIC,
Capon and ESPRIT algorithms in partially ctatesd channel environment.

Simulation result verifies that ML-PSO based DOgtireation gives best results
among all other algorithms at minimum SNR. Thus,-RRO possesses the best capability
to identify closely spaced sources in partiallyretated environment.

Now in order to analyze the effect of varying etaition between the impinging
signals, the performance of the Capon, MUSIC, ESP&ild ML-PSO DOA estimation
techniques is evaluated at different values ofetation coefficients ranging from 0.1 to
0.9 with a step size of 0.1. In this simulation twarrowband signals are assumed to
impinge on a 10 element ULA from %@nd 44. Figures 4.16-4.18 show the variation of
RMSE with SNR for Capon, MUSIC and ESPRIT algorithmt different values of
correlation coefficient. The simulation results whthat RMSE of Capon, MUSIC and
ESPRIT algorithm for 0.1 correlation coefficientosés a sudden dip around 17 dB, 8 dB
and -2 dB. The RMSE of all the algorithms decreasgh an increase of SNR and



correlation coefficient. Thus, the results showt tiath the variation of correlation

coefficient ESPRIT algorithm gives better resuftart Capon and MUSIC algorithm.
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Figure 4.19 show the simulation results for ML-P88imator and RMSE curve
shows a sudden dip at -8 dB for 0.1 correlationffaoent. Thus, the simulation result
shows that ML-PSO estimator gives almost same pugnce in varying partially
correlated channel environment whereas conventioaljorithms suffers from
deterioration in performance with increasing catieh coefficient.

Considering the stochastic nature of the ML-PS@mador mean and standard
deviation (SD) of RMSE at different correlation ffagent is determined for all values of
SNR ranging from -15 dB to 30 dB. Figure 4.20 shales variation of SD of RMSE at
different correlation coefficient for all values &N\R. The results show that there is a
variation in SD up to 4 dB and after that the S@pproximately zero.

Next, the performance of all four DOA estimatidgaaithms as considered above
are analyzed with varying correlation coefficieabging from 0.1 to 0.9 at an RMSE of 1
degree in order to estimate the required valueNiR.SThe Capon, MUSIC and ESPRIT
algorithms are deterministic in nature, thus tHeMSE can be directly analyzed from
figures 4.16-4.18. ML-PSO estimator is a stochaatgorithm, thus the mean value of
RMSE is calculated for different correlation coefint at a particular value of SNR.
Figure 4.20 shows the performance comparison of ,A80SIC, Capon and ESPRIT
DOA estimation algorithms.
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The simulation result as shown in figure 4.21 shdat as the value of correlation
coefficient increases, the SNR required to maineeiRMSE of 1 degree proportionally
increases. Capon algorithm requires highest valu&MR while ML-PSO estimator
requires minimum value of SNR to maintain a RMSELafegree as compared to Capon,
MUSIC and ESPRIT algorithms.

4.3.3 Scenario 3: Coherent signal environment

In the third scenario, we consider multipath clerenvironment in which three
coherent sources impinging the 10 element ULA f&dh) 3@, 4F relative to the end-fire.
The attenuation coefficient of the three coherentrses are 1, (0.4+0.8)), (-0.5-0.7j). The
total number of snapshots are 100 and the SNRrisdvan the range of [-15 dB 30 dB]
with a step size of 1 dB. Figure 4.22 shows thauktion results of RMSE for all the four
PSO, MUSIC, Capon and ESPRIT algorithms.

The simulation results show that in ML-PSO aldortwith an increase of SNR the
RMSE decreases, while other techniques fail toregé the DOA of incoming signals and
shows that their RMSE remains constant in the whalgge of SNR. Thus, ML-PSO
approach proves to be a good alternative to eiggectare methods in multipath channel

environment.
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In the sections 4.1-4.3 dealing with DOA estimatithe simulation results
of conventional DOA estimation techniques, DOA mastion based on DML
method using GSA and DOA estimation based on SMibguBSO were discussed.
The simulation results show that in narrow and waggular separation MUSIC
algorithm shows better results than Bartlett angddaalgorithm. The performance
of the algorithms are judged on the basis of va@r@ntenna elements, varying SNR
and varying number of snapshots for wide angulgrasdion. The simulation
results show that MUSIC algorithm gives better lssthan Root-MUSIC and
ESPRIT algorithms. The direction of deterministiPeEK signals are evaluated by
optimizing non-linear function using metaheurisépproaches. The simulation
results show that GSA gives better results in teocheRMSE and resolution
probability than PSO and conventional techniqudse @irection of signals are
found in multipath channel environment by optimgitomplex multimodal
function using PSO. The simulation results showt #Ma-PSO algorithm gives
good statistical performance and resolution prdlgbithan conventional

techniques even for narrow angular separationaarnng signals.



4.4 Performance analysis of adaptive beamfor ming algorithms

In this section the performance of ABF algorithar® discussed. In the first
simulation of beamforming algorithms, a comparatstady of LMS, SMI, and RLS
algorithm is presented. The beampattern of thegeritims are judged based on the
variation of antenna elements. We have considdmegetsignals, one desired and two
interfering signals with DOA of ¥ -40° and 60. The number of antenna elements are
chosen as{8, 12, 16}. The noise variance is 0.@p size for LMS algorithm is 0.02 and
the number of snapshots are 100.
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Fig. 4.23 Normalized array factor plot for LMS algorithm.

Table 4.3 Variation of antenna elements for LMS algorithm.

SI.No. Antenna Beamwidth Maximum Sidelobe Maximum
Elements  (Degree) Level (dB) Null Depth(dB)

1. 8 13.26 -12.91 -39.99

2. 12 8.527 -13.6 -44.46

3. 16 6.465 -13.91 -59.9
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Table 4.4 Variation of antenna elements for SMI algorithm.

SI.No. Antenna Beamwidth Maximum Maximum
Elements  (Degree) Sidelobe Null Depth(dB)
Level (dB)
1. 8 13.4 -9.376 -46.54
2. 12 8.2 -11.57 -54.24
3. 16 6.3 -13.17 -64.7

Table 4.5 Variation of antenna elements for RLS algorithm.

SI.No. Antenna Beamwidth Maximum Maximum
Elements  (Degree) Sidelobe Null Depth(dB)
Level (dB)
1. 8 14.1 -9.631 -49.48
2. 12 9.8 -10.2 -53.06
3. 16 6.178 -12.4 -54.34

Figures 4.23-4.25 and tables 4.3-4.5 show thetran of the beamwidth, side lobe
level and maximum null depth with the variation aftenna elements. The normalized
array factor plots for LMS, SMI, and RLS algorithndicate that the beamwidth, side lobe
level and null depth decreases with the increasthennumber of array elements. The
variation of beamwidth and side lobe level with tinerease in antenna elements is
approximately same for all three algorithms. Thel @Morithm shows more null depth as
compared to LMS and RLS algorithm.

In the second simulation, a comparative study MSL. RLS and CM ABF
algorithms based on their rate of convergenceeaseamted. These algorithms are iterative
beamforming algorithms where weights are updated sample by sample basis. Thus,
convergence rate is an important parameter for exagitheir performance. In this case,
we have considered one desired and two interfegiggals impinging on an array of 10
elements with DOA of 9 -20 and 46. The noise variance is 0.01, step size for LMS and
CM algorithm is 0.05, forgetting factor for RLS alghm is 0.9 and number of snapshots
are 100.
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Figures 4.26-4.28 show normalized array factot phd mean square error plot for
LMS, CM and RLS algorithms. It can be observed fribra simulation results that the
variation in mean square error of LMS and CM alyon is more than the RLS algorithm.
CM algorithm is less stable than the LMS algoritvimch indicates that the CM algorithm
is more sensitive to the step size parameter. lirhits the usefulness of the CM algorithm
in the dynamic environment where the channel cast are rapidly changing. RLS
algorithm has the best error performance and itw&mence rate is typically an order of
magnitude faster than the LMS algorithm. Thus, Rdl§orithm is a best choice in the
applications where fast tracking is required.

Thus, through simulation results of ABF algorititmman be concluded that with the
increase in number of array elements the beamrpattearacteristics improves and the
RLS algorithm has the best convergence rate amdffg &nd CM algorithms. Although, a
comparison is done between different beamformiggréhms based on their beampattern
characteristics and convergence rate, but withedsfit signal formats, transmission
schemes, channel conditions and operational regeines like hand-offs, it is difficult to

compare all these algorithms on a single account.



4.5 Adaptive beamfor ming using GSA

In this section, the problem of ABF for lineartemmas array is modeled as an
optimization problem. The GSA is used for calcugtihe optimum weights by optimizing
the fitness function of eq. (3.125) for ABF suchttinajor lobe is directed in the direction
of desired signal and nulls are formed in the dioec of interfering signals. In this
simulation a desired signal and several interfersagnals from different angles are
assumed to impinge on ULA at respective DOA retativ the broadside of the array. All
the signals are uncorrelated with each other. Tpimazation algorithm is applied to
calculate weights of linear arrays with differenbwer levels so as to analyze the
effectiveness of the algorithm.

The beamforming problem is a real time problensttihe optimization algorithm is
investigated in terms of its rate of convergendae Tonvergence graph of mean fitness

value versus number of iterations of GSA is showfigure 4.29.

Mean Fitness value plot for GSA
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Fig. 4.29 Mean convergence plot of proposed GSA for ABF.

The convergence plot shows that the algorithmahfast rate of convergence and it
achieves better mean fitness values. The plotigsrihat the algorithm converges before
100 iterations. Thus, due to the fast convergemte GSA is found to be a suitable
algorithm for beamforming. In the simulation, thici&ferent scenarios are studied with an
SNR of 30 dB, 15 dB and 50 dB and the results arapared with well known robust
MVDR ABF algorithm. Table 4.9 shows the parametesed in GSA for ABF with and
without SLL reduction at certain angular region.



4.5.1 Scenario 1. Normal SNR case (30 dB)

In the first scenario, one desired signavas at the 10 element ULA from %and
eight interfering signals arrives from %@, -30°,-10°,0°,.10°,5¢°, 70 with an SNR of

30 dB.

Beamforming based on Minimum Variance algorithm and GSA
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Fig. 4.30 (a) Linear plot (b) Polar plot for first scenadbbeamforming

usingGSA and MVDR algorithrr

Figure 4.30 shows the radiation pattern and tdlieshows the weights for MVDR

and GSA algorithm for the first scenario.

Table 4.6 Estimated weights of first scenario of beamforming
using GSA and MVDR algorithm.
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Wasa

© 00 N o 0o A W N P

10

0.35245 - 0.22679j
0.017253 + 0.40491;
-0.75025 + 0.15175]
-0.22043 - 0.89979]

1.0
0.34232 + 0.93958;
-0.92089 + 0.10091;]
-0.11425 - 0.75687]
0.38635 - 0.1224;
-0.092439 +  0.4088;

0.41076 + 0.015865]
-0.05278 + 0.50937]
-0.83341 - 0.026849j
-0.070759 - 1.0572]
1.0
0.24772 + 1.0665]
-0.87421 + 0.15384j
-0.11762 - 0.66439]
0.37239 - 0.19029;
-0.081946 + 0.19331]




4.5.2 Scenario 2: Low SNR case (15 dB)

In the second scenario, one desired signal arevéise 10 element ULA from 30
and eight interfering signals arrives from 2780°,-30°,-10°,0°,1¢°,50°, 70 with an SNR of

15 dB.

Beamforming based on Minimum Variance algorithm and GSA
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Fig. 4.31 (a) Linear plot (b) Polar plot for second scenaf®eamforming

usinaGSA and MVDR alaorithrr

Figure 4.31 shows the radiation pattern and tdldeshows the weights for MVDR

and GSA algorithm for the second scenatrio.
Table 4.7 Estimated weights of second scenario of beamfaymin
using GSA and MVDR algorithm.
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0.35407 - 0.22629;
0.018068 + 0.407]

-0.75082 + 0.15166]
-0.21946 - 0.90085;j
1.0

0.34045 + 0.94026]
-0.92175 + 0.10035]
-0.11301 - 0.7576j
0.38884 - 0.12158;

-0.092227 + 0.40996;

0.52486 - 0.041515j
0.0073994 + 0.5335j

-0.91186 + 0.035403]
-0.16494 - 1.113]
1.0
0.32004 + 1.0984]
-0.8547 + 0.12385;
-0.071041 - 0.67482
0.34309 - 0.17439j
-0.18896 + 0.21582]




4.5.3 Scenario 3: High SNR case (50 dB)
In the third scenario, one desired signal arriveae 10 element ULA from 3Gand
eight interfering signals arrives from %@d,-30°,-10,0°,1,5¢°, 7 with an SNR of

50 dB.

———— MVDR

GSA

a
5
\\.
\
]
-

Amay Factor /dB

& g
1
J/
T

-50

-60

-20 0 20 10 60 80
Angle 8/degree

(@)

Minimum Variance and GSA Radiation Pattern

90 =——= MVDR
1 ——GSA

Normalized Array Gain
®
2

270

Angle{Degrees)

(b)

Fig. 4.32 (a) Linear plot (b) Polar plot for third scenaobbeamforming

using GSA and MVDR algorithm.

Figure 4.32 shows the radiation pattern and tdl8eshows the weights for MVDR
and GSA algorithm for the third scenario.

Table 4.8 Estimated weights of third scenario of beamforming
using GSA and MVDR algorithm.
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0.3524 - 0.22681]
0.017227 + 0.40484]
-0.75023 + 0.15175;]
-0.22046 - 0.89976]
1.0

0.34238 + 0.93956j
-0.92086 + 0.10093]
-0.11429 - 0.75684]
0.38627 - 0.12243j
-0.092446 + 0.40876]

0.43822 + 0.0850109]
-0.069042 + 0.54307
-0.86553 - 0.076036j
-0.033305 - 1.11;
1.0
0.22525 + 1.108;
-0.85816 + 0.1675i
-0.11475 - 0.63695]
0.36534 - 0.2098]
-0.088023 + 0.1292]




Table 4.9 Parameters of GSA algorithm.

Parameter GSA
Population size 30
Dimension of the search space 9,10
Maximum iteration inaxit) 1000
Initial value of gravitational constant g 100
Gradient constant (alpha) 20
Zero offset constane} 2.22e-16

The simulation results show that both the algang direct the major lobe in the
direction of desired user and nulls in the direciod interfering signals. However, the GSA
algorithm presents better SLL as compare to MVDgdraghm. But, in order to achieve
specific value of SLL at certain angular regiorspecific function of SLL must be added

to the fitness function.
4.6 Adaptive beamfor ming with reduced SLL using GSA

In this section the problem of ABF which is a loagquirement of smart antenna
technology is modeled such that the major loberanits are not only controlled but also
the specific value of SLL is achieved in the radmtpattern. The complex weights which
controls the beampattern of linear array are catedl by optimizing the function in
eg. (3.126) using GSA. The SLL are calculated bynoiping the function corresponding
to the side lobes and the angle of the array faefmresents the angle corresponding to the
angle of side lobes. The parametets y, which balance the minimization of two terms in
the complex expression of eq. (3.126) are randachlysen so as to obtain the desired
radiation pattern with reduced side lobes. The G®¥sn't need the knowledge of
interference correlation matrix but only need theowledge of direction of incoming
signals in order to steer the main lobe towarddmred user and nulls in the direction of
interfering signals. The direction of incoming sadm are calculated using any of the
techniques discussed in the previous section of @&#nation.

Four different scenarios are considered in thidice with different number of
interference signals and different power levelsadélitive zero-mean Gaussian noise to
compare results with the results reported earleZ &haris et al.( 2012, a, ¢). In the first
two scenarios, three and in the last two scenavie interference signals which are

uncorrelated with each other are considered toriggoon the linear array.



4.6.1 Scenario 1: Onedesired and threeinterfering signalsat an SNR of 10 dB

In the first scenario, 9 element ULA receives desired signal arriving at -1and

three interference signals arriving at 2580, 46’with an SNR of 10 dB.
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Fig. 4.33 (a) Linear plot (b) Polar plot for first scenadbbeamforming
with reduced SLL using GSA and MVRRorithm.

Figure 4.33 shows the radiation pattern and tabil® shows the weights for
MVDR and GSA algorithm for the first scenario.

Table 4.10 Estimated weights of first scenario of beamforming
with reduced SLL using GSA an¥DR algorithm.

m WMVDR Wesa

1 -0.056779 - 0.46736] -0.0087043 - 0.38329j
2 -0.62684 - 0.17644] -0.54208 - 0.23461]
3 -0.32364 + 0.44325j -0.46449 + 0.42195j
4 0.19468 + 0.79576] 0.17684 + 0.88336j
5 1.0 1.0

6 0.19468 - 0.79576j 0.18943 - 0.86948j
7 -0.32364 - 0.44325j -0.45735 - 0.47684]
8 -0.62684 + 0.17644j -0.54934 + 0.23428j
9 -0.056779 + 0.46736j 0.023335 + 0.37018j




4.6.2 Scenario 2 Onedesired and threeinterfering signalsat an SNR of 10 dB

In the second scenario, 9 element ULA receivesdasired signal arriving at -14
and three interference signals arriving af’;31°, 44’ with an SNR of 10 dB.

Beamforming based on Minimum Variance algorithm and GSA with reduced SLL
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Fig. 4.34 (a) Linear plot (b) Polar plot for second scenafibeamforming
with reduced SLL using GSA aMUDR algorithm

Figure 4.34 shows the radiation pattern and tabl® shows the weights for
MVDR and GSA algorithm for the second scenario.

Table 4.11 Estimated weights of second scenario of beamfagmin
with reduced SLL using GSA an¥ DR algorithm.

m WmVDR WaGsa

1 -0.067525 + 0.43092j 0.038927 + 0.16368j
2 0.42449 + 0.50037] 0.42803 + 0.30802j
3 0.92929 + 0.43968j 0.64103 + 0.3452j
4 0.80484 + 0.039045j 1.0735 + 0.13422j
5 1.0 1.0

6 0.80484 - 0.039045j 0.87202 - 0.34468;
7 0.92929 - 0.43968; 0.5086 - 0.20691;

8 0.42449 - 0.50037j 0.16986 - 0.26878;
9

-0.067525 - 0.43092] 0.059872 + 0.031493j




4.6.3 Scenario 3 Onedesired and fiveinterfering signals at an SNR of 10 dB

In the third scenario, 9 element ULA receives dasired signal arriving from -22
and five interference signals arriving from 24%°, 36°, 47, 59 with an SNR of 10 dB.

Beamforming based on Minimum Variance algorithm and GSA with reduced SLL
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Fig. 4.35 (a) Linear plot (b) Polar plot for third scenaabbeamforming
with reduced SLL using GSA and MVRRorithm.

Figure 4.35 shows the radiation pattern and tabil® shows the weights for

MVDR and GSA algorithm for the third scenario.

Table 4.12 Estimated weights of third scenario of beamforming
with reduced SLL using GSA an¥R algorithm.

m WMVDR Wesa

1 -1.0551 + 0.17039j -0.3299 + 0.033961;

2 -0.96789 + 1.0791j -0.34126 + 0.47771]

3 0.13351 + 1.7829; 0.011475 + 0.87807]
4 1.1538 + 1.1583] 0.83697 + 0.72181]

5 1.0 1.0

6 1.1538 - 1.1583j 0.79725 - 0.7355j

7 0.13351 - 1.7829j -0.00096732 - 0.83001;
8 -0.96789 - 1.0791j -0.33192 - 0.43911j

9 -1.0551 - 0.17039j -0.27452 - 0.019345j




4.6.4 Scenario 4 Onedesired and five interfering signals at an SNR of 30 dB

In the fourth scenario, 9 element ULA receiveseaird signal arriving from 9
and five interference signals arriving from 26@1@, 19, 2&, 4@ with an SNR of 30 dB.
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Fig. 4.36 (a) Linear plot (b) Polar plot for fourth scenaobbeamforming
with reduced SLL using GSA and MVR2Rorithm.

Figure 4.36 shows the radiation pattern and tabl8 shows the weights for
MVDR and GSA algorithm for the fourth scenario.

Table 4.13 Estimated weights of fourth scenario of beamfognin
with reduced SLL using GSA and MR Rlgorithm.

m WMVDR Wesa

1 -1.1799 + 0.47872j -0.30134 + 0.055405j
2 -0.7345 + 1.2544;j -0.2088 + 0.50954;j
3 0.34361 + 1.8366j 0.052456 + 0.83488;j
4 1.3781 + 1.3247] 0.91466 + 0.70145j
5 1.0 1.0

6 1.3781 - 1.3247j 0.90733 - 0.71886j
7 0.34361 - 1.8366j 0.049442 - 0.828;
8 -0.7345 - 1.2544 -0.21948 - 0.51843j
9

-1.1799 - 0.47872j -0.30212 - 0.044711]




The simulation result shown in figures 4.33-4.3@ tables 4.10-4.13 demonstrate
that optimal weights calculated by GSA and MVDRaaithm provides sufficient steering
ability of the main lobe towards desired signal gmwdduce nulls in the direction of
interfering signals. The weight vectors of GSA proel radiation pattern with lower SLL
as compared to MVDR algorithm. The weight vect@r® normalized with respect to the

centre element of the array.

Table 4.14 Comparison of angular deviation and SLL valueM¥DR, MBPSO and

GSA algorithm.
No.of array  No. of Interfering SNR  AB@,uin AOnuu SLL
elements signals (degree) (degree)  (dB)
Scenario 1
MVDR 9 10 0.2 0.7 -12.23
MBPSO 9 10 0.33 0.75 -16.73
GSA 9 3 10 0 1.5 -25.789
Scenario 2
MVDR 9 10 0.1 0.4 -11.922
MBPSO 9 10 0.329 0.752  -13.614
GSA 9 3 10 0.1 1.5 -23.239

Table 4.15 Comparison of angular deviation and SLL valueM¥DR, ADIWO and
GSA algorithm.

No.of array No. of Interfering SNR  A@,uin ABnun SLL
elements signals (degree) (degree) (dB)
Scenario 3
MVDR 9 5 10 0.6 0.8 -12.396
ADIWO 9 10 0.64 0.2 -15.96
GSA 9 5 10 0.3 1.9 -15.704
Scenario 4
MVDR 9 5 30 0.8 0.10 -10.113
ADIWO 9 30 1.5 0.18 -21.18

GSA 9 5 30 0.5 0 -26.641




Tables 4.14 and 4.15 show the angular deviatiah @&bL values for MVDR,
MBPSO trained by neural network, ADIWO algorithnda@SA. The stochastic nature of
GSA results in greater angular deviatidi®{,i;) of main lobe from its desired valégand
null deviation (A0, from their respective desired valg (n= 1,..., N) compared to
MVDR algorithm.

The simulation results show that the angular dmnaof main lobe of GSA is less
as compared to MVDR, MBPSO and ADIWO algorithms Iblé null deviation is
comparatively more as compared to all the othezettigorithms in all the four scenarios.
The results also verify that in the first threerso@s, where the SNR is 10 dB the angular
deviation of main lobe and the nulls are more whiléhe last scenario where the SNR is
30 dB, the angular deviation is less. Thus, it shakat with an increase of SNR, the
performance of the ABF techniques gradually impsoviehe GSA also shows more SLL
reduction relative to other three algorithms. Hinat can be concluded that GSA provides
sufficient steering ability regarding the main lodred the nulls, and achieves better SLL,
but there is a certain trade off in terms of mowd deviation in comparison to all other
three algorithms.

In the sections 4.4-4.6 dealing with beamformisgnulation results of ABF
algorithms were discussed. The results show thit thve increase of antenna elements the
beampattern characteristics improves. SMI algorigimaws maximum null depth among
LMS and RLS algorithm. RLS algorithm have the fasteate of convergence and is
suitable for tracking vehicles which are movinghwiiast speed. The GSA is used for ABF
and the results are compared with MVDR algorithime Tesults show that GSA steers the
main lobe in the direction of desired signal antsnim the direction of interfering signals
with reduced SLL.






CHAPTER S SUMMARY AND CONCLUSIONS

The present research work focuses on adaptivg aigaal processing algorithms
viz. DOA estimation and ABF algorithms for smarteamas. The present research work is
divided into five chapters. The first chapter dssed the present scenario of wireless
communication and the role of smart antenna in lese communication system. The
conventional adaptive array signal processing dlyos of smart antennas and their
limitations were discussed. The chapter introdubedmetaheuristic approaches and their
application in the field of adaptive array signabqessing. The second chapter presented a
brief literature review of DOA estimation and ABHRgarithms. It also reviewed the
metaheuristic approaches which are used in thisares work. The contribution of
researchers to estimate direction of narrow bagdass, solve pattern synthesis and ABF
problems using metaheuristic approaches and otiftc@mputed techniques were briefly
discussed. The research gaps were identified oewag the literature in the field of
array signal processing and the objectives foptiesent research work were formulated.

The third chapter introduces the data model aedgnts a step wise description of
all the developed adaptive array signal procesalggrithms. All the three categories of
DOA estimation viz. spectral estimation methodgyeri structure methods and ML
techniques were briefly discussed. A comparisorD&fA estimation algorithms with
neural network approach for DOA estimation was mddee conventional beamforming
algorithms were addressed and compared with neetalork based ABF algorithm. The
different classes of optimization techniques vilassical and metaheuristic approaches
were presented and a brief introduction to MATLA®It used in the simulation was
addressed. The last section of the chapter disdubgemethodology of present research
work.

The fourth chapter presented and discussed thealaion results of DOA
estimation and ABF algorithms. The simulation resshiows that MUSIC algorithm
accurately estimate the direction of incoming signtor narrow and wide angular
separation of incoming signals. The performance cohventional DOA estimation
techniques viz. MUSIC, Root-MUSIC and ESPRIT altjoris improves with the increase
in number of array elements, SNR and number ofgmatp. GSA accurately and precisely

estimates the direction of deterministic BPSK signas compared to PSO and



conventional approaches. PSO algorithm estimageslitlection of signals in uncorrelated,

partially correlated and coherent channel enviramiEhe radiation pattern characteristics

of LMS, SMI and RLS algorithm improves with the iease in number of array elements.

RLS algorithm has the fast rate of convergence. GI$A produces beampattern with

reduced SLL as compared to MVDR and previous reporesults. The present fifth

chapter summarizes, concludes and proposed theefutork in the field of array signal

processing in smart antennas.

Findings and Conclusions

1.

The eigen structure based DOA estimation technigiess better resolution than
spectral estimation techniques. The simulationltesthow that MUSIC algorithm
is more accurate than Bartlett and Capon algorltbth in case of narrow and wide

angular separation.

The performance of MUSIC, Root-MUSIC and ESPRIToalym improves with
increase in number of antenna elements, SNR antbeuof snapshots.

The simulation results show that MUSIC algorithnoy@as to be more robust and
stable than Root-MUSIC and ESPRIT algorithms haviagerror reduced to zero
above 12 array elements, above 20 dB SNR and aBo®esnapshots for wide

angular separation of %nd 1.

The direction of deterministic BPSK signals are enaccurately determined using
metaheuristic approaches, GSA and PSO algorithropbiynizing DML function
specially in low SNR region. The simulation resutgify that GSA gives better
performance than PSO and other conventional appesaddke MUSIC, Capon and
ESPRIT algorithm for narrow angular separation magdgrom 4 to 1° with a step
size of 0.8, GSA algorithm accurately and precisely estimates direction of

deterministic signals.

The direction of random signals with narrow angsieparation ranging fronf 40

1° with a step size of 0°%are more precisely determined by optimizing SML
function using PSO algorithm. PSO algorithm give$tdr statistical performance
than conventional approaches in estimating diractdd incoming signals for
uncorrelated, partially correlated and coherenthokbenvironment.



6. The performance of Capon, MUSIC, ESPRIT and PSOrittgns are evaluated at
different correlation coefficient. The RMSE of P®@sed ML estimator decreases
at -8 dB while RMSE for Capon, MUSIC and ESPRIT rdeses at 17 dB, 8 dB
and -2 dB. The performance of DOA estimation akhpons are analyzed with
varying correlation coefficient ranging from 0.1 @® at an RMSE of 1 degree.
The ML-PSO estimator achieves 1 degree of RMSE iainmmm SNR among

conventional algorithms.

7. The performance of LMS, SMI and RLS ABF algorithare analyzed in terms of
beampattern characteristics viz. beamwidth, maxingich and maximum null
depth and the simulation results show that therfopmance improves with the

increase in the number of array elements.

8. The variation of beamwidth and SLL is approximategme for LMS, SMI and
RLS algorithm. The SMI algorithm shows more nulptteas compared to LMS
and RLS algorithm.

9. RLS algorithm has the best rate of convergence gnidiS and CMA having its
MSE reduced to zero above approximately 20 itematiand is the best choice in

the applications where fast tracking is required.

10. The GSA shows fast rate of convergence havingits eeduced to zero above 30
iterations, which is an essential requirement f&FAThe algorithm optimizes the
single objective function and accurately directgankbbe and nulls in the direction
of desired user and interfering signals and resnlteduced SLL as compared to
MVDR algorithm.

11. The antenna array weights obtained for beamforringptimizing multi-objective
function using GSA produce radiation pattern witduced SLL at certain angular
region as compared to MVDR, MBPSO and ADIWO aldons. GSA shows
sufficient steering ability regarding main lobe ahd nulls but there is a trade off

in terms of more null deviation as compared to otheee algorithms.

Scope of Futurework

The present research work covered various aspeatsay signal processing which

includes different approaches for DOA estimatiod &BF. But still their remains certain



opportunities to extend the scope of this thesigkwio this research work, the direction of
incoming signals and weights for beamforming ateveded for linear arrays. The work
can be extended for circular arrays, two-dimendioamad three-dimensional array
geometries. The performance of DOA estimation aBdr Algorithms can be analyzed in
the presence of modulated, jamming signals andomstantly changing environment
conditions. The field of Al is growing at an expatial rate with the development of new
NN structures, fuzzy rules and optimization techiesj New metaheuristic approaches
such as coral reef algorithm, bee colony algoritlwat, swarm algorithm and monkey
algorithm, etc. can also be explored for obtaingigbal optimum solution for DOA
estimation and ABF problems. Recurrent neural ndewWBNN) with reduced structural
complexity can be incorporated for DOA estimatiamd aABF. Adaptive neuro-fuzzy
inference system (ANFIS) may be explored to getebetobustness to the DOA and
beamforming algorithms. The optimization capalastiof GSA can be combined with
neural network for ABF. The generalization capaiesi of GSA trained artificial neural
network and with the advancement in the digitalcwir technology, real time
implementation of ABF with reduced SLL can be perfed using field programmable

gate arrays (FPGA's).
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ABSTRACT

Adaptive antenna is an array of antenna elements with signal processing capability to optimize its
radiation pattern in response to the changing signal environment. The adaptive antenna improves
the performance of wireless communication by increasing channel capacity and spectrum
efficiency, and reduces the cost for establishing new wireless networks. Adaptive antenna aims at
increasing the gain in the direction of desired user and direct nulls in the direction of interfering
signals. It involves processing of signals induced on an array of antennas that can estimate the
direction of radiating sources and calculate optimum weights for adaptive beamforming. This paper
presents a performance evaluation of different direction of arrival (DOA) estimation and adaptive
beamforming (ABF) algorithms. The simulation results show that multiple signal classification
(MUSIC) algorithm provides more accurate and stable results among other DOA estimation
techniques while recursive least square (RLS) algorithm shows the fastest convergence rate among
other beamforming algorithms. In order to reduce the computation complexity and to increase the
convergence speed, the problem of DOA estimation and ABF are approached as a non-linear
mapping which can be modelled using a suitable neural network. Artificial neural intelligence
provides best solution for real-time implementation of beamforming algorithms in practical
systems. The capabilities of adaptive antenna are easily employable to cognitive radio and
orthogonal frequency division multiple access (OFDMA) system.

KEYWORDS
ABF; adaptive antenna; DOA;
MUSIC; OFDMA; RLS

1. INTRODUCTION (FDMA), and code division multiple access (CDMA)
technologies in order to provide the latter with the addi-
tional ability of identifying a single user with its unique
spatial signature [3]. Adaptive antennas were first intro-
duced in 1960s and initially deployed in military com-
munication systems, where narrow beams are used to

avoid interference from noise and jamming signals.

The field of wireless communication has shown a rapid
growth in the recent past, which requires higher channel
capacities and data rates to satisfy increasing demand of
smart phones, tablets, ipads, and other electronic gadgets.
The increasing demand of these services without a corre-
sponding increase in radio frequency (RF) spectrum allo-

cation motivates the need for new techniques to improve  The researchers extended the concept of adaptive anten-
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spectrum utilization. Joseph Mitola first proposed the
concept of cognitive radios [1] in 1998 that autonomously
coordinate the usage of spectrum. They identify radio
spectrum when it is unused by the incumbent (primary,
license holding) users and use this spectrum in an intelli-
gent way based on spectrum observation. Another
approach which has shown promise in terms of capacity
improvement is the use of adaptive array antenna [2].
This antenna has the capability of spatial filtering by
steering its beam towards the direction of interest and
placing nulls in the direction of interfering signals.

This outcome is achieved by proper weighting of each
received signal according to an adaptive algorithm. This
concept is called space division multiple access (SDMA).
It is used in conjunction with time division multiple
access (TDMA), frequency division multiple access

© 2016 IETE

nas in wireless communication which offers many
advantages like improvement in bit error rate (BER) and
network throughput and reduction in fading due to mul-
tipath propagation [4], but it could be best explained by
words of Andrew Viterbi, a pioneer in the global spread
of wireless communication, “Spatial processing remains
as the most promising, if not the last frontier, in the evolu-
tion of multiple access systems” [5].

Signal processing stage allows the antenna beam pattern
to adapt to the changing RF environment. Signal proc-
essing combined with antenna array produces a directive
beam that can be scanned electronically by varying the
excitation of the individual elements. The objectives of
the signal processing stage are estimation of the direction
of arrival (DOA) estimation of all the impinging signals
and the calculation of appropriate weights to steer the
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Abstract— Direction of Arrival (DOA) estimation is an
important problem in the field of array signal processing. There
are many spectral and eigen structure algorithms for estimating
direction of narrow band sources. Maximum Likelihood (ML)
method is an efficient DOA estimation technique compared to
other eigen structure based methods mainly due to its superior
statistical performance. In this paper, we use Gravitational
Search Algorithm (GSA) to find deterministic ML solution by
optimizing a complex nonlinear multimodal function over a high
dimensional space in linear arrays. Simulation results show that
GSA algorithm gives better performance at lower SNR compared
to other heuristic approaches like Particle Swarm Optimization
(PSO) and conventional methods like Capon, MUSIC and
ESPRIT. The performance of the algorithms are judged in terms
of Root Mean Square Error (RMSE) and probability of
resolution.

Keywords— Direction of Arrival, Maximum likelihood, GSA,
PSO, MUSIC, Capon, ESPRIT, RMSE.

I. INTRODUCTION

In the field of sensor array signal processing, direction of
arrival estimation of narrow band plane waves has been a
major area of research due to its widespread applications in
radar, sonar, seismic exploration, electronic surveillance and
mobile communication. The field of wireless communication
has shown a tremendous growth in recent past by employing
adaptive antennas which increases the channel capacities and
network throughput. These antennas require efficient DOA
estimation algorithms for adaptive beamforming.

Several high resolution algorithms, such as multiple signal
classification (MUSIC) [1], the minimum variance method of
capon [2], estimation of signal parameters via rotational
invariance technique (ESPRIT) [3], and many more have been
proposed [4]. In [5], authors made a review and comparison of
all related DOA estimation techniques. However, in multipath
propagation environment where highly correlated or coherent
sources are present, these high resolution algorithms fail, since
they inherently require the signals to be uncorrelated or lowly
correlated. In order to resolve coherency problems, various
effective techniques have been developed [6]. Another
limitation of these eigen structure based algorithms are that
they perform better in high signal to noise ratio (SNR)
environment.
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DOA estimation techniques can be categorized on the
basis of the data analysis into three categories, spectral
estimation methods, eigen structure methods and ML
techniques. The ML method is a standard technique in
statistical estimation theory. This method gives superior
statistical performance compared to other methods when the
SNR is small, the number of samples are small and the sources
are coherent. Initially, a parametric data model is specified and
a likelihood function is formulated from the sampled
data [7]. The ML estimate is computed by maximizing the
likelihood function or minimizing the negative likelihood
function with respect to all unknown parameters, which may
include the source DOA's, the signal covariance and noise
parameters. Due to large computational burden direct
maximization of multimodal nonlinear likelihood function
over the large parameter space is unrealistic. Thus, different
optimization techniques have been considered to jointly
estimate source DOA's and other parameters over a high
dimensional space.

Many researchers have proposed different optimization
techniques to optimize ML function. Alternating projection
[8], simulated annealing [9] and data supported grid search
[10] algorithm optimize ML function but they cannot
guarantee global convergence. In [11], author proposed a
modified and refined genetic algorithm to find exact solution
of ML function for linear and circular arrays. Particle swarm
optimization proposed by Kennedy and Eberhart [12] has
already been used as a global optimization technique for DOA
estimation [13, 14] and the algorithm also shows robust
performance for estimating direction of incoming source in
coloured noise fields [15]. In [16], author proposed bacteria
foraging optimization (BFO) for accurate DOA estimation in
circular arrays. In [17], author proposed GSA for DOA
estimation in circular arrays and found that the algorithm gives
more accurate results than MUSIC, PSO and BFO algorithms.
In this paper, we explore GSA algorithm for optimizing ML
functions to accurately estimate source DOA in linear arrays.

The paper is organized as follows. Section II briefly
introduces the data model and ML estimation. In Section III
and IV, GSA algorithm is briefly discussed and its
implementation for deterministic ML DOA estimation has
been made. In section V, simulation results of GSA algorithm
for ULA are presented and the results are compared with



