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Abstract

The fidd o wirdess communications is growing a an explasve rate avaing
many tednica areas The dgdloymant of ddlular syders is a uaoess and as the
ubxibe pgoulation antinues to grow at a rgoid pacg savice provida's may gt
cpadty prablars due to limited avalable frequengy soedtrum Consauattly,
sgvice providas are farad to find mahods of enhanang the average and the
cadty o thar adlular ndwarks A prarisng future mathod suggested is to
utilize adgotive antenas which has also ben rexognized as ane patattia
exonarc gooroach. Aagotivebase g ation antennas have baan prgposed as a means
toaievetherequested lange rangeand higher cgoaadty in adlular sydars

In WCQDMA, theeis large number of intafaeas presait in the sydem adue to
freuay rause fadar of ane The large numbe's of intefeas in thexe sytars
require a beanfarming tedhnique that wauld dfidently sugoress the power in the
unoesred diration a thesametimenmaximzing thepowe in thedesrad diredtion.
Fa thexe sygars sde labe ajustmait wauld be a snple dution towards
poressng inteadl ad intraddl intefeexe axd hee inproving AR
pafamancerathe than pladngthenullsin thediredion of indvidud intefees

In this dissatation, a novd two-gep tgoerad beanfarming dgorithmis analyzed
far flexible sde labe agjusmant. The algarithm places a very low sae labe levd
ove alarge wiath in the beampattan. The aonvagane o this dgarithmis fag
and requires only two to three itgations This beanfarming algarithm s suitable



far uplink and adownlink snceit is basad an the DOAs etinated in uplink. The
agorithmprovides flexible paramdte adjus ment (soelabelevd, null dgoth, main
labe wiath and null width) tagghe with vey low aonputationa dfart.



haote 1
| ntraduction

1.1 Histary of DMA

Thefidd of wirdesscormunicationsisgowinga an explasveratg coveing
many tednical areas Theagdloymant of adlular sysarsisa suasessand asthe
subxiber paoulation antinuestogrow at argoid pacg saviceprovioas may gat
cgoadty prablarsduetolimitad availablefrequency soadrum Consequiantly,
sviceprovidgsarefaraad tofind mathods of enhanangtheaoveageandthe
cgaaty o thar ddlular ndwarks Chebasicgopreach isto build aoditional
srdla ddl stestoinceaecgoadty. Thisistheprimitivefamadf SODMA.

Fa alargegengaohical avaagealargenumber of nobiletransogvasmug be
ppatad theragan isdivided in alargenurmber of adi48]. Thisalowsthesare
arrig frequency toberausad in diffeent adls A soatia diganceto reducethe
levd of intefaecespoaratesthesgnalsat thesanrecarrier frequency.
Unfatunatdy, thiscan beatimeaonsunming and expensveprooess sncebuilding
new Adlular Stesalsoindudesfinding and aoquiring suitablebase g ation ste
locations and extending thebadkboneinfrast rud ure St arization isanather
method of inareasing caoaaty, but with assodated tradedffsin trunking efiaency
and handdff rates S arization has already ben utilized toitspradtical limit in



many agloyed adlular systars I ntheexigingddlular sysarg 600 and 120°
sdaized dlsareusad|[7].

A pramangfuturerma hod suggested isto utilize AagotiveAntennas which
has also bean recognized as onepa aitial econamic gooroach. Adgotivebasesation
antenas havebean prqoasad as a meansto ahievetherequested longe rangeand
highe cgoadty in adlular systars Theseareinpartant featuresto beaonsoered
when ndwark qoaatarsqoan anew marke ar a new frequency band and arefacad
with thedhdllengngtask of buildinga conmpléeddlular nedwark fransaratch,
New qoeatarsnud quickly aeateaadlular nedwark that providesbath average
and cgoadty. Tominimzethenurmbe of required Stes (i.e mnimzingthe
investmants), thesendwark qoeatarsnmust takeadvantaged every tedhnique
dfeingimroveraitsd theaonmunication qudity. For edablished sysars
Adgotive Antenna tedhniques can maekeused' exiging adl Stes thusdimnating
theaodtly 2o of agoloying new stesfar capadty enhancaratt.

1.2 Factors Limiting Performance of Wireless Communication Systems

Wireless communication systems are limited in performance and capacity by three major
impairments: multipath fading, delay spread and co-channel interference [6]. Multipath fading is
caused by the multiple paths that the transmitted signal can take to the received antenna. The
signals from these paths add with different phases, resulting in a received signal amplitude and
phase that vary with antenna location, direction, and polarization, as well as with time (with
movement in the environment). This increases the required average received signal power for a
given BER. Delay spread is the difference in propagation delays among the multiple paths. When
the delay spread exceeds about 10 percent of the symbol duration, significant inter symbol

interference can occur, which limits the maximum data rate.



Cellular systems divide the available frequency channels into channel sets, using one
channel set per cell, with frequency reuse. This results in CCI, which increases as the number of
channel sets decreases i.e. as the capacity of each cell increases. This is also known as MAI in
case of CDMA. In CDMA, all the frequencies are present in a single cell, as the frequency reuse
factor is one. Therefore, the CDMA systems are interference limited, that is, as the number of

users increase, the interference gets increased.

1.3 Future Generation Multiple Access Techniques: CDMA & SDMA

For the past few years, adaptive beamforming for CDMA wireless communications has been
drawing more and more attention from both the communications and antenna communities.
There are a couple of reasons. First, CDMA standards for wireless communications systems are
gaining acceptance from the industry, especially in North America[8]. Second, adaptive
beamforming is highly suitable for a CDMA system, because the spreading codes can be used as

references for beamforming.

(DMA ispraddedtobaamean inpartant methad far thethird gengation
wirdessamrunication syd@rsbecaused itspatential cgoaaty inareaseand anti-
multipath fading cgoability [16]. Howeve, far QOMA to satisfy theneadsfar an
inaeasad number of Smultaneous usars atyped intefeencecaled MAI nust be
dfedivdy combated MAI iscaused by theaossaardation of usa’s oreading
saquences Although MAI aould bedininated by making the soreading sequences
athagond armong each ather, rultipat h camponent s and asynchronaus
trangmssan makethenmnon-athagona again. S far, pradical sysars haveusad
TPCtooveaarefadngandintafaexe The TPCmaximizesthecgoadty of addl/
by maintaining equa rdativeanplitudesamongusa'sat thebasesation recave
inout. I nthepresanced fagt fading thepowe of theressved sgndl falls
angaeadly fromitsaveagelevd. Duringthisaondtion, TPCaanewill not



suffice Tofurthe inprovethead! capadty by suporessng MAI frantheresaved
sgnd, intefaenceradudion tedhniques such asintafeececanadlation usng
AdgotiveArray Antennas whichistheultimatefamadf SDMA istobeusadin
(DMA sydars

14 (Yedive

e Togsudy thegenea bearrfarming aoncgots by andlyzing the beanpattern of
matahed filte beanfarme far diffeet derent oaang ad diffeat array

goature
e Jo andyzethe baanpatten of non-adgotive beanfarnes like the tgoered
and qotinum beanfame and gudy thar pafamance in intefeeice
anddlation
e To andyze three dffaait adqotive bearfarmas i.e VI, LMS RLS
agarithm
e Jo dagive axd dnulate the parardas of adgotive beanfamas usng
MateCGarlosnulation
e Todesgn an aogotive antenna array with a new tedhnique having feat ures
like
e [ ow Sadabeswith MinimumBeamwidth
o Saradermain bamwithaut affedtingtheequal Sodabes
o Fat Cowvagae
e Fledbility



o [ esConputationd Conplexity
e To prove the axvaganee by syntheszing Chebyshey bearrpatten far bath
even and add number of dergits
e Tosmulaetheinaeasein AR by reduction in intaferenae powe achieved
usng abovetedhnique

1.5 LiteatureQurvey

Aaqotivebearrfarning hasbean aubed of ansgdeableinteest far norethan
threedecades It hasevdveadintoa maturetedhndagy. Therearea nunbea of
textbooksand tutarid paoers devated to general aonogots and goolications of

adgotivebearrfarming [2][3] [8][18]. | n addition numerous pgoer'sand artideson
goadfictedhniques and goplications can befaund in qoen liteature[13][10]. Thus
heresorebasc adqotivebearrfarming conagot s and aitaia arepresaited next.

Thechaced thewaght vedar ‘w’ isbasad onthedatigicsof thesgna
veda x(t) recsved at thearray asshown in figure 1.1. Basdly, thedjediveisto
qotimzethebearmfarme reponewith regoedt toapresaibed aitaion. Sthat
theautput y(t) aatainsmnirel aontribution fromnaiseand intafeeice Thee
areanunmba o aitaiafa chaoangtheqotimumwaghts such as MininrumMean
SpareErrar MMEE), MaxinumSgnd-tointefeaeceRatio(MS R) axd
Mininmum Variance(MV).



In MMS&E methad, thearar bawean thebeanfarmer autput wh x(t) andthe
aesred sgnd dt) isminimzed. Thedharadegidicsof thedesred Sgnal cordates
withit toaacatan exteit axdthisisc@dledardeecesgna. Thewaghisare
achosan tominimzethe MSE bawen thebeanfarme autput andtherdaance
sgnd adthewaghtsaoreaut tobewg =R'r whaeR = E {x (t) x(t)} ad
r=E{d (t) x (t). Heew* jsrdaradtoasqotimumwieng dution. InMSI R
method, thewaght s can bechosan todirattly meximizethesgnal-to-intafeace
ratio (9 R). Thisaitaion dsoleadstothesareqotimumwiene dution far the

waghts
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Figure1.1: Blodk Diagramdf adaptivebeanfarmingsydan



If thedesred Sgna anditsdiredion arebath unknown, theway toensurea
good sgnad recgotion istomnimizetheautput nasevariance Toensurethat the
oesrad sgndl ispassad with a gpadficgain and phasg aaondraint may beused o

that theresponsed thebeanfarme iswv =g If g=1theregoponsed the
bearfarne isdften temad as mninumvariancedig artion less regponse (MVDR)
bearfarme. Thesdution far theqotimal waghtsin all threecasssisthesame The
fad that theqotimumwaghtsusngdiffeat aiteiaaredl gven by theWiengr
sdution cderondratesthefundamenta inpartanced the Wiene-Haof equation in
etabishingthetheoreical adqotivebearnfarming & eady-gatepatarmancelinits

All thesebeanfarningtedniques areused tonull theintefeesasmany as
passble whichislimted duetothelimited numbe of antenaderentsinthe
antennaarray. Fa theWCDMA syden whaeethenurmbe of intefaasisvay
largg adiffaatt aitaionisraguired with which thesadabelevds can bereduoad
indead of aeatingnulls Thedarg flexiblesadabetgoogrgohy isthenead of these
sdarsfar intafeececanddlation. Theagorithmanalyzedin thisthessan
dgaithmbasad on unifamlinear array (ULA) isandlyzed far areatinglow
sadabes Thisagaithmisabletotgoe thesaddabestoany desred levd having
mninumpossblerrain labebearrwiath with afast convegancesped. It hasthe
fleiblity toreducetheintafeeaepowe framany oadficdradiontoavey low
levd if largenuber of intefaasispresant in aoadficdiradion.

1.6 ThessQganization



In chapter 2, the general concepts of conventional beamforming, that is, the spatial
discrimination or filtering of signals collected with a sensor array, is introduced. In conventional
or non-adaptive beamforming the effect of parameters such as element spacing, resolution, and

sidelobe level that affect its performance is also discussed.

In chapter 3 non-adaptive alternatives that can be employed in certain cases, namely, the use of
a taper with the spatial matched filter is discussed. Other non-adaptive method that is the
optimum beamformer, which is based on a priori knowledge of the data statistics, is also

discussed. The use of taper in optimum beamforming is explained with optimum beamformer.

In chapter 4, the use of adaptive methods of beamforming, that are based on
collected data from which the correlation matrix is estimated, is discussed. Three
adaptive algorithms SMI, LMS, RLS are described and their performance
parameters are discussed along with the parameter simulation of SMI algorithm.

Inchaote 5, anovd two-deo tgoared bearrfarming dgorithmis anadyzed far
flexiblesaddabeadjus ment. Thisalgorithmis usad to synthesizethe Chebyshey
patten far equal sodabelevdswith avey fas anvegencerate Thisisfinadly
used toinaeaethecgoaaty of a ADMA syemby reduangtheintefeeaicelesd
o lagenumbea o intefaaspreaant inthesysdanby presantinglow sadabetoall
theundesred usa's

(haote 6 enlidstheaondusian andthefuturesaqped thepresait wark.



Chapter 2

Conventional Beamforming Techniques

In this chapter, the general concepts of conventional beamforming, that is, the spatial
discrimination or filtering of signals collected with a sensor array, is introduced. In conventional
or non-adaptive beamforming the effect of parameters such as element spacing, resolution, and

sidelobe level that affect its performance is also discussed.

2.1 Introduction

Thetembearmfarming rdatestothefunaion pafarmed by a devicear goparatusin
which enaqy radiated by an goatureantennaisfoausad dong a oedficdredion
ingpae[§]. Thedjadiveisatha toprdaattidly recaveasgna framthat
dretion o toprdeaaitidly tranamit asgnd inthat direzion. Inmany
gylicationsdof antenas pant-topant cormunicationsisd inteest. A highly
dirediveantenna beamaan beusadto advantage Thediradion beamaan be
redlized by farmingan array with anunbea of deranita radiatars Asthe
dredivity of theantenainaeases thegan dsoinaeases At thereosveed of
thearrmunication link, theinareasein diredtivity meansthat theantenna remaves
lessintafaencefromitssgnd ewviranmatt. It isdear that high gain antenas
havesgnificant advantagein pant-topant conrmunication arauits

2.2 Array Signal Model

Consider a signal received by the uniform linear array (i.e. the array of equally spaced antenna
elements) from an angle & as shown in figure 2.1. Each sensor receives the spatially
propagating signal and converts its energy into voltage. The discrete time signals from a ULA

can be written as:



X (n) =[x,(n)x,(n).......... x,, (n)] 2.1

Incoming signal

1 2 3 M-1 T MT

Figure 2.1. Plane wave impinging on a uniform linear array

WhaeM isthetatd numbe of ssnsars A sngenmeasurerant of thissgndl is
dledan array shqoshat. La usbegn by examininga snge carrie-nodulated

sgnd arrivingfromange o, that isrepgved by themn sensar [3].
s, (1) =s, (1) cos(2af.t) (22

It is assumed that the signal s,(t) has deterministic amplitude and random uniformly distributed

phase. The received signal is given as

X, () =h, (6,®)xs, (1—1,)+w, () 2.3)



where h, (t,® )is the impulse response of the my, sensor as a function of both time and angle
@ and wy, is the sensor noise. Here the relative delay T, at the my, sensor is also a function of
@  Usually t,=0, in which case the delays to the remaining sensors (m=2,3....., M) are simply

the differences in propagation time of s,(t) to these sensors with respect to the first sensor. The

sensor signal in frequency domain can be expressed as

X (F)=H, (F.,®)S, (F)e "™ +W (F) (2.4)
and the discrete time signal model is obtained by sampling the inverse Fourier transform of (2.4),

which can be written as
x, (n)=H, (F.)s,(n)e”" +w, (n) (2.5)
If it is further assumed that each sensor in the array has an equal, omni directional response at

frequency F., then the constant sensor responses can be absorbed in a single term

s(n)=H(F.)s,(n) (2.6)
The full array discrete time signal model as
x(n) =M (D )s(n) + w(n) Q2.7)
Where
W@ ) =1/ M[1e?™........... ¢ 2 (2.8)

is the array response vector. Here the normalization is used for mathematical convenience so
that the array response vector has unit norm, that is [v (q)s)]2 =1.
The interelement spacing between equally spaced elements is denoted by ‘d’. The time

delay between spatial signal arriving at an angle ® is 7(® ) =dsin(P,)/c where c is the rate

of propagation of the signal. As a result the delay to the my, sensor is given by

_ (m—1)dsin(P)

m (2.9)
c
And substituting into (2.8), the array response for a ULA is
v(®P) = L [1 e J2msin(@/A) ... g (s @/ Am-DT (5 10)

m

Since f, =c/A.



23 Conventional Beamforming

In communication the desired information to be extracted from an array of sensors is the
message contained in the signal. To this end, it is required to linearly combine the signals
arriving from a specific angle. This operation shown in figure 2.2 is known as beamforming
because the weighting process emphasizes signals from a particular direction while attenuating
those from other directions and can be thought of as casting or forming a beam. In this sense, a
beamformer is a spatial filter; and in the case of a ULA, it has a direct analogy to an FIR
frequency selective filter for temporal signals. Beamforming is commonly referred to as
“electronic” steering since the weights are applied using electronic circuitry following the

reception of signal for the purpose of steering the array in a particular direction.
| \
\ y(n)
C2
. / < >
N

M

\ x1(n)

Xa(n)

><>O ><>

NG

Figure 2.2 Beamforming operation

The response of the beamformer is analyzed by a weight vector c as a function of angle ® and it
is given by

Y(n)=c"x(n)= Mch(CIJ‘Y )s(n) + w(n) 2.11)

where ¢ =[c,c,Cqucuinnnnnnnn. eyl (2.12)



istheadumn vedar of beanrfarmingwaghts
The beamformer output power is given by
P, =E[y(n)*]1=c"R.c (2.13)
where R = E[x(n)x" (n)] (2.14)
is the correlation matrix of the array signal x(n). SNR in each element is given by

652 [e—jZH(m—l)us S(n)]2
SNR clement — B = 2 (2 15)
Ol E{w(n)"}

Where o, =E{s (n)z} and 6°=E {w(n)z} are the element level signal and noise powers. Now if
the signals at the output of the beamformer are considered, the signal and noise powers are given

by

P = E{\/M[CHV(CI))]s(n)}Z = Mo’ [c"v(®)] (2.16)
P =E{c"wn)y =c"Rc=[c]0 (2.17)
Because R, = val. Therefore, the resulting SNR at the output, known as array SNR, is

_ MSMR g @19

[c]’

Which is simply the product of the beamforming gain and the element level SNR.Thus, the
beamforming gain is given by

SNR oy _ ["V(D) |,

G,.. =
" SNR element [C] ?

(2.19)

The beamforming gain is strictly a function of angle of arrival @y of the desired signal, the

beamforming weight vector ¢, and the number of sensors M.

2.4 Spatial Matched Filtering or Steering Vector Beamformer

The array signal model of a single signal, arriving from a direction ®_, with sensor thermal

s

noise is given as

x(n) = VM v(®,)s(n) + w(n) (2.20)



Where the components of the noise vector w (n) are uncorrelated and have power O'f,. The

individual elements of the array contain the same signal s (n) with different phase shifts
corresponding to the differences in propagation times between elements. Ideally the signals from
the M array sensors are added coherently, which requires that each of the relative phases be zero
at the point of summation; that is, s (n) is added with a perfect replica of itself. Thus a set of
complex weights is needed that result in a perfect alignment of all sensor signals. The

beamforming weight vector that phase aligns a signal from direction ®_at the different array

elements is the steering vector, which is simply the array response vector in that direction, that is,

Cop (@) =V(D)) 2.21)
This steering vector beamformer is also known as the spatial matched filter since the steering
vector is matched to the array response of signals impinging on the array from an angle ®_ . As a
result, @, is known as the look direction. The use of the spatial matched filter is commonly

referred to as conventional beamforming.The output of spatial matched filter is

y(n) = cp (P)x(n) =v" () x(n) (2.22)

By substituting x (n) and v (P, ) from equations (2.7) and (2.8) respectively,
y(n) =M s(n)+ w(n) (2.23)
where w(n) = c,’,ff (®,)w(n)is the beamformer output noise. The array SNR of the spatial

matched filter output can be written as

2 2
SRy = % T ERY (Acia)sw(n)]2 T @Ai?v@ )
2 n S s n s (2'24)
=M% = M.SNR,,,
O

w

The beamforming gain is Gps= M, that is, equal to the number of sensors. In the case of spatially
white noise, the spatial matched filter is optimum in the sense of maximizing the SNR at the

output of the beamformer. Thus, the beamforming gain of the spatial matched filter is known as



array gain because this is the maximum possible gain of a signal with respect to sensor thermal
noise for a given array. The gain is limited due to limitation on the number of array elements.
The spatial matched filter or the conventional beamformer maximizes the SNR because
the individual sensor signals are coherently aligned prior to their combination. The other sources
of interference that have spatial correlation require other type of adaptive beam formers that

maximizes the signal to interference plus noise ratio (SINR).

oL A
o (&)} o (&)}
T T T T
| | | |

Normalized Array Gain(dB)
)
[6)]
|

401 ,
45+ ,
_50 | | | | | | | |
0 20 40 60 80 100 120 140 160 180
Angle(deg)

Figure 2.3 A sample beam pattern of a spatial matched filter for an M=12 element ULA steered

to ® =90°

2.5 Beam Response

A standard tool for analyzing the performance of a beamformer is the response for a given

weight vector ‘c’ as a function of angle ®, known as the beam response. This angular response is



computed by applying the beamformer ¢ to a set of array response vectors from all possible
angles, thatis, 0 < ® <1807,
C(P)=c" v(®) (2.25)

Typically, in evaluating a beamformer, the quantity |C(CI>)|2is required, which is known as the

beam pattern. A sample beam pattern for a 12-element uniform array with uniform weighting
(cm=1A/M) is shown in fig. 2.3, which is plotted on a logarithmic scale in decibels. The large

main lobe is centered at @ = 90°, the direction in which the array is steered.

2.6 Analysis of Beampattern

The beam pattern of the spatial matched filter can illustrate several key performance metrics of
an array [12]. The first and most obvious attribute is the large lobe centered on ®s, known as the
main lobe or main beam, and the remaining, smaller peaks are known as side lobes. The value of
beam pattern at the desired angle ® = ®; is equal to 1(0 dB) due to the normalization used in the
computation pf the beam pattern. A response of less than 1 in the look direction corresponds to a
direct loss in desired signal power at the beamformer output. The sidelobe levels determine the
rejection of the beamformer to signals not arriving from the look direction. The second attribute
is the beam width, which is the angular span of the main beam. The resolution of the beamformer
is determined by this main lobe width, with smaller beam widths resulting in better angular

resolution
2.7 Effect of element spacing

The element spacing must be d < A/2 to prevent spatial aliasing. The beam patterns of spatial
matched filter for ULAs with element spacing of A/4, A/2, A, and 2A\(equal-sized apertures of 10A
with 40, 20, 10, and 5 elements, respectively) are shown in figure 2.4.it can be noted that the
beam pattern for A/4 and A/2 spacing are identical with equal-sized main lobes and the first
sidelobe having a height of —13dB. The over sampling for the array with an element spacing of
M4 provides no additional information and therefore does not improve the beamformer response
in terms of resolution. In case of the under sampled arrays (d=A and 21), it can be seen that the

same structure (beam width) around the look direction but also note the additional peaks in the



beam pattern (0 dB) at 0°and 180° for d=A and in even closer for d=2A. These additional lobes in
the beam pattern are known as grating lobes. Grating lobes create spatial ambiguities; that is,
signals incident on the array from the angle associated with a grating lobe will look just like
signals from the direction of interest. The beamformer has no means of distinguishing signals
from these various directions. In certain applications, grating lobes may be acceptable if it is
determined that it is either impossible or very improbable to receive returns from these angles;
for example, a communications satellite is unlikely to receive signals at angles other than those
corresponding to the ground below. The benefit of the larger element spacing is that the resulting
array has a larger aperture and thus better resolution. The topic of larger apertures with element

spacing greater than A/2 is commonly referred to as a thinned array [3].
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Figure 2.4  Beam patterns of a spatial matched filter for different element spacing with an
equal-sized aperture L =10A



2.8 Array Aperture and Beamforming Resolution

The aperture is the finite area with a sensor collects spatial energy [1]. In the case of a ULA, the
aperture is the distance between the first and last elements. In general, the designer of an array
yearns for as much aperture as possible. The greater the aperture, the finer the resolution of the
array, which is its ability to distinguish between closely spaced sources. Improved resolution
results in better angle estimation capabilities. The angular resolution of a sensor array is
measured in beam width Ay, which is commonly defined as the angular extent between the nulls
of the main beam Aynm, or the half power points of the main beam (-3dB) Ayzgs. As a general rule
of thumb, the —3dB beam width for an array with an aperture length of L is quoted in radians as

AD,, ~A/L (2.26)

Although the actual —3dB points of a spatial matched filter yields a resolution of Ay3as = 0.89A/L
(the resolution of the conventional matched filter near broadside, $=90°). The approximation in
(2.26) is intended for the full range of prospective beam formers, not just spatial matched filters.
Since the resolution is dependent on the operating frequency F. or equivalently on the
wavelength, the aperture is often measured in wavelengths rather than in absolute length in
meters. At large operating frequencies, say F. = 10GHz or A = 3cm (X band in radar
terminology), it is possible to populate a physical aperture of fixed length with a large number of
elements, as opposed to lower operating frequencies say, Fc = 300MHz or A = Im.

The effect of aperture on radiation is shown using a few representative beam patterns.
Figure 2.5 shows beam patterns for M =4, 8, 16 and 32 with interelement spacing fixed at d=A/2
(nonaliasing condition). Therefore, the corresponding apertures in wavelengths are D=2A, 4, 8A
and 16A. Clearly, increasing the aperture yields better resolution with a factor of 2 improvements
for each of the successive twofold increases in aperture length. The level of the first sidelobe is

always about —13dB below the main lobe peak.
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Figure 2.5 Beam patterns of a spatial matched filter for different aperture sizes with a

common element spacing of d = A/2



Chapter 3
Interference Cancellation using Non-Adaptive Beamforming
Techniques

The interference level can be reduced by means of various adaptive and non-adaptive
beamforming methods. In this chapter non-adaptive alternative that can be employed in certain
cases, namely, the use of a taper with the spatial matched filter is discussed. Other non-adaptive
method that is the optimum beamformer, which is based on a priori knowledge of the data

statistics, 1s also discussed.

3.1 Tapered Beamforming

The spatial matched filter would be perfectly sufficient if the only signal present, aside from the
sensor thermal noise, were the signal of interest [3]. However, in many instances, it must be
contended with other, undesired signals that hinder our ability to extract the signal of interest.
These signals may also be spatially propagating at the same frequency as the operating frequency
of the array. Such signals are referred as interference. These signals may be present due to hostile
adversaries that are attempting to prevent us from receiving the signal of interest, for example.
Jammers in radar or communications or they might be incidental signals that are present in our
current operating environment, such as transmissions by other users in a communications system
or radar clutter.

However, there are also non-adaptive alternatives that can he employed in certain cases,

namely, the use of a taper with the spatial matched filter.
3.1.1 Example of Tapered Beamformer

Consider the ULA signal model from (2.20), but now including an interference signal i(n) made

up of P interference sources

x(n) =s(n) +i(n) + w(n) = VMv(9,)s(n) + VM Y v(¢,H, (n)) + w(n) (3.1)



where v (®,) and ip(n) are the array response vector and actual signal due to the pth interferer
respectively. If a ULA is assumed with A/2 element spacing, the beampattern of the spatial
matched filter, as shown in Figure 3.1, may have sidelobes that are high enough to pass these
interferers through the beamformer with a high enough gain to prevent us from observing the
desired signal. For this array, if an interfering source were present at $=20° with a power of 40
dB, the power of the interference at the output of the spatial matched filter would be 20 dB
because the sidelobe level at ¢=20° is only -20 dB. Therefore, if a weaker signal is being

received from ¢s = 90°, it will be unable to extract it because of sidelobe leakage from this

interferer.
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Figure 3.1: Beam patterns of beam formers with M=20 with no taper (solid line), -50 dB taper

(dashed line), and —70dB taper (dash-dot line)

The spatial matched filter has weights all with a magnitude equal to 1/+/M . The look direction

is determined by a linear phase shift across the weights of the spatial matched filter. However,



the sidelobe levels can be further reduced by tapering the magnitudes of the spatial matched
filter. To this end, a tapering vector t is applied to the spatial matched filter to realize a low

sidelobe level beamformer
Ctbf ((l)s) = t®cmf (q)s) (32)

Where ® represents the Hadamard product, which is the element-by-element multiplication of
the two vectors. This beamformer is referred as the tapered beamformer.
The determination of a taper can be thought of as the design of the desired beamformer where c¢

simply determines the desired angle. The weight vector of the spatial matched filter from
equation (2.21) has unit norm; that is, c?lfcmf =1. Similarly, the tapered beamformer cuy is

normalized so that
CZ (@) (9,) =1 (3.3)

Here, Dolph Chebyshev tapers are used for illustration purpose. This taper produces a constant
side lobe level (equiripples in the stop band in spectral estimation), which is often a desirable
attribute of a beamformer. The best taper choice is driven by the actual application. The beam
patterns of the ULA are used again, but this time the beam patterns of tapered beam formers are
also shown in Figure 3.1. The sidelobe levels of the tapers were chosen to be -50 and -70 dB.
The same 40dB interferer would have been reduced to -10 and -30 dB at the beamformer output,
respectively.

However, the use of tapers does not come without a cost. The peak of the beam pattern is no
longer at 0 dB. This loss in gain in the current look direction is commonly referred to as a

tapering loss and is simply the beam pattern evaluated at Q.

2 2

A
L = =

‘taper

(3.4)

Cuyr (9,)

¢ (9,)v(9,)

Since the tapering vector was normalized as in (3.3), the tapering loss is in the range 0<
Liaper < 1 with Ligper = 1 corresponding to no loss (untapered spatial matched tilter). The tapering
loss is the loss in ‘SNR’ of the desired signal at the beamformer output that cannot be recovered.
More significantly, notice that the main lobes of the beam patterns in Figure 3.1 are much
broader for the tapered beam formers. The consequence is a loss in resolution that becomes more
pronounced as the tapering is increased to achieve lower sidelobe levels. Its interpretation for an

array can better be understood by examining plots of the magnitude of the taper vector t, shown



in Figure 3.2 for the -50- and -70- dB Dolph-Chebyshev tapers. Note that the elements on the
ends of the array are given less weighting as the tapering level is increased. The tapered array in
effect de-emphasizes these end elements while emphasizing the center elements. Therefore, the
loss in resolution for a tapered beamformer might be interpreted as a loss in the effective aperture

of the array imparted by the tapering vector.
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3.2 Optimum Array Processing

So far, beamformers whose weights are determined independently of the data to be
processed are considered. If instead the actual beamforming weights are based on the array
data themselves, then the result is an adaptive array and the operation is known as
adaptive beamforming. Ideally, the beamforming weights are adapted in such a way as to
optimize the spatial response of the resulting beamformer based on a certain criterion. To
this end, the criterion is chosen to enhance the desired signal while rejecting other,

unwanted signals. This weight vector is similar to the optimum matched filter [10].

Optimum array processing methods make use of the a priori known statistics of the
data to derive the beamforming weights. Implicit in the optimization is the a priori
knowledge of the true statistics of the array data. The general term adaptive is used to refer
to beamformers that use an estimated correlation matrix computed from array snapshots
while reserving the term optimum for beamformers that optimize a certain criterion based
on knowledge of the array data statistics. The array signal model that contains interference
in addition to the desired signal and noise is discussed first. Then the optimum beamformer
is derived where the optimality criterion is the maximization of the theoretical signal-to-

interference-plus-noise ratio.

The signal of interest is seldom the only array signal aside from thermal noise present.
The array must often contend with other, undesired signals that interfere with our ability to
extract this signal of interest. Often the interference is so powerful that even a tapered
beamformer is unable to sufficiently suppress it to extract the signals of interest. The
determination of the presence of signals of interest is known as detection, while the inference of
their parameters; for example, the angle of arrival ¢ is referred to as estimation. The topic of
detection is not explicitly treated here. Rather, the visibility of the desired signal is maximized at
the array output, that is, the ratio of the signal power to that of the interference plus noise, to

facilitate the detection process.

Gnsoe an array sgnd that congds of the desred Sgnd s (n), an intefaaxce
sgnd i(n)dongwith sensar themdal nasew(n), that is
x(n)=s(n)+1(n) + w(n) = \/MV((I)S )s(n) +1(n) + w(n) (3.5)



Wheaes (n) isa sgna with ddemnigic arplitude os and unifarmly digributed
rancomphase Theintefeaenceplusnaseconponatt of thearray Sgnd is

X, (n)=i(n)+w(n) (3.6)
Which are bath nooded as zero-mean fodhadic prooesses The intefaace has
goatid axrdation acarding to theangles of theamitributing intefees whilethe
themdl naseis goatidly uncorrdated. The sensor thamal naieis assumed to be
unaorrdated with powe o> . The assunption is meoe that al o these three

aompangitsarenutudly unaarrdated. Asarealt, thearray aorrdation metrix is
R, = E{en)x" (m)}= Mo 2v(p, )" (®,)+ R, +R, (3.7)
Where Gf is the power of the signal of interest and R; and R, are the interference and noise

correlation matrices, respectively. The interference-plus-noise correlation matrix is the sum of

these latter two matrices
Ri+n = Ri + Rn (38)

Where R, = o1 since the sensor thermal noise is spatially uncorrelated.

3.2.1 Optimum Beamforming

Theultimate goal of the progoative adqotive beanfarme is to corbine the sensor
sgndls in such a way that the inteference sgndl is reduoced to the levd o the
therd naxe while the desred sgndl is presavad. Sated anathe way, it is
reguired to maxinmzetheratio of thesgna powe tothat of theintefeeceplus
nasg known astheSNR, meximzingthe S NR istheqotimdl aiteion far nog
adetion ad edimation prablars Snply Sated, maxinmizing the S NR saks to
inprovethevishility of thedesraed sgnal as nmuch as passblein a backgraund of
intefaenca This aitaion shauld nat be anfused with maximzing the SNR



(oatid matahed filter) in theabsence o intaferenae[J]. At theinput of thearray,
that is in eachindvidual ssnaxr, theS NR isgven by

02
SINR  =—"— 3.9

2 2 2 . . . . . .
Where 6,0, and G are the signal, interference, and thermal noise powers in each individual

element. The SINR at the beamformer output, following the application of the beamforming

weight vector c is

2

(c"s(n)* Mo |c"v(g,)
SINR,,, = — A= -
EﬂcHxH” (n) ‘ } CR;,,cC

This array output SINR is maximized. First, note that the interference-plus-noise correlation

(3.10)

matrix can be factored as

R, =L._L" (3.11)

1+n +n

where Li, is the Cholesky factor of the correlation matrix. Thus, defining

c=L" ¢ (3.12)
v(9) =L, v, (3.13)
(3.10) can be written as
JH 2
Mc’le v(9,)
SINR_ = - (3.14)
-
Using the Schwartz inequality
_H -
c v(g)<|c V(¢S)H (3.15)
And substituting (3.15) into (3.14),
120 - 2
cll [v(d,) ) ’
SINR <Mo’ —=Mo |v(9,) (3.16)

out N ‘

Thus, the maximum SINR is found by satisfying the upper bound for (3.16), which yields



H

SINR™ =Mo’v (0.)v(d.) =Mo" (0 )R’ v(o.)] (3.17)

The same maximum SINR is obtained if ¢ = Oc{/((l)s)where o is an arbitrary constant. In other

words, the SINR is maximized when these two vectors are parallel to each other and o can be
chosen to satisfy other requirements. Therefore using (3.13), the optimum weight vector.
c,=al, V(@ )=aR; V(D) (3.18)

i+n i+n

Where o is an arbitrary constant. Thus, the optimum beamforming weights are proportional to
R:nV(Q)S). The proportionality constant o in (3.18) can be set in a variety of ways.Table 3.1

gives various normalizations for the optimum beamformer. The normalization adopted

throughout this chapter is to constrain the optimum beamformer to have unity gain in the look

direction, that is, COHV(¢S) =1. Therefore,

covo)=alR L vo)" ko) =1 (3.19)
And the resulting optimum beamformer is given by
R v(0)
S Dy (3.20)
v (q)s )R i+n V(q)s )

In general, the normalization of the optimum beam former is arbitrary and is dictated by the use
of the output, for example, measure residual interference power or detection. In any case, the
SINR is maximized independently of the normalization. The most commonly used
normalizations are listed in Table 3.1.

Alternately, the optimum beamformer can be derived by solving the following
constrained optimization problem: Minimize the interference-plus-noise power at the

beamformer output
2
P = E{‘c“xm () } =c"R ¢ (3.21)
subject to a look-direction distortion less response constraint, that is,
min Py,  subjectto ¢ v(0y) =1 (3.22)
The solution of this constrained optimization problem is found by using Lagrange multipliers

and results in the same weight vector. This formulation has led to the commonly used term

MVDR beamforming.



TABLE 3.1
Optimum weight normalizations for unit gain in look direction, Unit gain on noise, and unit gain

on interference-plus-noise constraints.

Constraint Mathematical Optimum Beamformer

Formulations Normalization
. . . H o _1 '_
MVDR (unit gain in look c, V(q)s) =1 o= .VH((DS)RHHV((DS)_ 1
direction)

Unit noise gain H, _ I - 1!

- %0 a=|" @R 2]

Unit gain on interference- H - I » L

€0 Riun®o =1 o=[" @R Vo)

plus-noise*

* This normalization is commonly referred to as the adaptive matched filter normalization. Its
use is primarily for detection purposes. Since the output level of the interference-plus-noise has a

set power of unity, a constant detection threshold can be used for all angles.

The optimum beamformer passes signals impinging on the array from angle ¢, while rejecting
significant energy (interference) from all other angles. This beamformer can be thought of as an
optimum spatial matched filter since it provides maximum interference rejection, while matching
the response of signals impinging on the array from a direction ¢s. The optimal weights balance
the rejection of interference with the thermal noise gain so that the output thermal noise does not
cause a reduction in the output SINR.

The optimum beamformer maximizes the SINR given by (3.17) which is, independent of
the normalization. Another useful metric is a measure of the performance relative to the
interference-free case, that is, x(n)= s(n)+w(n). To gauge the performance of the beam former

independently of the desired signal power, the SINR is normalized by the hypothetical array

2

output SNR, had there been no interference present, which from (3.23) is SNR  =——. The

u

resulting measure is known as the SINR loss, which for the optimum beamformer by substituting

into (3.17) is



2 SINR,,(4,) _

2. H R—l 2
SR, o,V (PR, V(9,) (3.23)

Lsinr (¢s)

The SINR loss is always between O and 1, taking on the maximum value when the
performance is equal to the interference-free-case. Typically, the SINR loss is computed across
all angles for a given interference scenario. In this sense, the SINR loss of the optimum
beamformer provides a measure of the residual interference remaining following optimum
processing and informs us of our loss in performance due to the presence of interference. It can
be noticed that (3.23) is the reciprocal of the minimum-variance power spectrum of the

interference plus noise.

3.2.2 Tapered Optimum Beamforming

In the derivation of the optimum beamformer, the vector v (¢s) is used that was matched to the

array response of a desired signal arriving from an angle ¢s. The resulting beamformer weight
vector ¢y has unity gain in this direction, that is, cgv((bs) =1 owing to the normalization of the

weights. However, the sidelobes of the beamformer are still at the same levels as the spatial
matched filter (non-adaptive beamformer), although with a different structure, as can be seen
from a sample beampattern of the optimum beamformer shown in Figure 3.3.

The optimum beamformer uses the interference-plus-noise correlation matrix Rj.,. Now,
although the beamformer weights must be estimated from intervals of the data that contain only
interference (no desired signal present), they are presumably applied to segments that contain

both interference and a desired signal. A desired signal at an angle (¢ ) may be easily found by
using an adaptive beamformer directed to this angle (¢ = ¢,), assuming the signal strength after

beamforming is significantly larger than the sensor thermal noise. However, other angles are

found for potential desired signals. If one of these other angles is taken, say, (¢, =¢ ), it is

avoided concluding a signal is present when it may actually be due to sidelobe leakage of the

signal at ¢, . This problem is illustrated by using the beampattern of an optimum beamformer

with an interferer at¢ = 20° in Figure 3.3.
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Figure 3.3: Beam pattern of the optimum beamformer when an interferer is present at an angle
20° with INR=70 dB. Solid line is the optimum beamformer and dashed line is for the

conventional beamformer.
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The optimum beamformer is steered to an angle ¢, =90°. Let us assume another signal
is present at ¢, =120° that was not part of the interference (not accounted for in the interference
correlation matrix). The gain of the optimum beamformer at ¢ =120°is approximately —20dB. If
the strength of this signal is significantly greater than 20 dB, the optimum beamformer steered to
¢, =90° will pass this sidelobe signal with sufficient strength that it can be erroneously
concluded a signal is present at ¢ =90°. This problem is commonly referred to as a sidelobe

target or desired signal problem.

The sidelobe signal problem described above can be cured, at least partially, by reducing
the sidelobe levels of the beamformer to levels that sufficiently reject these sidelobe signals. As

described in Section 3.1, the application of a taper to a spatial matched filter resulted in a low



sidelobe beampattern. The same principle applies to the optimum beamformer [3]. A tapered

array response vector at an angle 0_is

Vt(q)s)zctbf (q)s) :t®cmf (q)s) (3'24)
where t is the tapering vector and ® is the Hadamard or element-by-element product. The

tapering vector is normalized such that v. (¢ )v (¢ ) =1 as in (3.3). The resulting low sidelobe
adaptive beamformer is given by substituting in v (¢_) for v(¢,) in (3.20)
_ RO
¢ VIOOR, v, (0)

Daph-Chebysher tgoer is usad far illudtration purposes bacause this chace of
tgoe provides a unifaomsaadabelevd. Consde the qotimumbearrfarme with an
intefaea a o=20° fram Figure 33 with a patetid sgna legking thraugh the
gadabeat ¢=120°. If indead a tgoered qotimum bearrfarme is congdered fram
(34) with a -500B saddabe tgoa, a paaitia sgnd at ¢ =120° rexdves a -50dB
levd of attenation. Figure 3.4 shows the beanpatten o this tgoered qotinum
bearfarme. The Sodabe levds are Sgnificantly reducad while the null on the
intafae a ¢ =20° hasbean maintained.

(3.25)

The adaptive beamformer given by (3.25) is no longer optimal in any sense (unless it
were somehow possible for our desired signal to be spatially matched to v (¢ )). However, the
resulting adaptive beamformer still provides rejection of unwanted interferers via spatial nulling

through the use of R:n in (3.25). In addition, the low sidelobe levels of the beampattern reject
signals not contained in the interference that are present at angles other than the angle of look ¢ .

The penalty to be paid for the robustness provided by these low sidelobes is a small tapering loss

in the direction of the look ¢_, given by

Vioor o) [ @Ry @)

H = =" > (3.26)
Vt (¢S)Ri+nvt(¢s) Vt (¢5)Ri+nvt(¢s)

H 2
Ltaper - Ctov(q)s) -




and a widening of the main lobe beamwidth, as can be seen in the beampattern in Figure 3.3.
This tapering loss indicates a mismatch between the true signal and the constraint in the optimum

beamformer.



Chapter 4
Interference Cancellation using Adaptive Beamforming

Techniques

In this chapter, the use of adaptive methods of beamforming, that are based on
collected data from which the correlation matrix is estimated, is discussed.
Adaptive beamforming is highly suitable for a CDMA system, because the
spreading codes can be used as a reference for beamforming. There are two
types of methods: block adaptive and sample-by-sample adaptive. A block
adaptive implementation of the optimum beamformer uses a “block” of data to
estimate the adaptive beamforming weight vector and is known as sample matrix
inversion (SMI). In sample-by-sample adaptive methods the weights are updated
for each new sample. The beam patterns of recursive least square (RLS) and least
mean square (LMS) are examined later in this chapter.

4.1 Introduction

Intheprevicus chaotas it aauld besen that theaiteiafar qotinum
beanfamingaredosdy axrdated Theefarg thedxaced apartiaular aitaion is
nat aiticdly inpartant intenms o pafarmancg ontheathe hand thechaicedf
adgotiveagarithns far dariving theadgotivewaghtsishighly inpartant in that it
ada@minesbath thespead of converganceand hardwareaonplexity required to
inplareit theagorithm Theadgotivedgarithisin thischaote areexpressad in
tensd dsxdetime Theaomon adgotiveagaithisthat havebean
invedtigated far bearrfarming in nobileconmunicationsindudethe LMS
dgorithm the SVl tedhniqueand RLSalgarithm TheL MSagarithmissnpleto



inplarent but itsdynamcrangeisquitelimited Theperissbledynarricrangeis
only 20 dB far a spedficsoaario Sncetherenaved Sgnalsin anmobileradio
sysdanvary by morethan 20 dB, powve contrd isrequired if theLMSagarithmis
tobeusd[11].

The SMI approach offers a relatively fast convergence rate. In practice, the signal
environment varies with time due to fading. Thus, the basestation must continually update the
weight vector to adapt to the change in the channel. There are two problems in SMI: (1)
Increased computation complexity that cannot be easily overcome through the use of very-large
scale integration, and (2) numerical instability resulting from the use of finite precision

arithmetic and the requirement of inverting a matrix.

An important feature of the RLS algorithm is that the inversion of the covariance matrix
is replaced at each step by simple scalar division. This feature reduces the computation
complexity while maintaining a similar performance. The convergence rate of the RLS algorithm
is typically an order of magnitude faster than the LMS algorithm, provided that the signal to

noise ratio is quite high. The forgotten factor is very dependent on the fading rate of the channel.

In addition to these three adaptive algorithms, other adaptive techniques have also been
applied to beamforming in mobile communications to overcome the shortcomings or improve the

performance of these algorithms.
4.2 Sample Matrix Inversion

The MVDR weight vector derived above in (3.20) assumes that the covariance matrix, Rjy, is
known, and is referred to as an optimal beamformer [18]. In practice, the covariance matrix is
not known but rather must be estimated using training data. A beamformer that uses estimated
statistics is called an adaptive beamformer. Our interest in this dissertation is in adaptive
beamformers. The standard method of estimating the covariance matrix is by constructing the

sample covariance matrix, given by the average of the array snapshots



N 1 &
Ri+n = _ZxH—n (nk )in:Il-n (nk) (41)
K=

where Xjn(ng) is the kg, training sample, the indices ng define the K samples of Xj,(ng) for

1<n<N and K is the total number of training samples that are available. The sample

covariance matrix, R.. , is the maximum likelihood estimate of the true covariance matrix, Rj,.

i+n >
When the sample covariance matrix is used in place of the true covariance matrix in (3.20) the
resulting approach is called sample matrix inversion (SMI), i.e.,
__ Rove)

VT @ORLVG)

and the adaptive beamformer is known as SMI adaptive beamformer. As for the optimum

(4.2)

smi

beamformer, an SMI adaptive beamformer can be implemented with low sidelobe control
through the use of tapers. Simply, substituting a tapered steering vector from (3.24) for v (®;) in
4.2)

RLY,(9)
v, QIR V(@)

Similarly, all the adaptive processing methods, linearly constrained beamformer, all the partially

4.3)

tsmi

adaptive beamformers, and the sidelobe canceller can be implemented in a similar fashion by

substituting the appropriate sample correlation matrix for its theoretical counterpart. Of course, it
is difficult to substitute an estimate I%Hn of the true correlation matrix Rj,, into the adaptive

weight equation without experiencing a loss in performance. The output SINR of the adaptive

beamformer is

2 2

Mo?

N

2. H
Cxlr{nixi+n(n)‘ } meiRz’+ncsmi

Coni V(D) Con V(D)

Mo’

N

SINR = =

smi

E{

ol [VH (9, )ﬁ:nv((bs)]z
SV (POR R R V,)

Comparing this to the SINR obtained with the optimum beamformer from (3.14), the loss

(4.4)

associated with the SMI adaptive beamformer

_ SINR,,, b ok o]

i = =— — — - - 4.5)
" SINR, V(PR R, R V@)V (8,)RV(P,)]




This SMI loss is dependent on the array data used to compute R.. . which implies that Ly, like

the data is a random variable. This loss is also called normalized SINR. In fact, L,; follows a
beta distribution given by

K!

Sk sy b)) (4.6)

pﬂ (Lxmi)

Assuming a complex Guassian distribution for the sensor thermal noise and the interference
signals. Here M is the number of sensors in the array, and K is the number of snapshots used to
estimate Rj,,. Taking the expectation of the loss yields

= K+2-M 4.7)

E[Lwni]
‘ K+1

Which can be used to determine the sample support required to limit the losses due to correlation
matrix estimation to a level considered acceptable. From (4.7) it can be deduced that the SMI

loss will be approximately —1 dB for K=5M.
4.2.1 Performance Metrics

In this section, four metrics commonly used for evaluating beamformer performance are defined.
¢ Signal-to-interference-plus-noise ratio (SINR)
e Normalized SINR
e Array gain (AG)
® Mean square error (MSE)
Unless athawise s ated thesequantities areconputed at theautput o the

array beanrfarme. A snulation exanpleisprovided toillusratethebehaviar of
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Normalized SINR (Lgyi) is the ratio of the SINR for a given weight vector to the SINR for
the optimal weight vector. Normalized SINR is an important metric because there are classic

theoretical results that have been derived using this metric.

Array gain is the third metric of interest. Array gain is the ratio of the SINR at the output of
the array to the SINR at the input of the array . It is a measure of the productivity of the array and
also directly impacts system detection performance. As it is shown when the performance
metrics below are simulated, the value of array gain can grow quite large as it reflects not only
the coherent gain from the number of elements but also the impact of nulling jammers.

The last metric of interest is mean square error (MSE). Mean square error is a measure of an
adaptive filter’s ability to cancel interference. As it is shown below, MSE is the most
fundamental of the four metrics. Each of the other three metrics is inversely proportional to MSE

under the conditions cited at the beginning of this section.
4.2.2 Performance Metric Derivation

Let us begin by defining mean square error since this quantity will appear frequently in
subsequent derivations. MSE is a measure of an adaptive filter’s ability to cancel interference.

MSE is defined as [3]

MSE = E[(c.x,,,)’1=c"R,,c (4.8)

Input SINR, or element-level SINR, is ratio of the signal power to the interference plus noise

power at the individual element

o’ o’

SINR. = S = 4.9)

input 0_2 + 0_”2 o

i



where ¢?,07,0. are signal, interference, and thermal noise powers at the individual element
level, and o, is the interference-plus-noise power at the element-level. A convenient means of

computing o/, is

i+n

1
o> =—trace(R, 4.10
N (R.,) (4.10)

(,7) .Output SINR is the ratio of the

N
where N is the number of elements and trace(R,,,) = Z Fion

signal power to the interference-plus-noise power at the output of the array

("x)’ _olc"w@,)’

SINR =
{CHxi+n}2 CHRi+nC

output

(4.11)

Next it can be recalled from the distortion less constraint defined in table (3.1) that ¢"v(¢,)=1.

This constraint implies that there is no steering vector mismatch, i.e., the steering vector used to
compute ‘c’ is identical to the steering vector used to evaluate the SINR. Therefore, output SINR
is

Mo’

SINR,,.,.i = R : . (4.12)

Lastly, it can be noted that the denominator in (4.12) is the same as the mean square error
defined in (4.8). Substituting (4.8) into (4.12) yields the final expression for the output SINR.
Thus it is seen that the output SINR is inversely proportional to the MSE, i.e.,

a
SINR =— 4.13
output MSE ( )

The next performance measure is normalized SINR, which is defined as follows
SINR

= 4.14
p SINR,, (19

where SINR is the output SINR for a given weight vector (e.g., computed using an estimated
covariance matrix), and SINR,y is the optimal output SINR (i.e., computed using the true
covariance matrix). Substituting (4.13) into (4.14) yields

MSE,, MMSE
MSE MSE

p= 4.15)

where the optimal MSE is more commonly referred to as the minimum MSE (MMSE). It is also

noted that the MMSE will be a fixed quantity for a given scenario while the MSE will vary for



each weight vector being evaluated. Therefore (4.15) can also be expressed as in order to
emphasize the inverse relationship with MSE.

a

= 4.16
MSE (4.16)

o

The final performance metric of interest is the array gain (AG). Array gain is defined as follows

_ SINR

= ol 4.17
SINR,, ( )
Substituting (4.9) and (4.13) into (4.17)
M 2
= Y0, (4.18)
MSE

The constants in the numerator can also be replaced by a single generic constant in order to
emphasize the inverse relationship with MSE, i.e.,

G
MSE

(4.19)

4.2.3 Performance Metric Simulation Example
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Figure 4.1: Investigation of mean square error for three beamformers: N=16 element ULA, 5

noise jammers, 1000 trials
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Figure 4.3: Investigation of output SINR for Four Beamformers: N=16 element ULA, 5 noise

jammers, 1000 trials.

The uniformly weighted beamformer is, as expected, the worst of the three beamformers
in scenarios with any appreciable level of jamming. The Chebychev beamformer performs
significantly better than the uniformly weighted beamformer due to its much lower (-40 dB)
sidelobe levels. The Chebychev performance, however, begins to degrade when the JNR level
increases above about 28 dB. The reason that the degradation occurs around 28 dB as opposed to
around 40 dB is because jamming, unlike noise, adds coherently across the array. There are 16

elements, which, unfortunately, provide 12 dB of coherent gain for the jammers.

The next beamformer is the MVDR-SMI beamformer with K = 2N = 32 training samples.
This beamformer adaptively nulls each of the jammers, as in figure 4.1, and thus provides

performance that is independent of the jammer-to-noise ratio. Overall the performance of this



beamformer is quite good. Next the array gain metric is examined in figure 4.2. As the JNR level
increases the array gain values for each of the beamformers increase in recognition of the fact
that the jammers are being suppressed. For the classical beamformers (uniform weighting and
Chebychev weighting) there is a limit to the amount of array gain dictated by the level of the

beampattern sidelobes.

The adaptive beamformers, MVDR-SMI is able to null the jammers all of the way down
to the noise floor. Thus it achieves an array gain that is equal to the total JNR plus the coherent
gain from N elements. For example, with N = 16 elements (12 dB) and a JNR of 60 dB, a total
array gain of 72 dB is possible. The MVDR-SMI beamformer approach this level of array gain.

This shows the benefit of adaptive jammer nulling as opposed to deterministic sidelobes.

The next metric, output SINR is plotted in Figure 4.3. This is simply an inverted and
scaled version of the MSE plot shown in Figure 4.1. It can be seen that at low JNR levels the
beamformer results are clustered around 12 dB. The element-level SNR is 0 dB in this example
and there are 16 elements. Thus 12 dB is the value of output SINR that would be expected. As
the jammer-to-noise-ratio increases the classical beamformers each reach a threshold where
SINR performance begins to degrade. The adaptive beamformers provide jammer nulling

throughout and thus are able to maintain the peak level of SINR.

The last performance metric, normalized SINR, is shown in Figure 4.4. Being a
normalized version of output SINR the only difference between Figures 4.3 and 4.4 is the y-axis

scaling.
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Figure 4.4: Investigation of normalized SINR for three beamformers: N=16 element ULA, 5

noise jammers, 1000 trials.

4.2.4 Monte Carlo Simulation of SMI beamformer

In this section, the use of Monte Carlo simulation is demonstrated using spatial array processing
and the SMI beamformer introduced in above section. This example is taken because an
analytical solution exists that characterizes the normalized SINR p as a function of the number of
training samples.

The adaptive array architecture that is simulated is shown in Figure 4.5. The randomness
for this system comes from two sources. Each of the M elements has its own receiver, and each

receiver contributes thermal noise to the system. The impact of these receivers noise sources is



characterized by a diagonal covariance matrix, R, = oI . Additionally there is “colored noise"
in the system due to the presence of multiple barrage jammers, also called interferers. Each
jammer is modeled as Gaussian random processes and is characterized by the following
covariance matrix [3]

R =ov(@ " (@) (4.20)
Where o is the jammer's power and v(®,) is the array manifold vector associated with the
jammer's direction of arrival, ®,. Formation of the overall interference-plus-noise covariance

matrix, Ri;n = Ri + R, is an important early step in the simulation. Next, Figure 4.6 shows the
basic approach used for the simulation.

The simulation is divided up into three sections: definitions and initializations, main
program, and outputs. Within the main program there are three main functions: generating the
training data, computing the adaptive weight vector, and evaluating the performance of the
adaptive weight vector. A key part of the definitions and initializations stage involves forming

the true interference-plus-noise covariance matrix, Ri,, as was discussed above. The adaptive

algorithms are based on training data snapshots drawn from R;,,. Thus a key function at the start

of the main program is generating data snapshots. These snapshots can be computed as follows

x,(n,)=R’a, (4.21)

where
a, :%(randn(N,1)+ jXrandn(N 1)) (4.22)
where “ randn” refers to MATLAB’s normally distributed random number generator and

j =a/—1. Observe that

Ela,a; 1=1 (4.23)

And therefore,
Elx,x1=R}’Ela,a; R} (4.24)
=R;IR}) (4.25)

=R, (4.26)
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Figure 4.5: Block Diagram of an Adaptive Array

In figure 4.5, x;(k) is the kth measurement taken at element i, w; is the complex conjugate of the

iz, complex weight, y is the beamformer output, and N is the number of elements.
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Figure 4.6: Basic Approach to Monte Carlo Simulation for Adaptive Arrays.

The second main function within the main program is computing the adaptive weight vector. In

this section the MVDR-SMI beamformer is evaluated, which as in (4.2) is computed from
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(4.27)

smi

~ 1 ¢ . . . -
whereR,,, = EZXH" (n,)x/! (n,)is the sample covariance matrix computed from the training
k=1

snapshots, Xjn(ng).

The third main function of the main program is evaluating the adaptive weight vector’s
performance. Section 4.4 provides a detailed discussion of four different metrics. Normalized
SINR is used in this section. Normalized SINR, p, is a random variable that has a beta

distribution. Monte Carlo simulation is used to compute the sample mean, p, of this random

variable, i.e.,

1 Y,
L 4.28
p=y—LP (4.28)

me n=1
Where p is the normalized SINR computed on a single trial, and Ny, is the total number of
Monte Carlo trials. Recall from Section 4.4 that

o MMSE __a
MSE ~ MSE

(4.29)

There is an important caution with regard to (4.29). When evaluating the sample mean, p, one
must compute P for each trial and then literally apply (4.28). Next the MVDR-SMI simulation

is implemented. The simulation parameters are the same as those used above in the simulation of
Section 4.4, except that now instead of varying the jammer-to-noise ratio, the JNR is fixed at 50
dB per jammer, and vary the number of training samples. The results of the simulation are shown
in Figure 4.7. Note how poorly the MVDR-SMI beamformer does when limited to only K = IN
= 16 samples. Recall from (4.7) that the analytical solution for the MVDR-SMI normalized
SINR is given by

_K+2-M

E[L,, 1= 4.30
[ mu] K+1 ( )

Where M is the number of elements and K is the number of training samples. An excellent
agreement is seen between the simulated and the analytical solutions. Thus, Monte Carlo

simulation is an important source for the validation of codes.
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Figure 4.7: Validation Example for Monte Carlo Simulation. Comparison of Analytical and
Simulated Solutions for the Normalized SINR of an MVDR-SMI Beamformer:1000 Monte

Carlo trials.

4.3 Least Mean Squares Algorithm
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method theypdated valuedf thewaght vadtar at timen+1isaonmputed by usng
theanplereaursverdation [8]

wn+1) = W(n)+%,u[—V(E{€2(n)})] or wn+1)=wn)+ulr—-Rwn)] 4.31)

Where R is covariance matrix and r is cross correlation matrix between the desired signal and
incoming signal. In reality, an exact measurement of the gradient vector is not possible, since this
would require a prior knowledge of both R and r. the most obvious strategy is to use their

instantaneous estimates, which are defined, respectively, as
I%(n) =x(n)x" (n) and #(n) =d(n)x(n) (4.32)
The weights can be updated as

w(n+1) = w(n) + px(n)[d (n) — x" (n)w(n)] = w(n) + wx(n)e(n) (4.33)
The gain constant L controls convergence characteristics of the random vector sequence
w(n). This is a continuously adaptive approach, where the weights are updated as the data are
sampled such that the resulting weight vector sequence converges to the optimum solution.
Continuous adaptation works well when statistics related to the signal environment are
stationary. The primary virtue of the LMS algorithm is its simplicity. Its performance is
acceptable in many applications. However, its convergence characteristics depend on the eigen
structure of R. When the eigen values are widely spread, convergence can be slow and other
adaptive algorithms with better convergence rates should be considered. The beamforming using
LMS algorithm is shown in fig. 4.8. The gain control parameter W is taken to be .0013. In this
example, the signal is assumed to be coming from 0° with SNR=10 dB and two interferers from

-20° and 50° respectively both with SIR=-10 dB.
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Figure 4.8: Beam pattern of a LMS adaptive beamformer for pu=. 0013, No. of antenna elements

N=10, No. Of interferers = 2, SIR=[-10 —10], SNR=10,Angle of arrival of interferers = [-20 50],

Angle of arrival of signal = 0 degree, No. of iterations=1000.
4.4 Recursive Least Square Algorithm

In RLS algorithm, R and r can be estimated using the weighted sum [8]
N N
R(n)=Y y""x()x" () and F(n)=Y y""d(i)x(i) (4.34)
i=1 n=1

The weighting factor, 0 <3 <1, is intended to ensure that data in the distant past are “forgotten”

in order to allow the processor to follow the statistical variations of the observable data.
Factoring out the terms corresponding to i = n in (4.34), we have the following recursion for

updating both R(n)and 7 (n)

R(n)=1R(n—1)+x(n)x" (n) and F(n) =¥ (n—1)+dn)x(n) (4.35)

Using Woodbury’s identity, the following recursive equation is obtained for deriving the inverse

of the covariance matrix,



R (m) =y '[R™ (n=1)=g(m)x(m)R™" (n=1)] (4.36)
Where the gain vector q(n) is given by

Y 'R (n=Dx(n)

O % R (n— () (*37
To develop the recursive equation for updating the least square estimate w(n),
v?z(n_)1 = Ii_l (n)r(n) ) 438)
=7 [R(n=1D)—qgm)x(m)R" (n=DIxX[p(n—=1)+d(n)x(n)]
Rearranging the above equation the weight vector can be updated as follows:
w(n) = w(n—1)+qgm[d(n)—w" (n—1)x(n)] (4.39)

An important feature of the RLS algorithm is that the inversion of the covariance matrix is
replaced by a simple scalar division. The convergence rate of the RLS algorithm is typically an
order of magnitude faster than that of the LMS algorithm, provided that the signal-to-noise ratio
is high. An example of beamforming using RLS algorithm is shown in fig.4.9. The RLS
algorithm is used for updating the weight vector for an antenna array with number of elements
N=10. The forgetting factor is taken to be 0.95. The converged weights are then multiplied with
steering vector steered to the direction of arrival of incoming signal i.e. 45° to plot the beam

pattern.
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4.9: Beam pattern of a RLS adaptive beamformer for Yy = .95, No. of antenna elements N=10,

Angle of arrival of signal =45 degree, No. of iterations=100.



Chapter 5
Tapered Beamforming Technique for Antenna Arrays
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5.1 Introduction

Antenna arrays reduce the co-channel interference by spatial variations of antenna gain [12].
This improves the QoS and hence the system capacity by a large margin as compared to omni-
antenna at the BS of mobile communication systems. In CDMA systems as the number of co-
channel interferers is very large, antenna array is going to be an integral part of the 3G systems.
Owing to large number of interferers, to know the angular directions of all the interferers for a
MS would be a cumbersome task, if not impossible to form the beam to null them. In the uplink,
covariance matrix is estimated to find out the DOAs of the interferers of a MS and maximize the
signal to interference ratio for its proper beamforming. In CDMA mobile communication
systems the main criterion for beam forming is to maximize the power received from the desired
direction and minimizing the average power in the undesired direction. But, due to large number
of interferers in CDMA systems nulling or reducing power towards individual interferers as per
their strength will not be possible, as an antenna has a limited degrees of freedom because of

limited number of antenna elements. It should be noted that a receiver with M antennas could



suppress M-1 interfering signals. Thus, instead of nulling the error prone non-unique directions
of the interferers, an adaptive side lobe adjustment would be better. This would require a beam
forming algorithm capable of shaping the overall side lobe levels rather than nulling/reducing the
gain in the individual interferers direction. It should be capable of providing different side lobe

level requirements with one algorithm.

The beamforming technique analyzed in this chapter is capable of
obtaining a Chebyshev pattern with minimum equal side lobe level for a given
main lobe beam-width and vice versa. This technique is based on iterative
scheme, which calculate the weight vectors iteratively, till the power ratios
assigned to the corresponding side lobes is achieved. This is a flexible and
computationally efficient algorithm that can provide any desired antenna
patterns. This method has an advantage that with the knowledge of many points
on the pattern different types of patterns can be obtained. This pattern synthesis
procedure can even be applied to antenna arrays with non-isotropic elements
with arbitrary spacing. The major advantage of this synthesis procedure is its
simplicity and robustness in adapting to the need.

5.2 System Model

Let us consider N isotropic element linear array with a uniform spacing (ULA), non-uniform
amplitude and progressive phase excitation. According to Schelkunoff, the field due to this

antenna array could be represented in a polynomial form as [1]

f(Qm):aOQ§1+a1Q;+a2Qi+ ......... +aNQ§]_1 5.1

where
Q =W =Q2r/A)d.cos@,)+a (5.2)

m

ay is the non-uniform real amplitude, d is the inter-element spacing, A is the wavelength of the

carrier, 6, is the angle from the axis of the array and a 1is the progressive phase excitation. f(£2)



is also called Array Factor (AF). If a non-uniform phase excitation is considered, then the above

polynomial could be written in terms of complex amplitude w, i.e. real amplitude with phase, as
fFQH=w Q% +wQ +w,Q> +..... +w, QN (5.3)
In the matrix notation equation (5.3) can be represented as

T
f(Qm) =w, 'Qm (54)

This AF gives the field due to the antenna array with complex coefficients fed at each antenna
element in m™ direction. If M points are considered on the angular space in the range [0,z ], then
the above equation could be denoted as

Fyn = Qe Wy, (5.5)
F is the field vector, Qis the steering vector and w is the weight vector. If symmetric excitement
is considered i.e. the reference point is the center of the array, summation of phases with weights
would yield real steering vectors. To obtain specific power pattern weight vector need to be
calculated for particular F. Thus, if the corresponding field points are provided in the angular

space, the desired beam can obtain with specified side lobe levels. In the far field, the F will be

real vector denoting the magnitude of the field strength. This lead to the

Re[F,,.,1=Re[Q,.y W, (5.6)

The solution to this equation would be a set of real weights, given as
w=Q'F (5.7)
Thus, using real weights at the antenna elements the desired beam can be formed, i.e. the
appropriate levels of the main lobe and side lobes can be obtained and by applying a proper
phase shift to the antenna elements the beam can be steered. The position of nulls would be
determined by the width of the sidelobes. Different applications require different beamforming
constraints. Some may require proper positioning of nulls in particular directions like radars
while some may require lower sidelobes relative to the main lobe like mobile communications.
In CDMA mobile communications where there are large number of interferers, a beamforming
technique is sought that would efficiently suppress the power in the undesired direction at the
same time maximizing the power in the desired direction. As the antenna array could be of only
finite size, it has finite degree of freedom, i.e., only N-1 nulls can be placed for an N element
antenna array. But the number of co channel mobile stations are much larger than N. Moreover

to place these nulls we must know the direction of the interferers which introduces additional



complexity. A beam forming technique that maximizes the power in the desired direction and
minimizing the average power in the undesired direction is the main criterion required for
beamforming. Hence the sidelobe levels of the antenna pattern are more important than placing
the nulls. One more concern is that once a beam is formed for given sidelobe levels, it should
remain constant while steering the beam by applying proper phase shift. These issues are

resolved in this beamforming technique and the concepts are established through simulations.

I I
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Figure 5.1: Normalized field pattern for ULA with N=10,d=A/2,0=0
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Figure 5.2: Normalized field pattern for ULA with N=11,d=A/2,a=0

First, the nature of the field pattern of a linear array with weight vector equal to unity i.e.

a uniformly excited linear array (ULA) is considered. The inter element spacing is taken as

d=A/2. The progressive phase shift, @ =0, i.e., it is a broadside array. The function f is plotted as

f(Q)=w"-Q for 0<6<1x (5.8)

From the electric field plot as per (5.8) in Fig. 5.1, it is observed that the main beam is in

the broadside direction, i.e., at 6 =z /2. The nulls are the points cutting the x-axis at f=0.

Looking at the sidelobes it could be observed that they alternate in sign with reducing levels

towards endfire direction, i.e., towards endfire direction, i.e., towards 6 =0. This field

configuration is a characteristic of the sinc function. f(€2) in (5.8) is Geometric Progression
(GP) with complex terms, which could be written as

_sin(Ny /2)

Q
J€) sin(y/2)

(5.9)

For small values of y , the function could be approximated as



sin(Ny /2)

Q)=
f(Q) E

= N.sinc(Ny/2) (5.10)

Thus field expression is a normalized sinc function and hence the nature of the field
strength in the space domain is as described above. To calculate a generalized field pattern,
appropriate weight vectors can be chosen for the antenna elements. This would mean that the
field pattern would be weighted sum of cosine series as evident from (5.4). This enlightens the
fact that the basic nature of the field pattern would resemble the sinc pattern for the main lobe
region and sine or cosine pattern for the sidelobe region. Thus, peaks of the field patterns would
always alternate in sign with nulls between them. Based on this conclusion, the function values
of antenna pattern peaks are expressed in alternative sign in the forcing function f (). Thus the

elements of the vector F could be of the form

Mainlobe
— Sidelobe,
+ Sidelobe,

(5.11)

(=1)""' Sidelobe,,_,

Our requirement is to form the antenna beam for given sidelobe levels in specific angular
space. As the total power in the beam remains constant, the required sidelobe levels could be
achieved by placing the nulls properly in the angular space. Chebyshev gave a polynomial
function approach to determine such position of nulls, which would give equal sidelobe levels.
This would be a nice approach if we were only concerned with equal sidelobe levels. In mobile
communications, at the BS, the beam formation should be able to achieve any arbitrary sidelobe
levels as per the requirements. Thus a generalized and flexible technique is required to achieve

this. Here, this would be achieved by formulating iterative matrix problem.



5.3 Algorithm Used

This algorithm is discussed in [14]. There was a problem in the placement of nulls in case of odd
number of elements, which is solved by placing the null in the end fire direction at

approximately near to 180° not exactly at 180°. The two-step beamforming algorithm is as

follows:
w? =1
0
.Q( ) — Q‘(O)
(n+l) __ (n)\—1

Here, Q , is the initial steering matrix with given main beam direction and the direction of the

side lobes of ULA. The basic property of beamforming is imbedded in ULA, which is exploited
in knowing the side lobe directions as an initial step. Once the side lobe directions are known,
depending on the relative magnitude required for the side lobes forcing vector F is formulated.
The first set of weight vectors is calculated using equation (8). For inverse of €, matrix should
be a square and for N element array, there are N-2 distinct side lobes. To make lesser
computation, instead of using singular value decomposition, the matrix is made square. This
could be done in two different ways depending on the number of antenna elements.

1. If the number of antenna elements is even, a null in the end fire direction could be
impressed at 6 =0 or6 =z for no-endfire array and a null at6 =z /2 for end fire array, to make
the matrix square and vector F of length N. This is because even number of elements tends to
have null in the endfire direction for broadside arrays and null at the broadside for the endfire
arrays as shown in figure 1.

2. If the number of antenna elements is odd, the null nearest to the main lobe could be
held constant. Another possibility could be to repeat a side lobe at the endfire direction for 6 =0
and6 ~=z . This is because odd number of elements tends to have side lobes in the endfire
direction in ULA as shown in figure 2. The pseudo inverse can now be found based on singular
value decomposition.

The iterative steps required for the algorithm could be stated as follows:
1) Formulate ULA with equispaced elements withd < A/2.
2) Find the positions of the side lobes by simple peak finding (change in slope

routine).



3) Formulate the matrix Q and F.

4) Find the weight vector, w.

5) Obtain the pattern with this weight vector and find the magnitude of the side
lobes.

6) Find the error between the desired F and new side lobe peaks, say F1. If F-F1 < ¢
where ¢ is the acceptable error, then stop, else repeat step 4. In the simulations the

iteration is said to converge when mean square error is minimum, i.e.,

__o(nt) o
- =0.

5.4 Results & Conclusion

Convergence:

The convergence of the two step iterative algorithm is proved by synthesizing the Chebyshev
antenna pattern, as it is the only and finest example of optimum beamforming with equal side
lobe levels for a minimum beamwidth as it is based on closed form polynomial function. The
algorithm is applied to ULA for different number of elements and the beampattern is finally
converged to Chebyshev pattern. The ULA pattern is known to have minimum beamwidth (BW),
and the finally converged beam also has minimum beamwidth for a given sidelobe level, which
is similar to the Chebyshev beampattern. The comparison of BW is given in table 5.1. For N=10,
starting with initial BW=21.54 for first sidelobe at 13 dB, the converged beam has a BW=22.60
for ESLL=30 dB.

Table 5.1: The initial and final beam width for different antenna elements

No. of | Initial Beamwidth | Converged Beamwidth

elements (deg) (deg)
10 21.54 22.60
11 19.27 20.43

16 10.48 13.75




For number of elements, N=10, a power pattern of a broadside array is obtained with a
constraint of equal side lobe levels equal to =30 dB. The initial and final patterns are shown in
fig. 5.3 and fig. 5.4. To converge to the required beam, it took only three iterations. The
convergence /error graph is shown in fig 5.5 for ten number of antenna elements showing the
algorithm to have a fast convergence.

For odd number of elements i.e. N=11 and equal side lobe level=-30dB, the side lobes in
the endfire could be spotted in fig. 5.2. the converged beam for N=11 is shown in fig. 5.6. To
converge to the required beam it took only three iterations.

The initial beampattern for ULA with 20 elements is shown in fig. 5.7. In fig. 5.8 the
converged beampattern is shown. The convergence speed is shown for large number of elements.
It also took three iterations as shown in fig. 5.9. Similar observations were made with number of
antenna elements N=16. The initial and final beam pattern is shown in fig. 5.10 and 5.11

respectively. The convergence is shown in fig. 5.12.

Flexibility: In CDMA systems, sometimes the large numbers of interferers are present in a
known direction. With this algorithm very low side lobes can be obtained only in that direction
and equal side lobe level maintained in other directions. The sidelobe on left and right direction
of the main beam are made with ESLL=-50 dB while the other sidelobes are kept at —30dB.this is
shown in fig. 5.13 and fig. 5.14. In fig. 5.15 the first sidelobe are made —50 dB while other
sidelobes are having ESLL=-30dB. In fig. 5.17 the first and second sidelobe is made —50 dB
while other sidelobes are having ESLL=-30dB. The fig. 5.17 shows the tapering on the outward

direction.

Realizability: The major issue in design in the beamforming strategies is that current ratios of
the antenna elements should be practically realizable. The beamforming using this algorithm
gives very small current ratios e.g. for N=20, current ratio = 3.2 and for N=10, current ratio = 3.4

is found which are practically realizable.

Steerability: The beam can be steered in any desired direction by applying proper phase shift.
For this radiation pattern of no. of antenna elements N=16, steered at an angle of 60° and 45° is
shown in fig. 5.18 and fig. 5.19 respectively. It could be observed that by adding progressive

phase shift to the elements does not disturb SLL. This is a very useful characteristic of the



beamforming because this way, the SLL could be controlled by real weights and external phase

control can be used to steer the beam without increasing SLL in any direction.

Capacity Improvement in WCDMA Systems: This reduction in interference power by
presenting low sidelobe levels to the undesired users leads to direct and linear increase in
Carrier to Interference ratio (CIR) according to (5.12) where N is the number of users in one
cell, S is the power of any mobile unit, I, is the total interference from all the cells (first two
tiers are taken), o is the voice activity factor which is taken to be 3/8.

1

CIR =
(N-D+1, /085,

(5.12)

It is shown in fig. 5.18 by taking the carrier power constant and all the interferers with the
same power. If the interference power is reduced by 30 dB, the CIR increases by 9.3 dB.

To combat multipath propagation with significant angular spread (several degrees) in mobile
communication systems, the algorithm maintains a low side lobe level for minimum beamwidth,
realizable current ratios and fast convergence. Thus, by reducing interference the capacity

improvement in WCDMA systems can be achieved by implementing this algorithm.
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Chapter 6

Conclusions & Future Scope

There are different beamforming techniques existing today at the antenna array to be used as a
transmitter or receiver. In chapter 3 and chapter 4, various non- adaptive and adaptive
beamforming techniques for interference cancellation have been discussed. These techniques are
based on the same optimality criterion and the optimal weights are given by wiener solution.
Antenna arrays using beamforming techniques can reject interfering signals having
a direction of arrival different from that of a desired signal. These capabilities can
be exploited to improve the capacity of wireless communication systems. There are
limitations of earlier adaptive beamforming methods like fixed nulls can be formed, the slow

convergence rate, and the computational complexity.

Now in the interferer diversity systems like 3G CDMA systems, as the number of interferers is
very large, a new beamforming solution, which can reduce the interference power in a specific
direction instead of nulling the individual interferers, would be required. In chapter 5, a new
array pattern synthesis procedure is analyzed in which weights are calculated iteratively, till the
power ratio assigned to the sidelobes is achieved. This technique has the flexibility of
synthesizing any antenna array pattern and deviate from that in case of requirement. The major
advantage of this procedure is its simplicity and robustness in adapting to the need. Mostly,
equally spaced arrays are used for the transmitter requiring variable array pattern, but this
synthesis procedure can be used with non-isotropic elements with arbitrary spacing. In future this

can be employed in different array configuration to increase the capacity to a large extent.
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