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ABSTRACT

The techniques that are used to make an array of sensors directive are known as
beamforming techniques. Beamformers (BFs) have been designed to function as
spatial-temporal filters. In this thesis, Capon’s beamforming technique has been
studied under both narrowband and broadband scenarios. To compensate for the
propagation time of the signals to other antenna elements (under narrowband scenario)
Minimum Variance BF (MVB) would apply a simple phase shift to each signal. This
phase-shift corresponds to a correct time delay for one particular frequency only and

can’t be applied under the broadband scenario where multiple frequencies exist.

To achieve high spectral and spatial resolution over wideband channels a large number
of sensors or tapped-delay-line elements would be required and this would inevitable
cause an increase in computational complexity. Fortunately, this high computational
complexity can be reduced by applying a transformation at TDL elements of each
sensor. In this thesis we have used the Discrete Fourier Transform (DFT) to generate
various frequency bins and have applied narrowband beamforming for each different
bin. Frequency bins in the DFT-based broadband BF are created using Block

Processing (BP) and Sliding Window processing (SW).

To evaluate the performance of the DFT-based BF, Ensemble Mean Squared Error
(EMSE) and the Signal to Interference plus Noise Ratio (SINR) have been used. In
addition, the thesis provides a comparison for the computational complexity of DFT-
based BF under BP and SW modes. The complexity has been assessed in terms of the

Multiply-ACcumulate (MAC) operations. For simulations MATLAB platform has



used. Three broadband incoming signals each with bandwidth B = 50MHz, central
frequencies of 150 MHz and DOAs of 6; = 20°,6, = 40" and 8; = —20" were
assumed. The signal with direction 8; = 20°was marked as the desired signal and
power of the three sources were respectively setto P, = 5,10,10(dBW /MH?z) . Each

sensor’s output was sampled at Nyquist rate of 1/2B. For a fair comparison between
the DFT based BF using BP and the DFT based BF using SW processing, the length

of the signals were fixed to N = 1000 samples.

Simulation results show that the DFT-based BF under BP has higher proficiency in
handling wideband signal sources. The SINRs at the output of the DFT-based BF was
seen to be time varying (in fact periodic). On the other hand, the DFT-based BF
utilizing SW processing would take one new snapshot under each iteration, and
generate one sample at its output and would suffer from highly correlated inputs. DFT-
based BF under SW processing would deliver lower SINRs in comparison to a DFT-

based BF under BP when the window size and the block size are same.

Finally, the number of blocks or slides are the main factor in adjusting the
computational complexities and accuracy of the estimated correlation matrices.

Therefore, the size of blocks/slides should be selected carefully to meet certain criteria.

Keywords: Tapped Delay Line, DFT-based Beamformer, Block or Sliding Window

Processing, SINR, Multiply-Accumulate Operations.



Oz

Dizilimli algilayicilar belli bir yone duyarl kilmak i¢in kullanilan tekniklere verilen
ad hiizme olusturma teknikleridir. Hiizme olusturucular (BFs) birer uzamsal-zamansal
slizge¢ gorevi yapmalari ic¢in tasarlanmislardir. Bu tezde, en kii¢lik degisintili hiizme
olusturucusu olarak da bilinen Capon hiizme olusturma teknigi hem dar bant hem de
genis bant senaryolar1 altinda ¢alisilmistir. Dar bant senaryosu altinda farkli sinyallerin
anten elemanlarina yayilim zamanini denklestirebimek i¢in en kii¢lik degisintili hiizme
olusturucusu (MV-BF) her sinyale basit bir faz kaymasi uygulamaktadir. Bu faz
kaymast her bir 6zel frekans i¢in zamanda dogru bir gecikmeye denk geldiginden

coklu frekanslar1 barindiran genis bant uygulamarinda kullanilamamaktadir.

Genis bant uygulamalarinda yiiksek spektrum ¢oziiniirliigii veya uzamsal ¢oziiniirliik
kazanabilmek i¢in biiylik sayida algilayict veya dalli gecikme hatti eleman
gerekmekte, bu da kagmilmaz olarak hesaplama karmasikligin1 artirmaktadir. Iyidir ki,
bu hesaplama karmagsikligi her algilayicidaki dalli gecikme hatti elemanlarinda bir
dontisiim uygulayarak azaltilabilmektedir. Bu tezde, farkli frekans seleleri yaratmak
icin her algilayicida ayrik Fourier doniisiimii uygulanmis ve her selede dar bantli bir
hiizme olusturucu kullanilmistir. Ayrik Fourier doniisiim tabanli hiizme olusturucunun
frekans seleleri boliik (BP) ve kayan cerceve (SW) isleme bigimleri altinda

olusturulmustur.

Ayrik Fourier doniisiim tabanli hiizme olusturucusunun basarimini degerlendirmk
amagli ortalama karesel hatanin topluluk ortalamasi (EMSE) ve sinyal-girisim arti

gurulti-oranlart (SINR) kullanilmistir. Bunlara ek olarak, tezde ayrik Fourier doniigiim



tabanli hiizme olusturucusunun BP ve SW modundaki hesaplama karmasikliklari
kiyaslanmistir. Karmasiklik hesaplari Carpma-Biriktirme (MAC) islemleri cinsinden
gosterilmistir. MATLAB platforumu tizerinde gerceklestirilen benzetimlerde 6; =
20°,6, = 40" and 6; = —20°yonlerinden gelen ve bant genislikleri ve merkez
frekanslar1 50Mz ve 150 MHz olan ti¢ farkli genis bant sinyal varsayilmistir (gelis
yoni 20° olan sinyal istenen sinyaldir). Benzetimler esnasinda kullanilan ii¢ isaretin
gugleri ise P, = 5,10,10(dBW /MHz) olarak almmustir. Alicida her algilayicinin
¢iktis1 1/2B olan Nyquist hizinda 6rneklenmistir. Benzetimlerde tiim isaret ve giiriiltii
sinyalleri sifir ortalamali birbirinden ilintisiz beyaz Gauss siirecleri kullanarak
gerceklenmistir. Ayrik Fourier doniisiim tabanli hiizme olusturucusunun BP ve SW
modlarinda adil kiyaslanabilmesi igin isaretlerin uzunluklart N = 1000 6rnek olacak

sekilde sabitlenmistir.

Benzetim sonuglart BP modunda calisan ayrik Fourier doniisiim tabanli hiizme
olusturucusunun genis bantl isaretleri islerken daha basarili oldugunu gostermistir.
Hiizme olusturucusu ¢iktisindaki SINR degerlerinin zamanla degistigi ve hatta
periodik oldugu ve en iyi performansin her blokun ortasinda elde edildigi
gozlemlenmistir. Ayrica SINR degerlerinin blok basi ve sonunda en diisiiktiir. Diger
taraftan, SW modunda ¢alisan ayrik Fourier doniisiim tabanli hiizme olusturucusu her
dongiide sadece bir yeni enstantane aldig1 ve ¢iktisinda bir 6rnek yarattigi i¢in yiksek
ilintili girdiler sorun yaratmaktadir. Cerceve genisligi ve boliik uzunlugu ayni olarak
alman durumlarda SW modundaki ayrik Fourier doniisiim tabanli hiizme
olusturucusunun BP modunda ¢alisana gore daha diisiik SINRS degerleri verdigi

gorilmistir.

Vi



Son olarak, hesaplama karmasiklig1 ve kestirilen ilinti matrislerinin dogrulugu boliikk
sayisina veya gergeve sayisina endekslidir ve bu yiizden boliik ve gergeve sayilari belli

kriterleri yakalayabilmek icin dikkatle secilmelidir.

Anahtar Kelimeler: Dalli Gecikme Hatti, Ayrik Fourier Doniisiim Tabanli Hiizme

Olusturucu, Boliik veya Cerceve Isleme Modu, SINR, Carpma-Biriktirme Islemleri.

vii



DEDICATION

I would like to dedicate this thesis to family of mine. To my father, who
taught me that the best kind of knowledge to have is that which is learned for
its own sake. It is also dedicated to my mother, who taught me that even the
largest task can be accomplished if it is done one step at a time. And | would

like to dedicate this study to my sister, who is inspiring all over my life.

viii



TABLE OF CONTENTS

ABSTRACT e i
OZ et iii
DEDICATION ...t viil
LIST OF FIGURES ... .o XI
LIST OF TABLES ......ossrovveieeeoeeeeesieesessiess s ssssssss s essss s xii
L INTRODUCTION ..ottt 1
1.1 THeSIS OULIING ... 4
2 ARRAY SIGNAL PROCESSING.........cooorrreriiesessisssesseisssessissssesssssssssssessssesnnes 6
2.1 Medium and Direction of Wave Field ............ccccociiiiiiiniiic e 6
2.2 EMItted SIgNal........ccoeoiiiieiiece e s 9
2.3 AnAlytical SIgNal........ccooiiiiiiiiie 10
2.4 Finite IMPUISE RESPONSE .....c.viiiiiiiiiiieiee e 11
2.5 Filters with Finite IMpulse RESPONSE.........ccoiiiririiiecese e 12
2.6 Correlation-Based Signal to Interference Plus Noise Ratio.................c........ 13
2.7 Narrowband Definition ..........ccoooeiiiiiiiiree s 14
3 DELAY-AND-SUM BEAMFORMER ........cooiiii e 16
3.1 Signal Model for Uniform Linear Array.........c.ccoceveeiereneneneseseseeeenes 16
3.2 Delay-And-Sum BeamfOrmer..........cccooeieiiniiiiisieeeese e 18
4 NARROWBAND BEAMFORMING......ccociiiiiiieiie e 23
4.1 Conventional Beamformer (CBT) ......cocooiiiiiiiiiieene e 24
4.2 Minimum Variance Distortion-less Response Beamformer..............c.......... 25

iX



4.3 MUItiple Signal Classification (MUSIC) Beamformer...........cccceevevvennnne. 26
4.4 Extentions to the MUItiple Signal Classification Beamformer .................... 27

5 DISCRETE FOURIER TRANSFORM BASED BROADBAND BEAMFORMER

.................................................................................................................................... 29
5.1 Discrete Fourier Transform Based Beamformer ............cccocevvvieiiencninnnnn, 30
5.2 Generation Of Steering VECTON .........ccoieiiiiiiiiieciee e 32
5.3 Block Processing for Discrete Fourier Transform Based Beamformer-........ 33

5.4 Sliding Window Mode for Discrete Fourier Transform Based Beamformer 36

5.5 Signal to Interference Plus Noise Ratio Formulation for the DFT-Based

Beamformer Under BIOCK ProCesSing .........ccovevviieiierie i 38

5.6 Signal to Interference Plus Noise Ratio Formulation for the DFT-Based

Beamformer Under Sliding Window MOdE............cccoviiiiiinencnceeeee, 44
6 PERFORMANCE ANALYSIS Of DFT-BF .....ccooiieeiieceee e 45
6.1 SIMUIALION PArameters ........cccooiiiiiiieiee e 46
6.2 Power Spectral Density and Autocorrelation...........ccoccvevevivevesiesienieeie e, 46
6.3 Real Life Based ANAlYSIS........ccoviiiiieiieiieieece et 53
7 CONCLUSION AND FUTURE WORKS .......ooiiiiiieeeeie e 57
7.1 CONCIUSION ... 57
7.2 FULUIE WOTK ...t 58
REFERENGES ...ttt bbbt 59



LIST OF FIGURES

Figure 1.1: Various Ways of Classifying Beamformers. ..........cccccccevvvevieiveiieinsiennn, 3
Figure 2.1: Linear and Circular Geometry Arrays that Have Uniform Spacing. ......... 7
Figure 2.2: A 3-dimensional Representation with Cartesian Coordinates (X, Yy, z) and
Spherical Coordinates (I, 0, ©). .....cccoiiiiiiiiiiiiie e 8
Figure 2.3: Band-pass Filter: (i) C Represents the Pass band, (ii) Section B and D

Represent the Transition Bands and (iii) Parts A and E Denote the Stop bands. ...... 12

Figure 3.1: Signal Model for a Single Source Transmitting at Angle 6 ................... 17
Figure 3.2: Delay-and-Sum Beamforming..........ccocoovveieiinenieiene e 18
Figure 5.1: DFT-based Beamformer Using GSC with Buffer Length-N................... 31
Figure 5.2: DFT-based Beamformer Using Block Processing Mode.............ccccoeue... 35
Figure 5.3: DFT-based Beamformer Under Sliding Window Processing ................. 37

Figure 6.1: Power Spectral Density and Autocorrelation for a White Gaussian Random

Process (WGRP) for Bandwidth of 50 MHZ: .........cccooiiiieiieeee e 47
Figure 6.2: An Observation of a Band-Limited WGRP...........ccocooiininiiiiiineenn, 48
Figure 6.3: Performance of DFT-Beamformer Under Block Processing .................. 49

Figure 6.4. Ensemble-Mean-Squared-Error (EMSE) Between the Input and Output

SINRs of the DFT-BF Using BP Given Different Block Sizes. ..........cccccovvevviinnnnn. 51
Figure 6.5: Output SINR for DFT-based Beamformer Using SW Processing .......... 52
Figure 6.6: Computational Complexities in MACS ........ccocvieienenenc e 52

Figure 6.7: Performance of DFT-BF Under 4G A-LTE Network Assuming Finite

Sample EffeCt. ... 56

Xi



Table 6.1:

LIST OF TABLES

EARFCN to frequency conversion for downlink and uplink

Xii



Chapter 1

INTRODUCTION

Processing the BeamFormers (BF) (spatial-temporal filters) carry out can be
summarized in two steps: 1) synchronization 2) weight-and-sum [1]. The
synchronization process is delaying or advancing each sensor output by an appropriate
time such that the signal components coming from a desired direction are aligned
(synchronized). Weight-and-sum process on the other hand assigns weights to each
sensor output and sums them to get one yield. The synchronization is for controlling
the steering direction and the weight-and-sum processing to control the beam-width of

the main lobe.

As can be seen from Fig 1.1 BFs can be classified into four main groups. The first
group looks at the bandwidth of the signal environment and classifies BFs as
narrowband or broadband. The second group evaluates the closeness of the source and
classifies BFs as near or far-field BFs [2]. The third group looks at the way the BF
parameters have been selected and classifies the BFs as data independent and
statistically optimum type [3]. For data independent beamforming only the direction
of the desired signal is used as a-priori information while designing the beam. For
statistically optimal BFs the coefficients are adjusted according to the array data while
trying to optimize the array response according to some criteria such as the minimum
mean squared error (MMSE). In general, the statistically optimum BFs place nulls in
the directions of interfering sources in an attempt to maximize the Signal to

1



Interference plus Noise Ratio (SINR) at the BF output [3]. Better classification of
statistically optimal BFs can also be achieved by considering the information used to
modify BF coefficients. This information may include the direction of arrival (DOA)
of a desired signal, the training sequence or the phase and amplitude collection of a
transmitted data. An example for the statistically optimum BF is the Linearly
Constrained Minimum Variance (LCMV) BF. The LCMV constrains the response of
the BF to pass the signal from the intended direction with specific gain and phase.
Contributions of interfering signals on the output is minimized by choosing a set of
weights that minimizes the output power or the variance (E{|y|?} = wHR,w).
LCMV formulation for choosing the weights can be written as:

min wHR,w s.t. af(6,w)w = g%, (1.01)
w

where, a(8, w) = [1 e/W™f e/wsb ... eiwmMOH and g is a complex constant.
The filter coefficients, w, can be obtained by solving (1.01) using the method of
Lagrange multipliers and will be equal to:

R;'a(8, w)
a0, w)Rz'a(0,w)

W= g (1.02)

Design of a beamforming system is important where received signals are mainly
broadband and this impacts the speed of convergence, complexity, exactness and
robustness of the BF. Figure 1.1 (d), classifies BFs based on how their coefficients are
computed. Computations are carried out in time domain, in frequency domain and
using sub-space methods [4], [5]. In general, implementation of a BF in time domain
would lead to high computational complexity and slow convergence while
computation of filter coefficients using either sub-spaces or the frequency domain

would decrease this computational cost [6].
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Figure 1.1: Various Ways of Classifying Beamformers.

In late decades, because of the increment in the bandwidth of emitted signals,
evaluating the parameters of superimposed signals by using an arrangement of the
sensors has turned into an interesting field of research and development in signal
processing. Numerous theoretical reviews about broadband beamforming have been

done, and profound information has been gathered as summarized by [7].

Beamformers which are directional arrays has the aim of focusing in a desired
direction and they try to block out all interference and noise coming from other
directions. However, in practice performance of adaptive antenna arrays can
deteriorate due to: i) finite sample effect ii) correlated sources iii) steering vector faults
etc. Many robust algorithms have been proposed to deal with these performance
degrading effects. Most notable ones include spatial smoothing, signal blocking (or
sliding), diagonal loading and eigenspace-based methods. Many methods are limited
to the narrowband environment however applications such as sonar, radar and

3



communications are not necessarily narrowband. Because sources with non-zero
bandwidths would degrade the performance of a sensor array, applying a broadband
BF will become essential. BFs for reception of wideband signal can be categorized
into two main structures: i) the Tapped Delay Line (TDL) structure and ii) the Discrete
Fourier Transform (DFT) based BFs. In some publications the DFT-based BFs are

referred to as the sensor-delay-line BFs.

Due to their efficiency, the TDL BFs have taken their place among some of the most
popular BFs and are widely considered under broadband scenarios. With TDL
structures time domain signals are strictly weighted by a set of coefficients which are
obtained as a result of an optimization problem with certain constraints. Generally, a
DFT-based BF transforms the received signals into the frequency domain by the
concept of DFT and applies a narrowband BF to each frequency bin. In comparison to
the TDL BF a DFT-based BF is computationally less complex since the dimensions of
the matrices in has to invert is less when compared to the case of a TDL BF. In the
literature, the performance of the DFT-based BF hasn’t been considered in details.
Furthermore, the performance of a DFT-based BF with estimated correlation matrices
using finite number of samples has hardly been discussed or evaluated. Therefore, in
this thesis we will examine the performance of a DFT-based BF under the wideband
scenario when sample size is finite.

1.1 Thesis Outline

The contents of this thesis is organized as follows: Following a general introduction,
the background survey and the description on how the thesis has been organized in
Chapterl, Chapter 2 provides information on array signal processing, introduces the

correlation based SINR measure and outlines the received signal model under

4



narrowband scenario. Chapter 3 introduces the Delay-And-Sum BeamFormer (DAS-
BF) using TDL and Chapter 4 gives details about some beamforming methods for the
narrowband case. The DFT-based broadband BF is studied in Chapter 5 and Chapter
6 provides simulation results under block processing (BP) and Sliding Window (SW)
modes. Also, Chapter 5 explains the connection between the narrowband and
broadband BFs in detail. Finally, Chapter 7 provides conclusions and makes

suggestions for future work.



Chapter 2

ARRAY SIGNAL PROCESSING

A set of adjacent sensors (receivers) also known as an array of sensors are generally
placed to follow a particular geometry and are used to observe and process
electromagnetic or acoustic waves. As opposed to a single sensor scenario where the
observation would be (1 x N) when an array with M sensors is used one would receive
an observation of (M x N) and this increase in the size of observations would lead to
enhanced estimations of parameters. For instance, in beamforming expanding the
number of sensors to have more data in the same length signals would help to obtain
better estimates for the correlation matrix and inherently to more accurate coefficient
estimation for spatial filters. Consequently, SINR will be improved [8]. All
computations and processing carried out using an array of sensors classify under array
signal processing and tries to model a received signal by their temporal and spatial
parameters. This information is then used to construct BFs [9]. Figure 2.1 (a) depicts
a Uniform Linear Array (ULA) with element spacing of d units and without loss of
generality, the first sensor is considered as the reference sensor. Figure 2.1 (b) shows
a uniform circular array (UCA) with element spacing of d = 2nD/a. Here D
represents the number of elements in the array and « is the angle between the reference

sensor and last element of the array [10].
2.1 Medium and Direction of Wave Field

Many natural phenomena result from the displacement of molecules. All of these
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Figure 2.1: Linear and Circular Geometry Arrays that Have Uniform Spacing.
(a) ULA with inter-element spacing of d, (b) UCA with received signal at direction
0 to the reference sensor.

phenomena can be modeled by a wave field and formulated by wave propagation
equations. Wave field propagation is a function of time and three-dimensional space
which is expressed either in Cartesian or Spherical coordinates. While using Cartesian
representation, signals are defined by three vectors along orthogonal axis x,y and z,
on the other hand with spherical representation is defined by a scalar r which is equal
to distance between a fixed origin and desired point in space, and two angles 6 and @
where, 0 represents the elevation angle (0 <6 <) and @ is the azimuth angle

(0 < @ < 2m). Transformations that map the spherical coordinates to
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Figure 2.2: A 3-dimensional Representation with Cartesian Coordinates (X, y, z) and
Spherical Coordinates (r, 0, ).

the Cartesian ones have been shown in (2.01) - (2.03) and visually depicted in Fig. 2.2.

x=rsinfcos?, (2.01)
y=rsinfsing®, (2.02)
zZ=rcosf . (2.03)

For any medium of propagation (2.04) describes propagated wave where s(r,t) is
emitted signal [11], (7, 6, ¢) is the coordinate of the wavefront and t is the relevant

time [12].

VZS(T', t) = i (M >, (2.04)

c? ot2

the symbol ¢ stands for the speed of propagated signal and V denotes the Laplace
operator. For an electromagnetic wave the propagation speed is approximately
3 x 108 (M/s). Given (2.04) we can solve for s(r,t) and the emitted signal would
have the form:

s(r,t) = Aexp [j(wt— kTT)]. (2.05)



Here A represents the amplitude of the emitted wave and is a constant, w is the angular
frequency and equals 27f and (. )T denotes the transpose of a signal. Vector k is called
wave-vector and is equal to k = w - a(8, @) where a(6,®) is called the slowness

vector which describes the coordinates of the points in signal regarding to the azimuth
and elevation angles [1]. It is easy to prove that |k| = %z 27” where A is the

wavelength, 27 /A is the number of cycles per unit space (m) and a(6, @) represents
direction of each cycle. Generally, when the observation points are nearby to the
source the spherical representation would be used. In the case of a monochromatic

spherical wave solution for (2.04) would be as in (2.06).

s(r,t) = é exp [j(wt — |k|r)]. (2.06)

The homogeneity of the medium guarantees that the speed of propagation through the
whole medium is remain constant. The dispersion-free medium guarantees that carrier
frequency does not change from sender to receiver and lossless medium assumption
assures that the medium will not modify the amplitude of the signals.

2.2 Emitted Signal

Assume that D signals originating from sources in different directions have been
observed. One of these signals is the desired signal, and the remaining (D — 1) are
interfering signals that are covered with white Gaussian noise. Based on [13], Hilbert
transform of the received signal can be written as in (2.07):
x(t) = sy (t+71)+ st +T1)+ . + sp(t+ 1p) + Wy,
and (2.07)

XQ(t) = SLQ(t + Tl) + SZ,Q(t + Tz) + ... + SD,Q(t + TD) + WQ .



In (2.07), sq;(t) and sqo(t) where 1 < d < D are the in-phase and quadrature parts
of the propagated signals, w; and w, are in-phase and quadrature part of the
corresponding noise, T4, d € [1,2,--+, D] are the duration times from D senders to the
receiver. Throughout this thesis all sources will be assumed to be bandlimited and
mutually uncorrelated and will be generated using white Gaussian distributions with
zero mean and constant variance. Thus if all sources are bandlimited with central
frequency f. and bandwidth 2B then the in-phase quadrature parts of the emitted
signals can written as:
Sar(t) = ay(t) cos(anCt + @4 (t)),

1<d<D (2.08)

Sao(t) = ag(t) sin(anCt + @4 (t)),

where a,(t) and ¢4(t) represent the amplitude and carrier phase of the incoming
signals.
2.3 Analytical Signal
In practice, sensors detect the in-phase part of the signal. Therefore by considering an
array of sensors with M elements, analytical signal observed at the m*" element can
be written as in (2.09):

Xtot(m)(£) = Xeor()(£) + JXtor(p)(t)

= al(t + Tl‘m) exp{anc(t + Tl,m) + <p1(t + Tl_m)} +

vt ap(t +1pm)exp{2nf(t + Tom) + ep(t + Tom)} + Weorim

me[1,2,..,M], (2.09)

10



where, 74, d € [1,2,---,D] and m € [1,2,---, M] is time taken by the signal to reach
from d“" source to the m*" sensor of ULA and w ;) is an additional noise to them®

sensor. After demodulating so that the signal is back in baseband, the output of the

mth sensor can be written as:
xm(t) = Xtot(m) ®) exp{—janCt}
= sl(t + lem) exp{janCTLm} + ..

et sq4(t +Tpm) expli2nfitam} + Weorm) - (2.10)

Furthermore, since the received signal is sampled at frequency F, = 1/T, (2.10) could

be re-written in its discrete representation as depicted by (2.11).
Xm(nTs) = Xtot(m) (nTs) exp{j2mf.t}
=5 (nTS + Tllm) exp{janCTl,m} + ..

ot Sa(NTy + Tpm) xpli2fotam} + Weorem(nTs). (2.11)

Throughout of this study, for convenience, variable nT; from the sampled version of
signals has replaced by an integer n. Without any confusion x(nT,) = x[n], where [.]

denotes the discrete variable.
2.4 Finite Impulse Response

Various methods have been proposed in the literature to extract the desired signal
(information) from a noisy sequence. In all methods the process of separating the
desired signal from the received signal is referred to as filtering. Filters are generally
characterized either by their impulse responses or frequency responses. For discrete-
domain the number of tabs is fixed and hence the filter is referred to as a Finite Impulse
Response (FIR) filter. The types of FIR filters are low-pass, high-pass, band-pass and

bandstop. A low-pass filter permits frequencies beneath a predefined passband
11
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Figure 2.3: Band-pass Filter: (i) C Represents the Pass band, (ii) Section B and D
Represent the Transition Bands and (iii) Parts A and E Denote the Stop bands.

frequency (a)p) to pass and is used to kill the high frequencies. A high-pass filter does
the inverse and attenuates the low frequencies and passes frequencies above wy,.
Bandpass and bandstop filters can be defined by a combination of low-pass and high-
pass filters [14] and are used to either pass or stop a band of frequencies. Stopband
filters are also known as notch filters.

2.5 Filters with Finite Impulse Response

The frequency response of an FIR filter is composed of three separate regions: namely
(i) the pass band, (ii) the transition band and (iii) the stopband. Regions A-E in Fig 2.3
shows each one of these regions for a band-pass filter.

Considering an input sequence {x[n]} as defined by (2.12) and a filter with M

coefficients:

x[n] = éejgej“’”, (2.12)

the output y[n] of the filter can be written as in (2.13)

M-1
y[n] = Z bex(n—k), (2.13)
k=0

12



where, b, represents the filter coefficients (tabs).

By inserting (2.12) into (2.13) frequency response of the FIR filter can be written in

the form (2.17).

M-1
y[n] = Z by AelPeio(=i) (2.14)
=0
M-1
y[n] = Ae/Peion Z be i@k (2.15)
k=0
y[n] = x[n]H(e/%n), (2.16)
M-1
H(e®) = ) be ik, 2.17)
k=0

2.6 Correlation-Based Signal to Interference Plus Noise Ratio

In the literature more often the Signal to Interference plus Noise Ratio (SINR) is used
to evaluate the performance of a filter. SINR is based on the output power (P,) of a
signal x[n]. This output power can be calculated using (2.18):

P, = E{|x|*}, (2.18)

where E{.} denotes the expected value function. Note that for convenience the time
indexes have been dropped from equation (2.18). By inserting (2.16) into (2.18) the

output power P, for an FIR filter can be obtained as:
. H .
P, = E{|ly|*} = E{yy"} =H(e/*)" E{xx"}H(e/*). (2.19)
Assuming a received signal that is Wide Sense Stationary (WSS), then the correlation

function can be calculated using (2.20):

r, = E{x x"}. (2.20)

13



If we denote the power spectral density of the time sequence x with S(w), then in the
[—B, B] band r,, can be computed by taking the inverse Fourier transform of S(w) as

in (2.21) [15]:

1 oo
T = E_f S(w)dw. (2.21)

As (2.21) indicates the calculation of the correlation function requires an infinite
number of samples. Since this is not practical actual correlation of a signal can’t be
obtained. Instead only an estimation of the correlation function is possible. How to
estimate the correlation function given a fixed number of samples will be detailed in
section 3.2.

2.7 Narrowband Definition

Without loss of generality if the bandwidth of a signal is much smaller than the central
frequency, i.e. B < f, a signal can be considered as a narrowband signal [16] [17].
An alternative definition for narrowband signals has been provided by Zatman and is
based on space decomposition for the covariance matrix.

Covariance matrix R, can be decomposed to its eigenvalues and eigenvectors by the
Singular VValue Decomposition (SVD) algorithm as shown by (2.22):

R, =UAUH. (2.22)

Here, U represents a matrix that contains eigenvectors of the observed signal and A
represents a diagonal matrix that contains eigenvalues (1,, 4,,..., Ady) of the received
signal. These eigenvalues are ordered in descending format (i.e. 4, > A, > ... >
Ayn). If one decomposes (2.22) into signal and noise sub-spaces, then (2.22) can be re-
written as:

R, = U,AUY + U, A,U . (2.23)

14



Here, the subscripts s and n respectively denote the signal and noise sub-spaces.
Matrix Ug which contains the eigenvectors of the desired plus the interfering signals
Is known as the signal sub-space. For zero-bandwidth signal model (narrowband), the
rank of signal sub-space is same as the number of the present signals. For broadband

signals the viable rank of signal sub-space is larger than the number of signals [16].

For the narrowband case, the received signal model can be written as in (2.24)

xm[n] = sy[n] exp{i2nfityim} + oo + sq[nl exp{j2nfitam} + wilnl. (2.24)

Thus, under narrowband scenario, the received signals to the m®® sensor can be
modeled by a simple phase-shift {janCrd,m}. In the following chapter we will show
how 7, is related to the distance between the d'® source and the m*" element of a

Sensor array.
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Chapter 3

DELAY-AND-SUM BEAMFORMER

Delay-And-Sum Beamformer (DAS-BF) is a data independent BF in which the outputs
from an array of sensors are time delayed so that when they are summed together, a
particular portion of the received wave is amplified over other interfering sources. In
what follows we introduce a model that shows the wavefront for a single source both
in the near and far-fields and formulate the output for each sensor plus the filter in the
far-field.

3.1 Signal Model for Uniform Linear Array

If we assume that there is a source s; in the far-field that is transmitting at an angle of
6 as depicted by Fig 3.1 the wave front would be spherical near the source and as it
travels further away from the source it will become a planar wave. For a ULA with M
sensors, x,,[n] for 1 < m < M represent the observation of the received signal by the
mth sensor. The sensor furthest to the left will capture the sound waves first. The
adjacent sensors placed further to the right will receive the same signal, but with a
slight time delay due to the additional distance sound waves must travel to get to the
next sensors. If we denote the delay for each of the M sensors as
{r,(0),1,(0),-,1)-1(6)} then with the narrowband presumption (by setting zero
delay between reference sensor and sources) (2.24) in Chapter-2 for the reference
sensor can be re-written as: x,.¢[n] = s;[n] + -+ sp[n] + wy.r[n]. Considering
that the first sensor is the reference sensor then the delay between the m®" sensor of

the array and the reference sensor could be calculated as:
16
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Figure 3.1: Signal Model for a Single Source Transmitting at Angle &
Towards a ULA Containing M Sensors.

(@) = I DCd sin(6) 1<m<M-1 (3.01)

For the sake of simplicity in what follows we will drop the (6) argument of the delays

and simply write them as {t;, 7, ***, Tpr—1}-

Furthermore, if we have D sources located at any direction, the observation by the m"

sensor of the ULA could be formulated as:

Xm[n] = si[n] exp{j2nf. 1y} + s, [n] exp{j2nf.tm} + - + sp[n] exp{j2nf.1,,} (3 02)
+ wp [n] '

Similarly, for signals with wide bandwidths the observed sequence for a ULA with

corresponding delays can be written as:

Xmn] = s;[n+1,,] exp{j2nf.t,,} + s, [n + v, ] exp{j2nf. T} + -+
(3.03)

+ sp[n+1,,] exp{j2nf. T} + wpln]
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Figure 3.2: Delay-and-Sum Beamforming
(a) DAS beamformer under narrowband scenario,
(b) DAS beamformer under broadband scenario.

3.2 Delay-And-Sum Beamformer

Figure 3.2 (a) represents schematic for a DAS-BF under narrowband scenario, where

xm[n] for 0 <n < N — 1 is the observed data by the m‘" sensor. As depicted by the
M
y[n] = Z Wi, Xm[n] 0<n<N-1 (3.04)
=1
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figure each observation will be multiplied by some weight factor that is related to the
desired DOA. Afterwards the weighted observations are accumulated to form the

output of the DAS-BF as in [8]. This is output has been formulated in (3.04).

The asterisk denotes the complex conjugate operator and w,,, is the weight for the m¢"
sensor to adjust the output of the BF. We can say that (3.04) has M degrees of freedom
(DOF) for steering M received signals. One of the DOFs is used to steer the desired
signal and the others are used to suppress any interfering signals. Obviously, if the
number of sources is greater than M then the system could only process M of these

received signals and the rest are not processed.

If the signal passing through the adaptive weights has broadband characteristic, this
structure proves ineffective since steering vector alone cannot provide a weighting
such that all frequency components add up constructively as depicted by the
narrowband BF in Fig. 3.2 (a) and an alternative structure is required. To resolve
broadband signals, spatial-temporal flexibility must be enhanced and this is possible
by applying a tapped-delay-line structure (finite impulse response filter) to the output
of each sensor as depicted in Fig. 3.2 (b). Therefore under the broadband scenario the

output y[n] of the BF can be written as:

M L-1
yln] = Z Zw;‘n‘lxm[n—l]. 0<n<N-1 (3.05)
m=11=0

Here the weights w,,,; are used to filter each observation received by the m*"* sensor
of the ULA. The broadband BF has M DOF for steering M signals where each signal
is passing through an L-tap FIR filter. This ability to sample the propagating wave both

in space and time helps the BF resolve signals with broadband characteristics.
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For convenience a common notation can be introduced for both narrowband and
broadband beamforming structures of Fig. 3.2. The array outputs for (3.04) and (3.05)

could be written as:

y[n] = WH x[n] (3.06)

WH e CPM holds all coefficients of the broadband BF (for all L TDLs). It is composed
of M, size-L vectors where each vector w,, contains the complex conjugate

coefficients of the FIR filter processing the signal observed at the m*"* sensor of the

ULA:
W1
wh = [ 12 (3.07)
WM
Wn = [Wr*n,OJWr*n,l' ""Wr*n,L—l]H (3.08)

x[n], is a (M x L) matrix where the m®" row of x[n] represents the sample values in
the tapped-delay-line for the m®" element of the ULA at discrete time n. Finally,

(.) Hrepresents the conjugate transpose operator. Hence x[n] can be written as:

x1[0] x[1] -+ xq[L—1]
x[n] — xZ:[O] X2 [1] xZ[L:_ 1] . (309)
xnl0] xy[1] [l —1]

By considering a DAS-BF as a spatial-temporal FIR filter with filter coefficients w,,
for 1 <m < M and delays t,,,(6) as defined by (3.01), the frequency response of the

DAS-BF can be expressed as:
M
H(ei®) = Z wi e Jdcm (3.10)
=1
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where @&, = w, " 7,,(0). It is also possible to represent the frequency response of the

DAS-BF in the form:

H(e/®) = WHa(e/%), (3.11)

where, a(e/®<) is defined as:

a(e/®)=[1 e/ .. ej‘T’CM]H. (3.12)

Finally, (3.12) can be written as:

a(e/®) = [1 e/m®wc gizri®)wc eerl(e)wC]H_ (3.13)

In the literature a(e’/®<) is known as the steering vector or the manifold vector.

Since @, is a function of time and wavelength the steering vector a(ef@c) represents

the spatial-temporal behavior of the FIR filter.

Assuming unit amplitude for a desired signal received from an angle of 6, the
demodulated radio frequency (RF) signal observed by the mt" sensor of the antenna

array can be represented as:

xp[n] = efe=-m®)  1<m<Mm (3.14)

Using (3.14) in (3.05) the output of the sensor array can be obtained as:

L-1

M
y[n] = Z Z W;nl e_jw(_n+l+rm(9)) ,

m=11=0

L-1 M
y[n] = efwn Z w;’:n,l e—jwrm(e)e—jwl, (315)
l=0m=1
y[n] = e/“™ H(O, w). (3.16)
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Therefore, the frequency response for the directional filter can be represented as:

L-1 M
H(6,w) = Z Z e jom(@) g=jol (3.17)

=m=

where,

Mh

H,w) =H(e’®) ) e /@ = H(e/®) a(8, w)

Where,

a(f,w) =[1 en®@w ej(L—l)rm(H)w]H (3.18)

Generally, the wave-vector a(8, w) is denoted as a(8).

Different sensors, ideal or not, can be made directional by using a steering vector. The
steering vector describes the ULA’s frequency response and the beam pattern is given

by the square of the absolute value for H (6, w).

22



Chapter 4

NARROWBAND BEAMFORMING

In the previous chapter we have showed how to obtain the steering vector for a BF
both under narrowband and wideband scenarios. In this chapter we will describe the
procedure for calculating the BF coefficients (w, ,1 < k < M) under narrowband
assumption. It is known that by weighting the signals from each sensor, it is possible
to focus on signals arriving from a particular direction. However, the beamforming
techniques differ in how they compute the weights and how they are applied. Weights
can be computed either non-adaptively or using an adaptive process. Non-adaptive
techniques are generally independent of the input data and can be considered as sub-
optimal. Adaptive techniques on the other hand use the a-priori-statistics of the data
and change, or adapt, in response to the data received before calculating the optimal

weights.

In what follows we will focus on non-adaptive techniques and firstly introduce the
conventional beamforming technique. Subsequent sections will summarize briefly the
Minimum Variance Distortion-less Response (MVDR), the sub-space based MUItiple
Slgnal Classification (MUSIC) algorithm and an extended version of the MUSIC
algorithm. The chapter will also show how the weight vectors are obtained for each

case.
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4.1 Conventional Beamformer (CBf)
By assuming narrowband setting for the received signals, the usage of frequency
diversity in received signal along the array is not critical, therefore (3.18) can be re-
written based on the center frequency w, as:

a(@) = [1 eja’cfl(e) ejwcfm—l(e)]H, (401)

w. = 2nf,, and it is based the central-frequency f.. For a transmitted signal matrix

S[n] which for D sources is represented as:

S[n] =72 (4.02)

The observation matrix can be defined as:

x[n] = a(8)S[n] + NIn]. (4.03)

From (2.19) the output power of the BF will be:

P = wiR,w. (4.04)

It is possible for the CBf to maximize its output power for a signal from a direction 6.
Maximizing the output power in fact requires solving an optimization problem as
depicted in (4.05)

max (£ {(w! x[n]x[n]"w}] = ™[ wE {x[n]x[n]"} w]

=MGLE {ISn]|? X [w" a(9)|* + o?|w|?}]. (4.05)

Here, o? denotes the variance of the white noise assumed.

The output power of the CBf will be maximized when the weight vector is the same

as the steering vector:
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Wess = a(0). (4.06)

By placing (4.06) into (4.04) the output power of BF can be obtained as:

Pcpr(0) = a” (O)R, a(6). (4.07)

4.2 Minimum Variance Distortion-less Response Beamformer

In 1969, Capon came up with a new method now known as Capon’s BF or MVDR BF.
This new beamforming technique would define the filter coefficients by minimizing
the output power of the ULA with respect to a unit gain constraint for a specific
steering vector:
min: P
w (4.08)
s.t. wla(@)=1.

MVDR minimizes the power of received signals from undesired directions while the
gain of the system at a desired direction is preserved. We can say that, MDVR select
the coefficient from the space of the desired signal by setting the inner product of the
coefficient basis and steering vector equal to one. This optimization problem can be
solved using the method of Lagrange multipliers:
[=wl-R,-w+ AW -a(8) — 1),
Vol =V, WIR,W) + 1-V,,(wa(6)) =0,
w=—-1-a(8)/R,,

1
~ T @i (@R:! a(d)

Therefore, the optimal weight vector would be:

R, a(d)

— : (4.9
a ()R, " a(H)

Wypvr =
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Consequently, the output power of the MVDR BF could be written as:

1
a (@) R, " a(d) (4.10)

PMDVR (9) =

We note that the CBf uses each and every opportunity to focus on the power of the
desired signal in the look direction whereas the Capon’s BF eliminates some noise
which are perpendicular to the desired signal sub-space and puts a null in the

orientation where there are interfering sources.
4.3 MUItiple Slgnal Classification (MUSIC) Beamformer

Even though various sub-space based beamforming techniques have been proposed
one which has attracted tremendous attention was the Multiple Signal Classification
(MUSIC) algorithm. This method makes use of the eigenstructure of the process and
attempts to decompose the observation into two separate sub-spaces: namely signal
sub-space and noise sub-space. Assuming WSS scenario and white noise the
eigenvalue decomposition for the MUSIC algorithm can be stated as in [18]:

R, = U,A,U? + ¢2U,UY . (4.11)

Matrix A include M largest eigenvalues of the observed signal and Ug the
corresponding eigen-vectors. Similarly, U,, contains eigenvectors of the noise sub-
space which are orthogonal to the signal sub-space. The orthogonality between signal
and noise subspaces can be used to suppress the noise along the desired DOA by
putting a null on the basis of noise subspace:

Ufa(8) = 0. (4.12)

On the other hand, the weight vector has to satisfy the non-singularity problem as
follow:

WH W =1 (4.13)
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For a ULA with M receiver, only M angel of arrivals can be steered by the BF
therefore, the set {6, ,6,, ... ... , 0} contains all possible solutions for (4.12). If they
represent the orthogonal projection onto the noise subspace as:

n = u,u¥, (4.14)

then, the output power of the BF using MUSIC algorithm for a specific direction can
be calculated using:

H(@)a(o
Pyysic(8) = a:(H()ngl()H) . (4.15)

For a ULA with M sensors, the steering vector(s) related to the M different DOAs
{6,,6,,..... , 0y ) would form a linearly independent set {a(6;) , a(65), ..., a(6y)}.
For unambiguity in the BF output, each DOA has to satisfy the inequality below and

the distance between sensors has to be set as:

T T A
=5 < b < E,me[l,M]; and d<z. (4.16)

For coherent and correlated signals the MUSIC algorithm which is designed to search
for some orthogonal subspace to the noise subspace would give poor performance
while it tries to extract the desired signal from the interfering signals.

4.4 Extentions to the MUItiple Slgnal Classification Beamformer

The extended research carried around the basic MUSIC algorithm has led to various
adjustments. These adjustments were the outcomes of attempts to modify
shortcomings of the original MUSIC algorithm under different scenarios. The most
famous adjustment which led to the weighted MUSIC (W-MUSIC) algorithm was
done to select a set of weights (W) that could be used to consider the effect of different
eigenvectors. The output power for the weighted music algorithm in terms of the

steering vector and the selected weights is as:
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a(8)a(o)
all (O Wt a(6)

Py _music(6) = (4.17)

The novel weighting function W which is introduced to the spatial spectrum of the
original MUSIC algorithm is a diagonal matrix where the diagonal elements are the

characteristic vectors of the covariance matrix of the desired signal and q<[0,1]:

[ o .. O]I
L

w=|0 22 0

[: 0o - OJ
0 - 0 A%

Range of q has been selected after extensive computer simulations and aims to reduce

(4.18)

the covariance between the eigenvalues which then help the BF to better focus on a

desired direction.

Gracefully, when the eigenvectors are uniformly weighted the W-MUSIC algorithm
would converge to the standard MUSIC algorithm. The modified W-MUSIC algorithm
provides an alternative to obtain better resolution for signals which are either highly

correlated or under low SNR.
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Chapter S

DISCRETE FOURIER TRANSFORM BASED

BROADBAND BEAMFORMER

Beamforming techniques have been thoroughly studied due to their usage in various
application areas such as radar, sonar, biomedical and wireless communications. Since
in practice the performance of the traditional DAS-BF is degraded due to high
correlation between signals researchers have come up with the idea of spatial
smoothing to improve the BF’s performance. However, most of the studies have
focused on beamforming under the narrowband scenario and the broadband issue
hasn’t been much studied. This chapter introduces a broadband BF which makes use
of the discrete Fourier transform (DFT) concept to focus on a specific DOA for a given

desired signal.

In any wave propagation medium (acoustic or electromagnetic) sensors can form a
response pattern with higher sensitivity in a desired direction. An excellent data
independent beam pattern is intended to reject interference signals and noise due to
time sampling and position of sensors. One popular system for beam pattern
configuration under broadband scenario is the frequency decomposition strategy. In
this technique DFT is used to decompose the spectrum of a wideband signal into
frequency containers or bins. What is in each bin is then taken into account as

narrowband data.
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5.1 Discrete Fourier Transform Based Beamformer

In the literature two variants of the DFT based BF has been proposed. These are
namely: i) DFT-based BF using BP and ii) DFT-based BF using SW processing. The
block diagram of the general DFT-based BF is depicted in Fig 5.1. As can be seen
from the figure, at each sensor in the sensor array the received signal is first sampled
using an analog to digital convertor and then the discrete signal is processed by a
General Side-lobe Canceller (GSC) to produce uncorrelated sequences. Afterwards,
the GSC’s output is stored in a Length-N buffer and DFT of the samples in the buffer
is taken. Following the DFT processing at each sensor, the DFT samples are weighed
by BF weights at each sensor and it", i<[0, (N — 1)] weighted samples of each sensor

are accumulated to form the M inputs of the IDFT block.

For the case of D sources with arbitrary locations, the observed signal at the
mt"element of the ULA given N snapshots of the received signal can be represented

in a matrix form as:

x=[ x(0) x(1) .. x(N—1)]
x00) %) - x(N-1) [xI]
xz(.O) xz.(l) xz(N—'l) f;, (5.01)
1(0) xy(1) - xy(N—1) Lz;

where (.)" denotes the transpose operation. After taking DFT along each row of the

input matrix x the frequency domain matrix would be equal to:

X =[ X(0) X(1) .. X(N-1)]
X100 x,(1) - X (N-1)
50 K1) = KN -1
- ol (5.02)
M) Xy(1) - Xy(N-1)
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Figure 5.1: DFT-based Beamformer Using GSC with Buffer Length-N.

where X, [k] is defined as:
X lk] = Xpp[n] e 2KIN = ollz k=0,1,...,(N—-1). (5.03)

Here m denotes the sensor in a sensor array with M sensors, index-n which ranges
from 0 to (N — 1) denote the N samples and, k denotes the number of the frequency
bin after the spectrum is divided into N narrower bands. The vector e, for the k"

frequency bin can be expressed as:

e = [1 e/ gian(=Di/N]|" (5.04)
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In (5.02) X[k] = X[f] dedicates the (k + 1)-th frequency bin of the observed data and

for input signals with length-N, f; can be expressed as:

N
k. Af k=o;H—1
fi = v . (5.5)
(k — N).Af k:H:(N—D

where the [ .] represents ceil operator and Af denotes the frequency resolution and

equals Af = # Conceptually, Af is the gap between frequency containers and better

results is achievable by setting smaller gap between frequency bins. On the other hand,
to avoid aliasing the sampling rate T is bounded by 2B where B denotes the bandwidth
of the received signal. Hence for good resolution one must make sure that the number
of samples (N) is large. By considering each frequency bin (f;) as an individual data,
it would be reasonable to apply a narrowband BF to each frequency bin. The output

for each narrowband BF with weights w,, can then be formulated as:

Y =[Y(0) Y(1) Y(2) .. Y(N-1)]. (5.06)

Lastly, by taking the Inverse Discrete Fourier Transform (IDFT) of the weighted data

Y, the output of the DFT-based BF in time domain can be written as:

y=[y(0) y(1) y(2) ... y(N—-1)],

N-1
Z Y[k]e/2mkIN =0, (N —1). (5.07)
k=0

2|~

y[n] =

5.2 Generation of Steering Vector

If the signal bandwidth is small relative to the center frequency (i.e., if it has small
fractional bandwidth), and the time intervals over which the signal is observed are

short then we can use a narrowband BF to process the received signals. However, for
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broadband signals temporal frequency analysis would be necessary at the BF. Hence

the steering vector defined in (3.18) will take the form:

2e(0, w) = [1, /27Ut 072 0) @iznlfetfi)Ts ©)  pi2n(fetfmm O] (5 0g)

Consequently, by using the MVDR beamforming algorithm, the weight vectors for

DFT based BF could be written as:

R;la, (0, w
Wy = k_(1 ) (5.09)
here, Ry, is the covariance matrix of the k" bin and is as:
R, = E{X[k]X"[k]}. (5.10)

Since calculation of the covariance matrix (Ry) in (5.10) would require unlimited
snapshots (infinite number of samples) it can’t be obtained via (5.10) and would be
unknown. An approximate estimate of the covariance matrix R;, could still be obtained

as stated in [19] using K-snapshots as:

R == ) XokIX" [k, 6.11)

where, the subscript (i),i =0,1,2,..., (N — 1) denotes the i** snapshot of the k"

frequency component.

5.3 Block Processing for Discrete Fourier Transform Based

Beamformer

For the DFT-based BF data across the sensor array at each frequency of interest must
be processed separately by a narrowband sub-BF as depicted in Fig 5.2. In BP mode
the algorithm needs to process J-blocks where each block has kg snapshots. For a total

of N-snapshots coming from the sensor array, the number of snapshots per block
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would be equal to m where |-| represents the flooring operation. Thus 5.01 can be

written as:
x00) %) .. x(kg—1) x(kg) .. xQkg—-1) .. x(Jkg—1)
x — xZ(O) xz(l) e xZ(kB - 1) xz(kB) e xZ(ZkB - 1) - xz(/kB - 1) (5 12)
AB : : : : : : : : : ' '

The subscript AB denotes the J-blocks in the BP mode.

Note that in BP mode each block X can be denoted as:

[2(G—Dkp) x(G—Dkp+1) .. x.(ks—1)]
‘) = i %2(( = Dks) %(G=Dls +1) - x2(iks = 1) i (5.13)

L (G — Dks) (G = Dkp +1) . 213yl — 1))

And the full set of data is:

Xip = [Xq) X - Xq].

It is evident that the length of observation has to be an integer product of the block

size. Consequently, the DTF of the observed signal under BP mode could be expressed

as:
Xas = X0 X - Xol, (5.14)
[X.(G—Dkp) X(G—-Dkp+1) .. X (Gkg—1)]
where, X = | %(G _ Dkg) X2(G - 1:)]‘3 +1) XZ(ikf? -1 _

X (G = Dks) Xuu(G = Dkp+1) o Xy Giky — D

The covariance matrix estimation for the DFT based BF under BP mode can be defined

as.

]
1
R, = i ZX(o[k] XGkl,  k=0,1,2,..,(ks—1). (5.15)
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Figure 5.2: DFT-based Beamformer Using Block Processing Mode

Moreover, by inserting (5.15) in (5.09), the weight vectors for BP could be denoted as:

_ ﬁ;lak(B, (A))
a0, )R a, (6, w)’

Wy k=01,2,.., (ks —1). (5.16)

Finally, IDFT will be used to obtain the BF output in time-domain for each block. The

output in BP mode is as follows:

1 &
Y [n] =— Z Wg Xj [k] gj2mnk/kp
= (5.17)

n=0.,(kg—1), j=1,..,].
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5.4 Sliding Window Mode for Discrete Fourier Transform Based

Beamformer

For the DFT based BF the SW processing is similar to that of the BP mode. These two
modes differ in the way they estimate the covariance matrix. In SW processing when
a new snapshot arrive the oldest snapshot will be pulled out and the new one inserted
into the data set. Afterwards the same processing in BP mode will be carried out.
However, during batch processing no new snapshots would in reality arrive. To
account for accepting the new snapshot and discarding the oldest one the algorithm
will reserve the first (N — J) snapshots into the first window and afterwards slide the
window to the right by one snapshot at each step. Figure 5.3 illustrates the sliding

procedure for x[n] defined in (5.18):

x1(0) x (1) .. x(ks+]-1)
‘= xz.(O) x2(1) - x5 (kg -|.-] -1 ’ (5.18)
1w (©®) xu(D) o xulks+]—1)
x1G—1 x() . x(ks+j—2)
X — 0=1) x0() . x(ks+j—2)
(G- xy() . xy(ks+j—2)

ks=WN-=)), 1<j<].

After taking DFT of each slide the spectrum of slides will be denoted as:

Xl(/: -1) Xlg) v Xy (kg +]: -2)
X¢y = XZ(];_ 2 XZE(]) Xz (ks +J Dl 1<j<y (5.19)
MG —1) Xu() . Xulks+j—2)

An estimate of the covariance matrix under SW processing can then be defined as:

J
— 1
R =7 > XX, k=012, (k- D. (5.:20)

By inserting (5.20) in (5.09) the weight vectors under SW processing could be
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written as:

_ ﬁ;lak(ﬁ, (1))
~ al(6,w)R; a6, w)’

Wi k=012,..,(k—1). (5.21)

Consequently, the output of the DFT-based BF under SW processing for each slide

becomes:

kg—1
1 .
Y [n] = k_s Z WI,;I X(j) [k] e]Znnk/ks'
k=0

n=0,.,(ks—1), j=1,..,]. (5.22)

5.5 Signal to Interference Plus Noise Ratio Formulation for the DFT-

Based Beamformer Under Block Processing

Under DFT-based beamforming applying IDFT to each block of the output received
from an M-element sensor array will result in a length-N output in the time-domain.

The final output of the DFT-based BF can be expressed as in (5.23):

1 kp—1
Y(j)[n] = E z WI,;I X(j)[k] eermk/kB'
k=1

n=0,.,tkg—1), j=1,..],
y=lwye - yol

1
y=5w EX), (5.23)

where w¥ and X, are column vectors each with size ((M - k) X 1) as shown below:
we[wl wl .. wl ] (5.24)

X, = [XT[0] XT[1] ... X"[ks—1]]', (5.25)
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The operator matrix F,, 1 < n < J shown in (5.23), can be considered as an IDFT
operation for each block with fixed dimension (M -kg X M -kg), and can be

expressed as:

[IM 0 . 0
j2nn/k :
Fn a 0 e B.IM . 0 = diag(en) X IM , (526)
(') 0 ejZn'(kB—l)/kB_IMJ

where I, denotes an (M X M) identity matrix and @ denotes the Kronecker product.

The vector e, for 0 < n < (kg — 1) has form:

e, = [1 pj2mn/kg pj2m2n/kp oj2m3n/kp ejZn'(kB—l)n/kB]T' (5.27)

Obviously, e,, is a column vector with size (kg x 1), hence diag(e,) would

be:

1 0 0

1 0

0 1

di |

tag(eo) 1
0
0 1
L0 1

By substituting (5.23) into (2.19), the output power of the signal can be calculated as:

P = E{ly|’} =

1
)2 wiE E{X X"}Ef'w, (5.28)

where,

E{X X[} £ R,. (5.29)

Since expected value function is a linear function the covariance matrix R can be re-
stated as:
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[ E{X[0]X"[0]} E{X[O]X*[1]} .. E{X[0]X"[ky — 1]}]
= E{X[l 1XH[0]} E{X[l]XH[l]} E{X[11XH[ky — 1]}|. (5.30)

lE{X[kB —1]XH[0]} E{X[ks — 1]XH[1]} o E{X[kg — 11Xk — 1]}
The covariance matrix R, contains N* sub-matrices each with (M x M) dimension and
represents the covariance between frequency bins i and j, i =0,...,(kz—1) and j =

0, ..., (kz — 1). Hence, the overall covariance matrix between all frequency bin pairs can be

denoted as follow:

[E{xl[i] DY ECGINGEHD . ECGIXGUT

E{X[i] XH[]]} |E{X2 (D¢ []]} E{Xz[l]XZ[]]} E{Xz LXM[] |‘
EC LT EGlGTT . EC X
i=0,..,(ky—1), j=0,..,(ky—1) (5.31)

where (.)* denotes the conjugate transpose operator. The matrix in (5.31) is composed of M?
sub-matrices such as E{X,,[i]X;; []} where,
EXn X501} = el E{Zn X Ye;,

i=0.,(ky-1),j=0,..,(kzy—1)m=1,..,Mandn =1, ..., M. (5.32)

Denoting the expected value of signals received from sensors m and n as: E{X,,%{} = Ryn,
(m=1,..,Mandn =1, ..., M) and substituting (5.31) into (5.30) the covariance matrix
between frequency bins i and j, i =0,...,(k;—1) and j =0,...,(kz; — 1) could be

expressed as:

H H H
ei Rl’lej ei lezej ei Rl’Mej
TvHFTY eiHRZ 1€j eiHRzzej el-HRZMej 533
EX[IXT0 = 2 > ) R P (5.33)
H H H
ei RM‘lej ei Rszej ei RM’Mej

Decomposing (5.33) as below
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E{X[(X"[j]} = E/RE;, i=01.,(ks—1), Jj=01,.,(kz—1), (534)

Where E,, k=0,..,(k,—1) and R can be defined as in (5.35) and (5.36),

respectively.

(59% 0 0
0 €er w0
E,2|: 0o - , (5.35)
l 0 0 ekJ
Rl 1 R1,2 R1 M
ﬁ é RZ 1 RZ:,Z R2 m (5.36)
RM 1 RM,Z RM M

Where, R, ,, m=1,..,M andn = 1, ..., M represents the cross-correlation between
m*" and nt" data received from sensors array (Note that m*" data is collected by the

sensor number m). Using (5.33) in (5.29) would result in the correlation matrix R; as

follow:
E/RE, E'RE, - EfRE;, 1
R, = E'RE, E/RE, .. E{REq, 1 | (537)
|Eks-)REo EG-n)RE; .. EG, nREg, 1]
Since the matrix E can be written as:
E=[EE; ...Eq,_n) (5.38)
it can be considered as a block DFT operator and R, can be re-write as:
R, = ERE. (5.39)

Inserting (5.39) into (5.27) will result in output power of the DFT-based BF under BP

mode as it shown below:
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P wlE.E'RE Ef'w, n=0,1,..,(kg—1). (5.40)

~ (kp)?
Using (2.11) for uncorrelated baseband signals in (5.35) will give:

Rpn = E{fmfﬁl}

= exp{j2nf(tim, = Tim,)}

|[ T (Tl,m1 - Tl,mz) rl(_Ts + Tym, — Tl,mz) rl(_(kB -D+ Timy — Tim, )]
x i n (Ts + "1'1,m1 - T1,m2) n (Tl,ml - I:l,mz) r1(_(k3 -2) + Timy — T1,m2) |+
lﬁ((ks -+ Tim, — Tl,mz) rl((kB -2)+ Timy — Tl,mz) v (1'1,m1 - T1,m2) J

eXp{jZHfE (TZ,m1 ~T2m, )}

T (TZ,m1 - Tz,mz) T (_Ts + Tom, — Tz,mz) w1 (— (kg = 1) + 150, — TZ,mz)
x T (Ts + Tom, — Tz,mz) ) (Tz,m1 - TZ,mz) T (— (kg —2) + 150, — TZ,mz) +
[rz((ka -D+ Tom, — TZ,mz) Tz((kB -2)+ Tom, — TZ,mz) TZ(TZ,ml - TZ,mz) J

exp{j2nf, (tom, = TD,mz)}

7o (tom, = Tomy)  To(=Ts + Tom, — Tom,) v 1p(=Ckg = 1) + Tpm, — Tom,)
| o o~ Tom) oo, — o) 1ok =2+ T, ~ T, 4
ro (ks = 1) + Tom, = Tom,) 7o (ks = 2) + Tom, = Tom,) o o (Tom, — Tom,)
w(©) 0 w0
O WO 0 my =12, Mandm; =12,..,M (5.41)
6 0 rWtO)

Expected value function is a linear function, therefore, arrays of R in (5.35) could be

denoted as:

Rm,n = R(m,n),51 + R(m,n),sz + ..t R(m,n),sD ’
m=12,..,Mandn=1,2,..,.M (5.42)

Here, Rimn)s,, m=12,..,M, n=1,2..,M and d =12,..,D represents the

cross-correlation matrix between the observation of the signal source S; which is
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collected by the mt" and nt" element of the ULA. Thus (5.35) can be extend for overall

observations as bellow:

R=R; +R;,+ ..+R;

2

(5.43)

D"

Consequently, inserting (5.43) into (5.40) would result in the contribution of each

output signal’s power from the overall output power of the DFT-based BF using BP

mode as:
1 H H(p D D H
P[n] = TPEA FE"(R;, +Rs, + .. + R, )EFw,
P[n] = Py [n] + -+ Py [n] + P,[n], n=0,..,(kg—1). (5.44)

Finally, the SINR of the DFT-based BF under BP mode scenario could be calculated

as:

Py, [n]

SINRppr_gp = )
DFT-BP Py [n] + -+ Py [n] + Py [n]

n=0.,(N=1)  (545)

where the out power of the d"* source can be obtained from

P, [n] = Ty whF.E"R, EFilw, d=12..D (5.46)
B

And P, [n] is the output power of the noise as follow

0
(0 B Ry 2,

wiF EPR,E Filw =
(kep)* (5.47)

n=0,..,(N-1),

1
Py[n] = (kB)Z
Computation of the DFT-based BF’s output SINR can be summarized as in 4 steps
below:

Step(1): Construct the matrix E using (5.35) and (5.38) and the definition of e;, as in
(5.27).

Step(2): Calculate the matrix E, from (5.26) forn =0, ..., (N — 1).
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Step(3): Calculate the power of signals and noise for the DFT-based BF from (5.46)
and (5.47). Consequently, calculate the output SINRs according to (5.45).
Step(4): Afterward, set n to (n+ 1) and go back to second step. Pending n >

(kg — 1), select SINR[n] instead of SINR[n — kg].

5.6 Signal to Interference Plus Noise Ratio Formulation for the DFT-

Based Beamformer Under Sliding Window Mode

In SW processing, each cycle of the BF only generates a new output, which it is the
first element of the BF output y[0] in purposed cycle. Since, for n = 0 in, the matrix
F, would reduce to identity matrix with size M kg, the power at the output of the DFT-

based BF under SW processing (DFT-SW) can be write as:

1 HoHe
Pppr—swl0] = P E"REw, (5.46)
N
P[0] = P, [0] + P, [0] + ... + P, [0] + P,[O].
And the SINR of the SW processing can be computed using each time instant (t = 0)
in each cycle of the DFT-SW, on which in each cycle, one new sample is just

generated. Thus SINR of the DFT-SW is given by:

Psl [0]
SINRypr_o/|0] = , for each slide. 5.47
prr—sw0] 5, [0] + . + P, [0] + P, [0] (547)

Here, calculation of the output SINR of the DFT-based BF using SW processing can
be summarized in 3 steps below:

Step(1): Construct the matrix E using (5.35) and (5.38) and the definition of e, as in
(5.27). Note that matrix E, has reduced to identity matrix.

Step(2): Calculate the power of the signals and noise for the DFT-based BF from
(5.46) and (5.47). Consequently, compute the output SINRs according to (5.45).

Step(3): For all time instants n, set SINR[n] = SINR[0].
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Chapter 6

PERFORMANCE ANALYSIS of DFT-BF

In the literature, broadband beamforming has been broadly considered. Wideband BFs
are generally designed to obtain high spatial resolution and have applications in
various fields such as communications, acoustics, bio-medics and military. In
comparison to their narrowband counterparts wideband BFs require considerably large
spatial and temporal dimensions. To achieve high resolution large number of TDL
elements (L) and sensors (M) are required. However, this increase in L and M would
lead to a very high computational complexity for wideband beamforming techniques.
To decrease the computational complexity of the broadband BFs a transformation such
as DFT can be used to deal with different frequencies separately as in the case of a

narrowband BF.

The rest of this chapter provides information about the simulation setup and
investigates the performance of a DFT-based BF under block processing (BP) and
sliding window (SW) modes when correlation matrices are either known or estimated
for a finite number of samples. The SINR criterion is used to assess the performance
of the DFT-based BF. Afterward, the Ensemble Mean Squared Error (EMSE) is
utilized to show the error between the input SINR and the output SINR. At the end,
the computational complexity for BP and SW modes was compared in terms of

Multiply-ACcumulates (MACs) operations.
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6.1 Simulation Parameters

Simulations were carried out using the MATLAB platform assuming an 8 element
ULA (M = 8) with inter element spacing of 1/2 and three baseband incoming signals
each with bandwidths B = 50MHz, central frequencies of 150MHz and DOAs of
6, = 20°, 8, = 40" and A3 = —20°". The signal with direction 8; = 20°was assumed
to be the desired signal and individual powers for the three different sources were
respectively setat P, = 5,10, 10 (dB) over the noise level. Each sensor’s output was
sampled at Nyquist rate of 1/2B. All sources plus the noise were simulated using zero
mean mutually uncorrelated white random Gaussian processes. For a fair comparison
between the DFT-based BF under BP and SW processing modes, length of the signals
were set at N = 1000 and total number of samples was fixed at 8000 (M xN).

6.2 Power Spectral Density and Autocorrelation

The power spectral density, S, (f), of a wideband signal x[n] with constant power

level P, inside the band [—B, B] and zero outside can be expressed as:

(P, —-B<x<B
SX(f)_{O’ else . (6.1)

The corresponding correlation sequence of the signal x[n] will then be:
1 [n] = 2BP,sinc(2Bn) . (6.2)

Since output of each sensor in the sensor array is sampled at Nyquist rate, this
guarantees that each sample is uncorrelated with the others. Hence, the correlation

sequence can be written as:

2BP,, x=0

T [n] ={ 0 20" (6.3)

Figure 6.1 below depicts the power spectral density (PSD) and the corresponding
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Figure 6.1: Power Spectral Density and Autocorrelation for a White Gaussian
Random Process (WGRP) for Bandwidth of 50 MHz:
(a) PSD of the proposed band-limited WGRP,
(b) Correlation function of the band-limited WGRP.

autocorrelation function of a wideband signal with 5dBW /MHz power level above
noise level. The approximation method reported in [20] has been used to generate the
waveform for a band-limited white Gaussian random process assuming a fixed power
level. Afterwards this signal has been sampled at Nyquist rate. The realization of this
sampled signal is as depicted in Fig. 6.2. Also note that Fig. 6.1(a) has the periodogram

approximation of this signal (the solid brown line).
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Figure 6.2: An Observation of a Band-Limited WGRP.

Output SINRs for DFT-based BF have been computed generating weight vectors with
or without finite sample effect. For the ideal scenario without finite sample effect the
autocorrelation matrices required for producing the weight vectors were assumed
known and the output SINRs for DFT-based BF under BP mode has been obtained
using 25, 50, 100, 200 and 1000 blocks (respective block sizes of 40,20,10,5 and 1)
and are as depicted in Fig. 6.3(a). Figure 6.3 (b) depicts the output SINRs of the DFT-
based BF under BP mode without knowing the correlation matrices (need to estimate
R,s). Spatial smoothing as in (5.11) has been used to estimate the correlation
functions for same number of block as in Fig. 6.3(a). The impact of the number of
frequency bins (k) without and with finite sample effect has been demonstrated in

Fig 6.3(a) and (b). observing the plots, we note that the
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Figure 6.3: Performance of DFT-Beamformer Under Block Processing
With and Without Finite Sample Effect for N = 1000 snhapshots:

(a) Corresponding SINRs for DFT-beamformer under BP with different number of

blocks and with known correlation matrices,

(b) The SINRs at the output of the DFT-based beamformer under block processing
mode with different block’s sizes and with estimated correlation matrices using

(5.11).

output SINR of the DFT-based BF is time varying regardless of the finite sample

effect. In fact, the SINRs curves are periodic and their period equals the number of

frequency bins used. Due to the hill shape of the SINR curves, it could be understood
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that the best SINR would be achieved at time index n = |kg/2]| for both with and
without finite sample effect. For the case of no finite sample effect (Fig. 6.3(b)) it can
be seen that by increasing the number of frequency bins (kg) the BF improves the
peak SINR. However, for the fixed number of data snapshots (N), there would be a
compromise between number of snapshots in a block (kg), and the number of blocks

(/) which could be seen from Fig. 6.3 (b).

When the DFT-based BF operating under BP mode has higher number of frequency
bins (accordingly smaller block size) the estimate of the correlation matrices
(R, k =1, ...,kz) would be poorer and the SINR performance will degrade. As can
be seen from the Fig. 6.3 (b), selecting J = 200 and kg = 5 will result in highest peak
among all different settings, but the SINR value for ] = 200 could be smaller in
comparison with the narrowband MVDR case (J = 1000, kg = 1) at the time instant
n = 0. For SINR plots with finite sample effect, generally the overall output SINR is
weakened when kg is increased from 5 to 40. For ] = 25 and kz = 40 the SINR
under DFT-based BF would become worse (lower) than the SINR for the narrowband
MVDR case. Fig. 6.4 shows that the Ensemble-Mean-Squared-Error (EMSE) for both
scenarios (with and without finite sample effect). EMSE will increase when less
number of blocks is used (larger block size). In other words, selecting larger block
sizes (kg) when number of snapshots is fixed would result in a lower SINR. However,
as depicted in Fig. 6.6 when higher number of blocks is used then the computational
complexity would rise. The DFT-based BF using SW mode will give just one sample
in each cycle. Therefore, the output SINR for each cycle could be calculated at time

instant zero. The output SINRs for DFT-based BF using SW mode for various window
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Figure 6.4: Ensemble-Mean-Squared-Error (EMSE) Between the Input and Output
SINRs of the DFT-BF Using BP Given Different Block Sizes.

sizes have been plotted in Fig. 6.5. Note that as the window size selected becomes

larger the SINR at the output of the DFT-based BF under SW mode will become lower.

In this thesis the computational complexities for BP and SW modes were also
calculated and compared in terms of Multiply-ACcumulates (MACs) operations. As
stated in [21], for M sensors and L-TDL elements the cost of the DFT-based BF under
BP mode can be calculated as:

CDFT—BP = (M + 1) logz L + 1\42 + 3M (64)

This is a cost per full-band sampling period. The cost for SW mode in MACSs is slightly
higher since under the SW mode the DFT is computed at each time instant n and IDFT
is replaced by a summation as stated in [9]. The MAC cost for SW can be calculated

using:

CDFT—SW = L(M 10g2 L+ M2 + 3M) . (65)
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Figure 6.5: Output SINR for DFT-based Beamformer Using SW Processing
[Window sizes of ks = 1, 2,4, 6,8, 10, 20, 25,50 and 100 at time instant n = 0].

Figure 6.6. depicts the cost in MACs for DFT-based BF under both BP and SW mod-
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Figure 6.6: Computational Complexities in MACs
(Block Processing Mode is denoted by BPM and the
Sliding Window Mode is denoted by SWM)
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-es for various number of TDL elements (L), and M = 10, 30 and 100 sensors (Note
that the TDLs length is equal to the block or window sizes (L = kg or kg)). Clearly
for the DFT-based BF the cost under BP mode is much lower in comparison to the cost

under SW processing.
6.3 Real Life Based Analysis

While the voice services in 3G were using circuit-switching, todays 4G LTE networks
use packet switching. These packet switched services can integrate with other services
and applications such as messaging, video calling, Web applications, and other mobile
applications. WebRTC is an open project supported by Google, Mozilla, and Opera
within the Internet Engineering Taskforce (IETF) that enables real-time
communications in Web browsers via JavaScript APIs. 3GPP Release 12
specifications define how WebRTC clients can access IMS services, including packet

voice and video communication.

WEebRTC is able to access device hardware, such as microphones or cameras, without
the need to install a plugin or preload a dedicated communication application, such as
Skype or Viber. Also when compared to VOLTE has the advantage that it is platform

and device independent and is also open for development by third party developers.

Because WebRTC is built into the browser, a lot of apps that incorporate voice and
video as elements of a larger communications application will use it. It is expected that
WebRTC along with voice over LTE (VOLTE) become the two leading real-time

communication tools for future generations of mobile communications.

This section of the thesis provides the SINR performance of a DFT-BF under BP mode
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when WebRTC with 50 participants is assumed for video conferencing in Advance
Long Term Evaluation (A-LTE) network. The uplink and downlink frequencies for A-
LTE (Fdownling and Fupiink) can be calculated using (6.6):

= F;)L_Low + 0'1 (NDL - N )

downlink DL_offset

F._ =F,. +01(N,— N

uplink UL_Low UL,offset)

(6.6)

Where, N, is downlink E-UTRA Absolute Radio Frequency Channel Number
(EARFCN), N,, is uplink EARFCN, N, .. is the offset used to calculate downlink

EARFCN and N, ... is the offset used to calculate uplink EARFCN using Table 6.1:

Table 6.1: EARFCN to frequency conversion for downlink and uplink

E- downlink uplink
UTRA FoL_Low EARFCN FuL Low EARFCN

band (MH2) NbL_offset (NbL) (MHz) NuL_offset (Nup)

18000-

1 2110 0 0-599 1920 18000 18599

18600-

2 1930 600 600-1199 1850 18600 19199

19200-

3 1805 1200 1200-1949 1710 19200 19949

19950-

4 2110 1950 1950-2399 1710 19950 20399

In this last simulation we have assumed an 8 element ULA (M = 8) with inter element
spacing of 1/2 and three baseband incoming signals each in the third E-UTRA band
of A-LTE channel with bandwidths of B = 3.5 MHz, central frequencies of

1.7475 MHz and DOAs of 6, = 20°, 6, = 40" and 83 = —20°. The signal with
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direction 8; = 20°was assumed to be the desired signal and individual powers for the
three different sources were respectively set at P, = 10, 5,30 (dB) over the noise
level. Each sensor’s output was sampled at Nyquist rate of 1/2B. All sources plus the
noise were simulated using zero mean mutually uncorrelated white random Gaussian
processes. Length of the signals were assumed to be N = 1000 and with 8 sensors

total number of samples (M xN) is 8000.

Output SINRs for DFT-based BF have been computed generating weight vectors with
finite sample effect. Figure 6.7 depicts the output SINRs of the DFT-based BF under
BP mode without knowing the correlation matrices (need to estimate Rs). Spatial
smoothing as in (5.11) was used to estimate the correlation functions. From Fig 6.7 we
observe that when the DFT-based BF operating under BP mode uses higher number of
frequency bins (accordingly smaller block size) the estimate of the correlation matrices
(Ry ,k =1, ..., kg) and the SINR performance would be poorer. Selecting / = 25 and
ks = 40 will result in highest peak among all different settings, however ] = 100 and

ks = 10 only has new deeps in the SINR plot and perhaps is the best setting.

For ] = 200 and kz = 5 the SINR under DFT-based BF would become lower than

sthe SINR for the narrowband MVDR case (J = 1000 and kz = 1).
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Figure 6.7: Performance of DFT-BF Under 4G A-LTE Network
Assuming Finite Sample Effect.
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Chapter 7

CONCLUSION AND FUTURE WORKS

7.1 Conclusion

The SINRs at the output of the DFT-based BFs under real correlation matrices and
estimated correlations under finite sample effect, are examined in this thesis.
According to this study, it is figured out that the DFT-based BFs have high proficiency
to solve the wideband sources problem. However, the number of bins kg or ks have to
be carefully selected especially when the overall samples are finite. On the other hand,
the number of blocks/slides are very important factor in changing the computational
complexities and the accuracy of the correlation matrices. Although, the higher
number of blocks are resulted in better correlation estimations but, separating the
bandwidth of received signal to more frequency bins doesn’t necessarily result in better
performance under the limited sample environment. On the other hand, taking higher
number of blocks will result in logarithmic increase on the computational
complexities. Additionally, the output SINR of the DFT-based BF using BP mode at
different time instants n would be varying. Due to our simulations, the DFT-based BF
under BP scenario would perform well results in the middle time instant at each block
(n = |kg/2]) and the worst ones would be occur at the starting (n = 0) and ending
(n = kg — 1) frequency bins of the blocks. Also the impact of the finite sample effect
on DFT-based wideband BFs can be solved using BP investigation. Therefore, it isn’t

necessary to concern about finite sample effect.
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Since the DFT-based BF utilizing SW process always takes a new snapshot and
generate only one sample at its output (at n = 0) and suffers from the highly correlated
inputs and it gives acceptable results just for small number of slides, these findings
shows that the DFT-based BF using SW needs to replace by a new structure with the
enhanced performance in comparison with the existing approach. In addition to these
shortcomings of the DFT-based BF using SW process the computational complexities

of this method is considerably higher than the DFT-based BF using BP procedure.
7.2 Future Work

Both the BP and SW modes of the DFT-based BF will neglect any correlation that may
exist between the frequency bins. However as suggested by [22] overlap-add or
overlap-save approaches can be applied to deal with the problem of internal
correlations between frequency bins. Also, since DFT-based BF under BP scenario has
worse performance at the start and end points of each block it would be useful to utilize

a padding technique between the blocks.
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