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ABSTRACT

Adaptive antenna arrays have tremendous potential for increasing the capacity of
mobile communications, by reducing co-channel interference, multipath and noise. Blind
adaptive algorithms, that is, algorithms which do not require a training sequence, are
investigated and compared in this study. These algorithms are tested for common cellular
signals. The performances of three blind adaptive algorithms: the Constant Modulus Algo-
rithm (CMA), the Spectral self-COherence Restoral Algorithm (SCORE), and the spectral
correlation predictor using a Time-Dependent Adaptive Array (TDAA), are studied. The
TDAA is introduced as a new blind algorithm that exploits the cyclostationary property of
the signal. Results show that the TDAA is able to out-perform the other blind algorithms

for most of the test conditions and provides the optimal MSE solution.
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Chapter 1

Chapter 1

Introduction

Mobile-radio communication systems are used extensively today. In a mobile envi-
ronment the propagation channel contains multipath elements that introduce intersymbol
interference (ISI) and cause large rapid amplitude changes in the signal envelope. In addi-
tion, the signal is further degraded by co-channel interference. The signal is also subjected
to noise, but the main problems that limit the capacity of cellular communication are the
ISI, adjacent and co-channel interference. Their effect is to degrade the SNR, reducing the

capacity, operating range and performance of a radio system.

In order to keep the performance degradation of a radio system to an acceptable
level as the radio traffic increases, it is necessary to adopt measures to improve the system
capacity. Several techniques have been developed in the past. These techniques fall into
one (or a combination) of four categories: adaptive equalizers, anti-multipath modulation

techniques, spread-spectrum techniques and antenna arrays.

An array is a system which enhances a signal corrupted by noise, interference, multi-
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path and fading. The performance index is the Signal to Noise Ratio (SNR) at the output

of the array, and the system acts to maximize the output SNR.

There are several advantages of the adaptive array over a conventional array. The
adaptive antenna array senses the interference sources and suppresses them automatically,
improving the performance of the radio system, often without the a priori knowledge of
the interference location. An adaptive array may achieve more reliable communication
compared to the conventional array. If a single antenna of the conventional array fails, the
sidelobe level and the main lobe width increase, and the main lobe and the null locations
are modified. For an adaptive array, graceful deterioration of the SNR results if an element
of the array fails. Therefore, more reliable communication as well as an increase in the
capacity of a single cell can be achieved. Here we assume that the base station has the
adaptive array and the mobile has only a single omni-directional antenna. The reason for
this assumption is, the reverse channel is more vulnerable to interference than the forward
channel [Gil91], and antennas at the base are more technically feasible than at the mobile
with the current technology.

A second advantage of an adaptive array over a conventional array is that there are
many cases in which the radiation pattern of the array is determined by close (in terms of
wavelength) scatterers, rather than by its own pattern in free space. In such circumstances,

an adaptive array is less sensitive, operating better than the conventional arrays.

To obtain high gain and low sidelobe levels for a conventional array, it is necessary
to build it within the tight mechanical and/or electrical tolerances. Due to self-correcting
mechanism of the radiation pattern, adaptive arrays can be built with lower tolerances and

thus at a lower cost.

The conventional technique for adapting an array is to use a training sequence to

determine the array combiner weights. However, training sequence directed adaptation
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techniques will not produce the optimal solution for a Doppler-shifted signal, since the
adaptation algorithm cannot account for the frequency shift. Furthermore in a dynamic
environment like the mobile channel, a blind adaptation algorithm (an algorithm that does
not require an external training sequence) is necessary to be able to correct the dynamic
channel. A blind algorithm adapts by exploiting signal properties like constant envelope,
spectral redundancy and so on. The algorithms are classified depending on the property
they exploit. This work investigates the relative merits of various blind adaptive array
algorithms for improving the performance of mobile communications in the presence of

multipath, fading, noise and interference.

1.1 Motivation

Beamforming is the processing used in conjunction with an array of sensors to pro-
vide a versatile form of spatial filtering [Edm89]. Antenna beamforming techniques have
the potential to overcome the problems stated above, by using the discrete spatial separa-
tion of the received signals and digital signal processing techniques to direct nulls in the
DOAs of the interferers and beams in the directions-of-arrival (DOAs) of the signals-of-
interest (SOIs). However, serious problems exist with the implementation of beamformers
in a mobile environment. The numbers, strengths and DOAs of both the SOIs and the
interferers in the environment are many times both unknown and time-varying. Any
beamformer must therefore learn and track the SOI and the interference parameters neces-
sary to extract the SOIs. In applications where a SOI training signal is not available, the
processor has to rely on blind techniques to exploit more general properties of the SOI

waveform or channel.

Conventional techniques that do not use the SOI waveform for adaptation generally
exploit the spatial-coherence of the incoming signals, i.e., a property attributed to signals
impinging from discrete directions of arrival. These techniques include power-minimiza-

tion techniques that minimize the output power of the beamformer subject to the linear
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constraint of the beamformer look direction, and signal sub-space techniques that exploit
the eigenstructure of the received signals [Age89]. These algorithms have their limita-
tions. The power minimization technique generally requires knowledge of the geometry
and the sensor characteristics of the array (i.e., calibration data or a special array geome-
try) in order to design the beamformer constraint, and require an expensive search over the
calibration data if the SOI’'s DOA is not known and a special array geometry is not used.
The signal sub-space techniques generally require the knowledge of the covariance of the
background noise, and also require a special array geometry or an expensive search over
the calibration data for implementation. In addition, all these techniques are sensitive to
modeling errors in the calibration data or geometry. Calibration data is expensive to obtain
and can be affected by real world conditions, such as temperature, weather, mishandling,
etc.

Blind adaptive beamforming answers all these problems. These algorithms do not
require a special array geometry or the knowledge of the array manifold or noise covari-
ance matrix to adapt the array. The shortcoming is that a blind adaptive algorithm is devel-
oped to exploit a particular property of a class of signals, and it cannot be applied to all
signals.

Blind adaptive antenna array algorithms are of particular interest in a mobile envi-
ronment, because of their ability to adapt their weights without the use of a training
sequence and thus are more suited for time-varying channels. These blind adaptive algo-
rithms can mitigate the effects of multipath and fading, which are the causes for fluctua-
tion in the signal level. The algorithms can benefit from multipath components, because
they provide extra diversity. These algorithms can mitigate the effects of co-channel inter-
ference and thus can increase the cell capacity. Much work has been carried out in the
development of blind adaptive array algorithms, but no effort has been made so far to
study the relative performance merits of these algorithm subjected to the same conditions.
This motivates us to study how different blind algorithms perform in a mobile communi-
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cations environment.

1.2 Overview

Blind adaptive algorithms can be classified according to the properties that they
exploit. For example, these algorithms might restore certain known properties of the sig-
nals like constant modulus or spectral redundancy. In this study we consider the following
algorithms. An algorithm that exploits the modulus property is called the Constant Modu-
lus Algorithm (CMA) and the one that exploits the spectral redundancy is known as Spec-
tral self-COherence REstoral algorithm (SCORE). A new blind adaptive array algorithm
called the time-dependent adaptive array (TDAA), which uses time-dependent filtering, is
proposed.

s
§

1.2.1 Constant Modulus Algorithm (CMA)

The CMA exploits the constant modulus property of FM, PSK, or FSK waveforms,
by minimizing the modulus variation of the signal at the beamformer output. The CMA
can remove the effect of multipath propagation and interference on the transmitted signal
by sensing the modulus variation of the received signal introduced by the interferers and

noise and adapting to minimize this variation.

1.2.2 Spectral Self-coherence Restoral Algorithm (SCORE)

Most digital communication signals encountered in mobile communications possess
underlying statistical periodicities, which are caused by amplitude, phase, frequency mod-
ulation or by periodic keying. Although these underlying statistical periodicities are
neglected in conventional receiver processors, exploiting cyclostationary properties can

bring substantial improvement in the performance of the system. These signals are called
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cyclostationary signals, i.e., the statistical parameters vary in time with single or multiple
fundamental periodicities.

A key iaoint is that this property can be exploited to discriminate undesired signals
and noise. Methods that exploit the property of cyclostationarity require only the knowl-
edge of baud rate, modulation type, carrier frequency, or other signal parameters that char-
acterize the underlying periodicity exhibited by the desired signals. SCORE is a blind
adaptive array algorithm that exploits the cyclostationary feature present in the signal. It
exploits the spectral redundancy present in the signal due to cyclostationarity.

1.2.3 Time-Dependent Adaptive Array (TDAA)

The time-dependent adaptive array (TDAA) is an extension of the time-dependent
adaptive filtering to an adaptive array. A time-dependent adaptive filter (TDAF) is an
adaptive filter with a filter response that varies periodically in time. The principle behind
the TDAR is to use spectrally correlated portions of the signal of interest (SOI) or/and the
signal not of infcrest (SNOI) to improve the portion of the SOI spectrum corrupted by the
interference. When the signal statistics change periodically, a TDAF outperforms a time
independent adaptive filter (TIAF) in approximating the optimal time-varying solution
[Ree87]. A TDAA exploits spatial, frequency, and time diversities. Blind adaptation is
accomplished by configuring the TDAF to predict signals having known spectral correla-

tion characteristics.

1.2.4 Switched Diversity Algorithm
i
Switched diversity involves switching between transmitting antennas in the base sta-
tion on the basis of the strength of the signals received by the mobile. Here an implemen-
tation of the switched diversity is explained [Win83]. In the forward link, the base station

transmits the Signal using one of its antenna. The mobile compares the received signal to
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the threshold level. When the signal level falls below the threshold, the mobile station tells
the base station to switch to the next antenna. After the antenna is switched, the mobile
examines the signal level, and if it falls below threshold, the mobile tells the base station
to switch to the next antenna again. In the reverse link, the signal from the mobile is com-
bined to detect the output bits and the switch control bits. These switch control bits are
used to control the transmitting antennas at the base station. Because it is difficult to dis-
tinguish the power of the interference from the SOI, switched diversity has limited appli-

cations for interference rejection.
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Chapter 2

Previous Work in Blind Adaptive Arrays

Widrow et al. [Wid67] were the first to introduce an LMS adaptive antenna array.
They showed that the array can adapt to reject interference without the knowledge of the
interference and noise. After the pioneering work on blind equalization by Sato [Sat75],
blind equalization for one- and two-dimensional communication systems has become an
area of great interest for research and industry applications. Blind equalizers converge
without resofting to a known training sequence. For some blind equalizers phase recovery
is not necessary. A new self-recovering equalization algorithm was introduced by Godard
[God80] for application to phase and amplitude-modulated signals. Both blind adaptive
equalization and adaptive antennas continued to be developed in parallel for many years

"y . . .
before these signal processing operations were combined.

In the 1980’s, many blind adaptive algorithms were developed and eventually
applied to train adaptive arrays. The Constant Modulus Algorithm (CMA), introduced by
Treichler and Agee [Age83] in 1983 has become one of the most commonly applied blind
algorithms. They showed that this adaptive digital filtering algorithm can compensate for
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both frequency-selective multipath and interference on constant modulus signals. The first
application of CMA to arrays is attributed to Gooch and Lundell [Goo86]. The perfor-
mance of this algorithm for an FM signal with a tonal interference and for a QPSK data
signal with intersymbol interference was presented in this paper. They used the least mean
square (LMS) algorithm to train the weights of the FIR filter.

Thereafter extensive studies of this algorithm have been carried out. Treichler and
Larimore [Tre85a] analyzed the asymptotic convergence behavior of the weight vector
when the norm of the initial weight vector is very large. They also analyzed the conver-
gence behavior of the output modulus to investigate the tone capture effects [Tre85b]. In
addition, the abnormal phenomena in the CMA, such as the tone capture and noise capture
effects, were studied [Lar85a] [Lar85b]. Recently, Agee proposed a least-squares CMA to

improve the convergence speed, but his algorithm is computationally intensive [Age86].

Asa hew application, Ferrara proposed a CMA structure that can reject strong con-
stant envelope interference from a weak desired signal with known modulus [Fer85]. In
this application, the a priori knowledge of the absolute value of the transmitted signal
modulus is used. Also, to prevent the CMA from locking to an interference signal, the tap
weights of the interference-cancelling are constrained such that its filter weights be sym-
metric about the center weight with the unity constraint. More recently, Kammeyer et al.
modified the CMA in order to be used in a commercial FM stereo broadcasting system for
multipath echo cancellation [Kam87]. Recently, several researchers have tried to analyze
the performance of CMA. Chan and Shynk analyzed the stationary-point performance of
the CMA when the equalizer input signal is a zero-mean, real Gaussian signal [Cha90].
Bershad and Roy analyzed the performance of the 2-2 CMA for Rayleigh fading sinusoids
in Gaussian noise assuming Gaussian input signals [Ber90]. Takeo Ohgane [Tak91] ana-
lyzed the characteristics of the CMA adaptive array for frequency selective fading com-
pensation in digital land mobile radio communications. It was shown that there is great

improvement in BER by employing an adaptive array. The channel was modeled using
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two-ray model. It was also shown that the error rate is improved better when the delay dif-
ference between the two arriving waves is large. Takeo Ohgane et al. [Tak93] imple-
mented a CMA adaptive array for a high speed GMSK transmission in mobile
communications. They implemented a 4-element adaptive array based on the digital
beamforming concept to reduce the multipath fading effect in high-speed communica-

tions.

Gooch and Lundell [Goo86] were the first to apply the CMA to the adaptive array to
reject interference. Simulation results were presented showing the beampattern adapting
to the desired signal and placing nulls in the direction of the interferers. Capture analysis
was also presented in this paper. Performance of constant modulus adaptive filter for inter-
ference cancellation was analyzed by Kwon et al [Kwo092]. They investigated the opti-
mum weight vector that minimizes the performance index of the CMA which is defined as
the mean-square’ difference between the estimated and true modulus. The convergence
behavior of the squared output modulus and the performance index was analyzed in this

work.

Tugnait et al. [Tug93] came up with a way to improve the convergence of CMA
adaptive filters. They used higher-order statistics to estimate the channel and then compute
the channel inverse of a specified length to initialize a CMA equalizer. Kikuma et al.
[Kik91] used non-steepest descent algorithms (Marquardt method), in contrast to the con-
ventional steepest descent algorithms, to speed up the convergence. The fast covergence
of this algorithm makes it useful in a highly dynamic environment like the mobile chan-
nel. It was shown that the Marquardt method, a nonlinear least squares method, can reduce
the convergence time by a factor of 10 to 100 compared to the steepest descent method.
Agee [Age88] also examined the convergence behavior of the CMA arrays in Gaussian
interference environments. Simulation results of the performance of the least-squares
CMA (LSCMA) array for a mobile channel was presented by Agee et. al. [Age93]. Spatial

equalization without beamforming using the CMA for a mobile channel was analyzed by
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Sylvie [Syl93], the equalization was performed without temporal processing i.e., acting

upon a single snapshot.

Agee, Gardner and Schell [Age88] [Gar86] [Gar91] were the first to use the property
of cyclostationarity to help mitigate interference and fading in a mobile environment.
They presented three different adaptive processors least-squares SCORE, auto-SCORE
and cross-SCORE processors. Cross-SCORE performs better than the least-squares
SCORE, because of its ability to separate signals with same cyclic periodicities. Simula-
tion results show the superior performance of this algorithm in rejecting narrow band and
wideband interferers. Gardner et al. [Gar92] discussed the increase in the capacity of a cel-
lular radio by applying blind adaptive spatial filtering. Space/time/frequency division mul-
tiplexing access (STFDMA) was proposed in this paper and simulation results show that
the cell capacity is increased by a factor of 128 compared to FDMA. This system can
accommodate five times as many users as the proposed CDMA scheme using the same
bandwidth. Schell and Gardner [Gar93] analyzed the maximum likelihood and common
factor-analysis based adaptive spatial filtering for cyclostationary signals. They derived a
blind adaptive spatio-temporal filtering for unknown cyclostationary signals in noise in
two ways, one by maximizing a constrained conditional likelihood function and by solv-
ing a common factor analysis problem. It was shown that the specific choice of free con-
straint-parameters within the resulting beamformer structure yield the existing cross-
SCORE and cdnjugate cross-SCORE algorithms which blindly adapt an antenna array to

extract signals having specified cyclostationary properties from the interference and noise.

A new cost function for adaptive beamformers which uses cyclostationary signal
properties was developed by Castedo et al. [Cas93]. This new approach exploits the prop-
erty of higher order cyclostationarity to generate spectral lines by use of a particular class
of nonlinear transformations. They demonstrated that the beamformer can extract the
desired signal using only the information from the spectral lines. It was also shown that

the interferences can be eliminated even when they exhibit the same cyclostationary prop-
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erties as the desired signal.

Shamsunder [Sha93] proposed new bearing and range estimation algorithms which
uses cyclostationary of the underlying processes. Direction finding algorithms were pro-
posed for narrowband non-Gaussian signals by exploiting the higher order temporal prop-
erties of communication signals. Schell et al. [Sch93] presented a blind adaptive
spatiotemporal filtering for wide-band cyclostationary signals. Schell et al [Sch88] applied
SCORE algorithm and SCORE extensions to sorting in the rank-L spectral self-coherence
environment. This paper investigated the ability of the SCORE algorithm to separate
cyclostationary signals from a rank L spectral self-coherence environment where L signals
exhibit spectral self-coherence at the same value of frequency separation. It was shown
that the signals with spectral self-coherence at the same frequency separation can be sepa-
rated if their relative self-coherence strengths are different. Agee et al. [Age90] analyzed a
blind capture and geolocation of general spatially self-coherent waveforms using multi-
platform SCORE. This approach can simultaneously estimate the time difference-of-
arrival of multiple temporally-uncorrelated SOIs impinging on multiple receiver plat-
forms, and blindly separate those signals with maximum-attainable SINR at each plat-

form.

Decision-directed algorithms was also investigated by many in the 1980’s. Gooch
and Sublett [Goo88] described joint spatial and temporal equalization using a decision
directed adaptive algorithm. They presented two methods for jointly optimizing the
weights of a single-weight per channel adaptive diversity combiner followed by a frac-
tionally-spaced equalizer and showed that this system can reject multipath distortion and
co-channel interference for a variety of digital communication system. “Stop and Go”
decision directed algorithm for blind equalization and carrier recovery was presented by
Picchi and Pratti [Pic87]. They showed that the standard decision-directed estimated gra-
dient adaptation algorithm for joint MSE equalization and carrier recovery, normally uti-

lized in the open-eye condition, can be used for closed-eye start-up condition with no need
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of a training sequence. They used a simple flag to tell the synchronizer and the equalizer
whether the current output error with respect to the decided symbol is sufficiently reliable
to be used.

Switched diversity is another blind adaptive technique which switches the antennas
depending on the signal strength. Winters discussed the performance of the switched
diversity mefhod with feedback applied to DPSK mobile radio systems. Bit error perfor-
mance of this array as a function of threshold was presented in this paper [Win83]
[Win84]. Methods have been proposed to combine adaptive equalization and diversity to
the mobile channel problem. Falconer et al. [Fal90] demonstrated the feasibility of a digi-
tal cellular radio system which employs a jointly adaptive decision-feedback equalizer and

diversity combiner.

Kailath et al. [Kai93] showed the performance of adaptive arrays for CDMA sys-
tems in a multipath environment. Recently Liberti and Rappaport [Lib94] have presented
analytical results for capacity improvements in CDMA. Performance improvement pro-
vided by adaptive arrays for IS-54 standard signals have been shown by Winters [Win93]
[Win94].
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Chapter 3

Blind Adaptive Algorithms

3.1 Background Theory

Beamforming

Beamforming signal processing is used in conjunction with an array of sensors to
provide a versatile form of spatial filtering. The sensor array collects spatial samples of
propagating wave fields, which are processed by the beamformer. A beamformer does
spatial filtering to separate signals that have overlapping frequency content but originate

from different spatial locations.

Systems designed to receive spatially propagating signals often encounter the pres-
ence of int’erferibhg signals. If the desired signal and the interfering signals occupy the
same temporal frequency band, then linear time-invariant temporal filtering cannot be
used to separate the signal from the interferers. However, the desired and interfering sig-

nals usually originate from different locations. This spatial separation can be exploited to
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separate the desired signal from the interferers using spatial filtering at the receiver. Imple-
menting a temporal filter requires processing of data collected over a temporal aperture.
Similarly, iinplexﬁenting a spatial filter requires processing of data collected over a spatial
aperture. The beamformer linearly combines the spatially sampled time series from each
sensor to obtain a scalar output time series in the same manner that an FIR filter linearly

combines temporally sampled data.

Two important characteristics of spatial sampling with an array of sensors are:
1) Spatial discrimination capability depends on the size of the spatial aperture; as the
aperture increases, discrimination improves. The absolute aperture size is not important,
rather its size relative to wavelength is the critical parameter. A single physical antenna
(continuous spatial aperture) capable of providing the requisite discrimination is often
practical for high frequency signals because the wavelength is short. However, when low
frequency signals are of interest, an array of sensors can often synthesize a much larger

spatial aperture than that practical with a single physical antenna.

2) A significant advantage of using an array of sensors, relevant at any wavelength, is the
versatility. In many applications, it is necessary to change the spatial filtering function in
real time to maintain effective suppression of interfering signals. This change is easily

implemented in a discretely sampled system by changing the way in which the beam-

former linearly combines the sensor data.

3.2 Antenna Array
3.2.1 Two-Element Array

The first step in describing a plane wave incident to the array is picking a reference
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location. The signal received at each sensor in the array will be a time delayed or a time
advanced version of the signal at the reference. To demonstrate this concept, consider a
two-sensor array as shown in Figure 1. In this example, the first sensor of the array is cho-
sen as the referénce position, and the distance between the two sensors is d. Assume a
plane wavé propagates incident to the array at an angle 0 as shown in the Figure 1, i.e., the
propagation vector of the plane wave makes an angle 0 with the line connecting the two
sensors. As labeled on the figure, the wavefront at sensor # 1 must propagate through a
distance given by

- 1
dpmp = dcos (0) 1

before it will be detected at sensor # 2. The propagation time is a time delay given by
)
T = (%) dcos (0),

where c is the velocity of the plane wave.

=" Plane Wavefront

Sensor # 2 Sensor # 1
(Reference)

Figure 1. Two-Element Array

Let 5;(?) represent the complex representation of the signal received at the sensor
#1 and 3, (?) represent the complex representation signal received at the sensor # 2. The

relation between the two signals at the sensor is given by
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5,(1) = 5, (t-7). ®)

Given the form for 5, (7)

51(0) = a(exp(log+¢(2) +0]) = z(2) exp ([ 2+0]), @

where z(f) = a(?) ejm“t),

we can substitute Eqn. 4 into the equation for 3, (?) to get

5@ =a(t-Yexp(jlog-03+¢(1-7) +0]) = z(t-Dexp(jlo - o T+6])
)

Assuming a narrowband signal (i.e., the coherence bandwidth of the channel is larger than
the signal bandwidth), the information content of the signal is approximately constant

over time spans of the order of t. In other words, we can use the approximation

z(t-1) =z(1), ()]

to reduce 3, (#) to the following form:
5@ =z exp(jlog-w1+0]) =3, (1) exp(-jo,T) . 7

Furthermore, by using the relationship between the velocity and the frequency of the

waveform, the delay t can be written as a phase delay.

C . (d 0 .~ (d 0
5,00 = 3,() exp(_ch) - 5,() exp(_]zn ( co;( ) )) )
. ce s . 2ndcos0 .
Hence the time delay T corresponds to a phase shift in the signal by — radians.
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Changing the direction of arrival of the wavefront can change the relative propagation dis-
tance to the array elements. As shown above, the different propagation distances lead to a
phase shift between the sensor elements of the array. Consequently, an array is sensitive to
the direction of arrival of signals. This sensitivity is characterized by the directional pat-
tern of the array. As an example, consider the two element array of Figure 1 where
d = A . If the output of the array is the simple phasor sum of the outputs of the two array

2
elements, then in baseband representation the output y(?) is given by

2
—j A
y() = Y5y =5, () [ 1+ exp( (DO )] = 5 ©
1

y(1) = s;(0) [1+exp(~jncos (6))]- (10)

The term in the square brackets determines the directional pattern of the array, g (9),
also called the gain response of the array. The maximum & (9) is for 0 at either 90 or 270
degrees. This is easily explained since at 90 and 270 degrees, the signal is striking both
elements of the array at the same time instant and the received voltages add in phase. At 0
or 180 degrees, the propagation distance between the two sensors is half of the carrier
wavelength, and the two received voltages combine out of phase. Commonly, the direc-
tional pattern of an array is reported by a graph that shows that the angle of arrival on the
horizontal axis and the directional pattern on the vertical axis scaled so that the maximum
value is unity or O dB. This scaled quantity, G (8) , is the normalized gain response of the

array. The normalized gain response of the two-element array is shown in Figure 2 below.

The signals received on the two elements for any particular direction of arrival ¥
can be coherently combined for maximum gain if the voltage on the second sensor is
phase shifted to compensate for the propagation delay. Mathematically, this corresponds

to multiplying the voltage received at the second sensor by a weighting factor w given by

4

dcos‘I’) . (an

w = exp(]27t 3

Blind Adaptive Antenna Arrays for Mobile Communications Page 18



Chapter 3

This process of directing the array at a certain direction is called beamforming. The two
variable function G (0, W) is used to represent the normalized gain response of the array

aimed at a direction of arrival ¥ but evaluated for a direction of arrival 0.

Two Element Array, 1/2 Wavelength spacing

Gain (dB)
3
|

0 50 100 150 200 250 300 350
DOA in degrees

Figure 2. Normalized Gain Response

3.2.2 Extension of the Model

To generalize the description to an M-element array, each element’s position is ref-
erenced to coordinates in an x-y plane normalized to the wavelength. In this coordinate
plane, the origin is located at the selected reference point. As an example, an element
located on the positive x axis at a distance of A from the origin would be assigned the

2
coordinates (1/2, 0). The set of position coordinates of the array elements are collected
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into an (M x 2) position matrix, P, where the ith row contains the coordinates of the ith

element, and the columns contain the x and y components, respectively.

— T a— — -
i Plx Ply (12)
P P
T 2x 2y
%
P = . =
T
_P_M i .PMx PMy_

Next, the signal direction of arrival is represented by a unit vector, ¥ (0) , which is in the

same direction as the propagation vector for the wavefront.

cos (0)
= 13
u(6) [sin(e)] (12)

With these two matrices, P and u (0) , the signed distance that the wavefront propagates
through from the origin to each sensor is readily calculated by the product of P u (6). A
negative distance would indicate that the wavefront strikes the sensor before the origin.
From the above definitions, the matrix product P u (0) represents taking the inner product
of each array element’s position vector with the direction of arrival vector. The interpreta-
tion of this matrix product is a vector of the projections of each position vector along the
direction o;f arrival, Hence, the result of the product P i (0) is an (M x I) matrix of nor-
malized propagation distances from the origin to each array element. Using s, (7), to rep-
resent the complex baseband representation of the signal at the origin as a function of

time, the signal at the ith element, 5, (?) , can be related back to the origin as follows.
510 = 5,(t) exp( -j2mPu(9) ) (14)

These signals can be collected into a vector
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(15)

[ exp -j2nP1T) u(0) ]

Fsl () (
s, (1) exp( —j2n112T) u (6)
| = - 5,(1) = a(0)s, ()

s(7)

[ 53 (D)

exp(-j2mpy Ju(®) |

To direct the array at an angle ¥, a weighting vector w is picked to cancel any phase
delays between elements such that the composite weighted sum from the array elements

along that direction of arrival add in phase.

rw [emelizm (2,)] (16)

wy| | explj2ma 2y ,)

Av_t’= ] = : = g* (¥)

il | exp( om0,

The output of the array, y(t), is the weighted sum given by

Y& =w (Ds@) =d (W) s(t) =d" (¥)a(®)s,(t) = MG(8,¥)s, (1) - (17)

3.3 Constant Modulus Algorithm (CMA)

3.3.1 Basic Description
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Considér a signal x(k), which is a multipath distorted analytic signal, applied to a
transversal (tapped delay line) FIR filter with adjustable complex weights. The output of
the filter y(z) can be written as

y(B) =X (QW (), (18)
where X (k) is the vector of data in the filter delay line,

X() = [x(Hxk-1)......... x(k-N+1)17, (19)

and W (i) , the vector of adjustable coefficients, is given by

W) = [Wo@D)Wy () ety ()] (20)

3 K
The index i indicates that the coefficients or weights are adjustable in time. The assump-
tion is that the weights are going to be updated at each sampling instant so i is replaced by
k. The objective of this adaptive filtering is to restore y(k) to the form which, on the aver-
age, has a constant modulus. This may be done by choosing the coefficients vector W in
such a way as to minimize a positive definite measure of the signal modulus variation,

given in some generality by

J=d[F((y(8),F(s(K)))], 21)

where d and F are length metric to be defined for a specific algorithm and s(k) is the con-
stant modulus transmitted signal, assumed to be scaled so that |s (k)| =1. In this section

we choose d and F to yield the function

Tonn = ;li[E{ Ly (o)™ - 1]"}], 22)

where E denotes statistical expectation, m and n can take value 1 and 2. In the discussion
below, m and n both take a value of 2. Note that the length metric F maps s(k) to unity.
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Clearly J is just a positive measure of the average amount that the filter output y(k) devi-
ates from the unity modulus condition. The objective in choosing W is to minimize J and

in the process to make y(k) as close as to unit length as possible.

3.3.2 Adaptive Algorithm

Given the performance criterion and the filter structure, there are many possible
approaches to finding the optimal filter response [Age83]. To ease hardware implementa-
tion, we employ here a simple gradient search algorithm to minimize J. The implementation
of CMA using gradient search algorithm is computationally less intensive than implementing
using least-squares method. In the least-squares algorithm, the inverse of the autocorrelation
matrix has to be calculated, which is computationally intensive if the number of elements is large.

In particular, assume that W is updated according to the equation
w(k+1) = w(k) + qu.f , (23)

where w(k) is the set of coefficients used to generate outputs y(k), I is a positive step size,

and V  is the gradient operator with the respect to the elements of the vector W.

Using complex matrix calculus, it can be verified that the gradient of J with respect

to the weight vector W is given by
(24)
v, = 3E{[ly W - 11 v, [WhxxTwl)

w

I

= E{ly®P*-1]-x* (0 - X" (o w}

E{[y®1*-1] -y x* (0}

The adaptive algorithm is obtained by replacing the true-gradient of Eqn. 24 with an
instantaneous gradient estimate given by
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Vol = [y -1] y()X* K). 25)
Substituting vy for VJin Eqn. 23, yields the desired algorithm
wk+1) = w®) -p{y®1*- 1]y () X* (k) ). 26)

If the scalar term € (k) is defined by

~ (27)
ewa (ywl-1]-yy,
then the updating algorithm can be compactly written as
w(k+1) = w(k) -p{ek) - X* (k) }. (28)

Two interesting things about constant modulus algorithm (CMA). One is its appar-
ent similarity to the complex version of the well known LMS adaptive algorithm [Wid66].
In fact, if € (k) = d (k) - y (k) were substituted for € (k) , where d(k) is some externally
applied reference, the algorithm reduces to a training sequence directed LMS algorithm.
For the CMA algorithm d(k) is not required. Rather than using a training signal, it uses the
a priori knowledge that the transmitted signal has a constant envelope. Note that
€ (k) equals zero if y(k) has unit modulus.

K

3.3.3 Least-Squares CMA Algorithm (LSCMA)

The weights of the antenna array are adapted using least squares CMA [Age86],
which provides the maximum likelihood estimate of the transmitted signal waveform if it
has a constant modulus (magnitude of the complex envelope). The LSCMA can be inter-
preted as an alternating projections approach for adapting a set of array weights to mini-

mize the 1-2 constant modulus cost function (CMCF).
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Fom = Y (y(m) -1)°
N 2
F,(w) = ): (ly (m) -d(m)|)
m=1
- ym _
y(m) = wH:(m)

where w and {x(m) } :: -1 are the array combiner weights and the input signal at the
time index m, respectively, and y (m) and d (m) are the unconstrained and complex-lim-
ited array combiner output signals, respectively. The LSCMA adapts w [n] to minimize
F |, for each block of data using the three-step iterative procedure shown below.

The LSCMA algorithm is implemented on a block-update basis. The received data is
partitioned into contiguous non-overlapping blocks of data of length N, and LSCMA
recursion is applied to each block using weights obtained from the previous block.

Algorithm:

y([n]) «w" [n]x[n]

8 [n] & sign{y[n]}

N H -1 N
we[gfmn(m] [;fMMHm]
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3.3.4 Properties of the Constant Modulus Algorithm

1) Shape of the Performance function

An intuitive understanding of the behavior of an adaptive algorithm can often be
afforded by examining the shape of the objective or performance function, J in this case
[Age 83]. The LMS, for example, has an ensemble average of the squared error thatis a .
hyperparaboloid in the coefficient hyperspace, with dimension equal to the FIR filter g
order. Such a perspective in the performance function, Eqn. 22, can be found by examin-
ing J as a function of the real and imaginary part of y(k). We note that the function J is
minimized with a value of zero at any point on a circle with unit radius and centered

around the origin.

Two conditions can lead zero gradient situation where the algorithm stops adapting.
The first is the contour |y (k)| = 1 which represents the desired convergence locus of the
algorithm. It should be noted that the point y(k) = O can also force zero-gradient condition.
This potential solution is not a practical solution because of two reasons. First, this solu-
tion is not a stable one, because any noise or disturbance can force W away from the zero-
gradient point. Second, given a filter input x(k) with non-zero bandwidth the only way to
sustain zero output over a large number of samplesis to have the weight vector W set to
zero. Such a condition can be easily tested and if it exists the weights can be moved away.
This zero weight condition is of practical importance only when starting up the filter.
Clearly, the traditional all-zero initial vector should not be used.

2) Uniqueness
The constant modulus approach is predicated on the concept of using ef-using inciden-

tal amplitude variations to sense the presence of multipath or interference and control the

adaptation of a correction filter. Here we prove that adjusting a filter to remove the inci-
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dental AM necessarily yields the proper correction filter. Suppose s(k) = AT
waveform with constant modulus A and that it is convolved with the time invariant chan-
nel response h(l), yielding output y(k). The filter h(l) represents the cascade of the channel
and the correction filter. It can be shown that for y(k) to have a constant modulus of one,

then, under suitable input conditions, A(l) has only one non-zero tap.

Suppose that A(l) has two non-zero taps. If so we may write

y(k) = h(m)AL®E ™™ th(q)ad®*? (30)
and
2
'y;";" = 1 (m) [+ 11 (@) [+ 21k (m) 11 (g) [ cos {8 (k- m) -8 (k=g) +b-c} (B)

where b and c are the arguments of A(m) and h(q). We desire that |y (k) |2 = 1for all k,
given some choice of A, h(m), h(q). Since all of these will be constant for all k£, so must the
cosine of the phase difference. This implies that 0 (k) is, at worst, the sum of a term linear
in time, plus a term periodic in (m-q). The spectrum of exp (jOk) would, in this worst
case, be composed of spectral lines only. Thus the only input signal s(k) which can pass
through such a two-tap filter without incurring modulus variation is a pathological case
carrying no modulation or other intelligence.

Extension to three and more nonzero weights can be done by induction and yields
the same result. Only signals with specifically chosen line spectra will emerge from a fil-
ter with the constant modulus property intact.

It can be concluded that h(!) must have only one nonzero tap for s(k) with finite non-
zero bandwidth, implying that removal of the incidental AM in y(k) forces the impulse
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response of the cascaded channel correction filter pair into a simple impulse. Thus, other
than the arbitrary choice of which tap in Ah(l) is employed, and its phase, the frequency
response cheracteristics of the correction filter are uniquely defined by the satisfaction of

the constant modulus optimization criterion.
a) Phase Roll

Suppose the chosen nonzero tap of A(l) is h (1)) , where [ indicates the advance or
the delay of the tap. The uniqueness proof does not specify the phase of 4 (/) ,only that it
be the only nonzero tap. This implies that any choice of W, say W, which yields a con-
stant modulus y(k), will also suffice if rotated by an arbitrary phase shift. That is, if W is

satisfactory, then so is
i _
' Wr - Wo- (32)

This operation consists of rolling the complex impulse response by ¢ radians, and in turn
rotating y(k) to exp (j$) to such phase differences. It may be concluded that the bulk
phase shift of the adaptive filter is not uniquely determined by the constant modulus per-
formance function J. The impact of this depends on the modulation type of the signal
being corrected. In the particular case of FM, it poses no problem since FM reception is
sensitive to the derivative of the received phase and is not affected by a constant offset.
For the phase-coherent systems, the phase roll must be estimated and removed or an addi-
tional feedback loop must be inserted into the adaptive algorithm to reduce and/or correct

for the phenomenon.
b) Time shift

The uniqueness proof allows any choice of / . This implies that the correction filter

can insert arbitrary group delay into the signal without penalty. Just as with the phase roll
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ambiguity, the potential presence of an arbitrary delay is usually not a matter of practical

concern for a sufficiently large number of coefficients.

3) Comparison with Optimal Joint Estimators

A perspective into the CMA class is provided by contrasting its uniqueness proper-
ties with the analysis done in [Tre80]. This reference concerns the application of classical
maximum a posteriori probability (MAP) and maximum likelihood (ML) estimation tech-
niques [Tre68][Tre71a][Tre71b] to the specific problem of jointly estimating both the
baseband signal-of-interest and the multipath propagation channel. It was shown that even
given the received signal in the absence of noise it is sometimes impossible to find which
properties of the received signal stem from the signal of interest and which from the chan-
nel. This ambiguity leads to the nonuniqueness of the estimator solution and, in some
implementations, to instability of the estimator. It is shown in this section that the CMA
also leads to nonuniqueness solutions. The differences between the two are useful to
examine.

1) The CMA makes no estimate of the signal baseband, while such estimation is vital
part of the joint estimators.

2) The MAP and ML techniques require sufficient spectral richness to model the channel
uniquely arid such uniqueness is required to properly develop an inverse filter. The CMA
directly adapts the correction filter.

3) A key difference is the type of null space described by the signal/estimator ambiguity.
In the MAP and ML estimator, the null space in the covariance function involves a combi-
nation of both signal and channel parameters. Thus, failure to determine the channel
exactly leads to lack of the desired knowledge about the message waveform. The CMA
performance function stated in Eqn. 21 and Eqn. 22 is designed to force the ambiguous
null space into dimensions that are little practical concern in most of signal reception
problems. In particular, if the received signal has finite bandwidth, then the null space of

this performance function corresponds to phase or time shifts, neither of which impact the
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uniqueness of the waveshape of the desired baseband signal.
4) Relationship to the Weiner Filter
Suppose that the filter output y(k) can be written as
y(k) = e(k) +y,(k), (33)

where y (k) is the complex signal with unit modulus and e(k) is an error vector assumed

to be much less than one in length. If so, it can be shown that
1 2 1 2
J = §E{Ie(k)| }+§E{|e(k)| cos (20) }, (34)

where 0 is the angle between y, (k) and e(k). If y_ (k) and e(k) are statistically indepen-

dent processes (e.g., e(k) is additive noise) then the second term is zero and
1 2
J = iE{|e(k)| }- (35)

This indicates that in the vicinity of convergence, minimizing the constant modulus per-
formance function is equivalent to minimizing the mean squared error, and therefore, the

CMA will converge to the Weiner filter.
5) AGC Action

For the purpose of analysis, the transmitted signal s(k) has been assumed to be of
unit amplitude, neglecting the gains and losses associated with transmission propagation,
and reception. In general, the received signal, even if free of noise and interference, will
not have unit amplitude. In order to minimize the performance criterion J in Eqn. 21, the

filter coefficients are scaled by the adaptive algorithm to introduce the proper gain into the
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filter output. In performing this function the adaptive algorithm acts as an automatic gain

control (AGC) in addition to its desired task of spectral shaping [Age83].

While a certain amount of AGC action is necessary for the algorithm’s proper opera-
tion, it is usually undesirable to use the adaptive filter as the only AGC in the receiver
chain. In fact, preceding the constant modulus equalizer with an AGC is desirable to limit

the dynamic range over which the digitally implemented processor must operate.

y

3.4 Spectral self-COherence REstoral Algorithm (SCORE)
3.4.1 Cyclostationarity

Conventional statistical signal processing methods treat random signals as statisti-
cally stationary, in which case the parameters of the underlying physical mechanisms that
generate the signals would not vary with time. But for most man-made signals encoun-
tered in communication, telemetry, radar and sonar systems, some parameters do vary
periodically with time. In some cases even some multiple incommensurate (not harmoni-
cally related) peridiocities are involved. Examples include sinusoidal carriers in ampli-
tude, phase, and frequency modulation systems, periodic keying of amplitude, phase and
frequency in digital modulation systems. In most cases, the underlying periodicities can be
neglected, but an increased improvement in performance can be obtained by recognizing
and exploiting these underlying periodicities. This leads to the to the treatment of random
signals as cyclostationary, in which the signal parameters vary in time with single or mul-

tiple periodicities [Gar86].

3.4.2 Exploitation of Cyclostationarity

The existence of correlation between widely separated spectral components (separa-
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tion equal to a cycle frequency o) can be interpreted as spectral redundancy. The mean-
ing of the term r}edundancy that is intended here is essentially the same as that used in the
field of information theory and coding. Specifically, multiple randomly fluctuating quanti-
ties (random variables) exhibit some redundancy if they are statistically dependent, for
example, correlated. In speech coding theory, undesired redundancy is removed from the
data to increase the efficiency with which it represents information. In the case of error
correcting codes, redundancy is introduced to insure reliable transmission of information.
Here spectral redundancy is inherently introduced into signals by the modulation process
and this be exploited to enhance the corrupted signals. The performance of a signal pro-
cessor can be substantially improved if it exploits cyclostationarity in its decision making
process. The degree of improvement, relative to conventional processors, depends on both
the seventy of the signal corruption (noise, interference, distortion) and the degree of
spectral redundancy in the signal x(?). The degree of improvement also depends on the
available data for processing (the collect time). The performance can also be improved by

designing the signal to exhibit a sufficient amount of spectral redundancy.
3.4.3 Measure of Cyclostationarity

A scalar waveform is said to be spectrally self-coherent [Age88] at frequency sepa-

ration o if the correlation between s(z) and s(z) frequency shifted by o is nonzero for

NRE S | i

D7

some lag T, that is, if

L
pss (0)

T

at some value of T, where { )_denotes infinite time-averaging. Similarly, a signal wave-
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forms said to be spectrally self-coherent at frequency separation @ if the correlation

between s(7) and conjugate of s(z) frequency-shifted by a is nonzero for some lag ©.

(s(t + %) [s*(t - %) eiz"a':l *)N (37

* 4
O A
) RRa:s( (();) 0

The function p:s (7) and ps; () are referred to here as the spectral self-coherent func-
tion and the spectral conjugate self-coherent function of s(z), respectively; and the func-
tions R :s (t) and R :;* () are referred to here as cyclic autocorrelation function and

cyclic conjugate autocorrelation function of s(t), respectively, and are defined by

R :; (v 4 (S(t+ g) s*(;_ %) e_jznw>.,°’ 8
R%, (%) 4 S( re %) s(t__ %) e-jZnat>°° | (39)

An M-element vector waveform x(t) is said to be rank - L_ spectrally self-coherent at
Jrequency separation o or rank- L., spectrally conjugate self-coherent at frequency
separation o if the respective cyclic autocorrelation matrix R‘;X (1) or cyclic conjugate

. . [+ 4
correlation matrix R 5+ (7)

RG;(X () 4 (x(t+ %)x”(t - %) e_jznat)x' (40)
R(;(X* (1) A (x(t + %)xT(t - %) e_jzmt)w , (41)

has a rank L (L < M) at frequency-shift & for some lag t, where T and H denote
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transpose and conjugate-transpose (Hermitian response) operations, respectively.

If a real (bandpass representation)signal is considered, the positive and negative fre-
quencies are identical but for a complex phase-shift. Therefore the overall signal is corre-
lated when frequency shifted by twice the carrier frequency f_, i.e., the signal is spectrally
self-coherent at a = 2f, . This correlation can be removed by converting the signal to its
analytic representation, i.e., by removing the negative frequency components of the signal.
The original negative frequency component of the signal can be created by conjugating
the analyticai signal, which reflects the signal through the DC axis. The conjugated signal
is now correlated with the original signal after a frequency shift of twice the carrier. The
original signal ekhibits spectral conjugate self-coherence at o = 2f .

The spectral self-coherence and conjugate self-coherence frequencies for a number

of common modulation formats is shown in Table 1 [Age88].

Table 1: Examples of Spectrally Self-Coherent Signals

Complex Modulation Self-Coherence Conj. self-Coherence
Format Frequencies Freq. (@ 2 x Carrier)

ASK,BPSK | Baud-rate multiple Baudrate muliple |
QPSK | Symbol-rate multiple None
MSK, SQPSK " Baud-rate multiple +- 1/2 Baud-rate
CPFSK Symbol-rate multiple 2 x Symbol frequencies
FDM-FM Pilot-tone multiple None
DSB-AM None 2 x carrier
VSB-AM None None
SSB-AM None None

As seen from the table that most of the common communication signals exhibit cyclosta-
tionarity; for instance, all PCM signals exhibit spectral self-coherence at multiples of their
baud-rate, and ASK and BPSK signals are in addition spectrally conjugate self-coherent at
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twice their carrier frequency.

The function |p (:_) (t) ican be interpreted as a measure of the relative strength of

§s .
s(t) contained within s (t-7) ¢ zmt, where the optional conjugation (*) is only
applied if conjugate self-coherence is being measured. Using the Orthogonal Projection

(*)(

Theorem, s t-1) P e can be represented by

-0 = [p 0@ s e, 1-p 5@ [ @

where s(z) and €(r) are equal-power orthogonal waveforms (Rses = (). Therefore,
s (t-7) &> can be thought of as a scaled and corrupted replica of s(¢), with a sig-

nal-to-corruption ratio of

a
. |pss(., (7) |
Y 'scr(a,t) =

. (1-p @ [) w

2
This ratio varies between zero and infinity as |p O:,) (7) | varies between zero and
5SS

unity.

The utility of the self-coherence concept can best be seen in the interference environ-
ments. Consider the environment where a scalar waveform x(¢) is equal to signal of inter-
est s(¢) plus an uncorrelated interference i(z), so x(t) = as(t) + i(t). If s(t) is spectrally self-

coherent at frequency separation o, then the cyclic-autocorrelation of x(t) is given by
2 2
R%x (1) = |al"Rgs () + R (D) = lal"Rgg (D) (44)

that is, the infinite time-averaged cyclic autocorrelation of x(t) is unchanged by the addi-

tion of arbitrary interference, provided that the interference is not spectrally self-coherent
|
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at the same frequency separation o .

A useful interpretation of Eqn. 42 is that the frequency shift and optional conjuga-
tion operations completely decorrelate the interference component of x(f), but only par-
tially decorrelate SOI component of x(¢). In terms of the decomposition given in Eqn. 40,
PA (t-71) ¢ zrmucan be expressed in terms of the signal and interfering components of

x(#) by substituting s(¢) in the right hand side of Eqn. 42.

-0 = as@) +1(0), (45)
where
a=ap %, (1) * ™ (46)

4 a 21 47
(1) = aes(z)Jl-lpss(,)(r) |2+i*(t-'c)e]2 “ “

and where 1(f) is uncorrelated with both the s(z) and i(z). Eqn. 44 motivates the develop-
ment of interference cancellation techniques that uses P (t-7) ¢ 2ot as the reference

signal in a conventional least-squares algorithm.

3.4.4 Least Squares SCORE Algorithm

This simplest SCORE algorithm is developed using the interpretation of spectral self-
coherence. A reference signal r(t) is created as follows [Age89]:

re 2 A o (48)

where the veétor C is referred to as the control vector and the optional conjugation (*) is
applied if and only if conjugate self-coherence id to be restored by the processor. If x(1) is
modeled as follows
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x(1) =as(r) +i(1), (49)

and s(t) is the sole received signal component with the spectral self-coherence or conju-
gate self-coherence at frequency separation o, then Eqns. 45 - 47 can be used to show that
r(t) decomposes to into a replica of the SOI plus a corruption term that is uncorrelated

with both s(z) and x(z) (and therefore y(?))

r(n =as() +i(, (50)
where @(f) and i(z) are given by Eqns. 46 and 47, respectively, with a = a)
«H
i(r) = [c( )] i (7) . Eqn. 48 motivates the least-squares SCORE algorithm. We define
the least-squares SCORE cost function by

and

Fwe) 2y -roPr 51)

where y (¢) = wa(t) and r(t) is given by Eqn. 50, and where { - ) denotes time-
averaging over the interval (0,T). Substituting Eqn. 49 into Eqn. 50 and letting the averag-
ing time grow to infinity yields

F =y - [as(® +1(01]Dr 62)

Sy () - as ()Pt (T ()

Because 7(#) does not depend on w, it follows that Eqn. 50 becomes equivalent to the
true least-squares cost function and the value of w that minimizes Eqn. 49 for infinite
averaging time. Minimizing Eqn.50 with respect to w produces the maximum-SINR pro-
cessoras 7 — o0,

Minimizing Eqn. 50 with respect to w yields the least-squares SCORE algorithm
-1 k

xx xr’

w, =R (53)
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ol _1 2 .
where R, and R are the sample autocorrelation matrix and the cross-correlation vec-
tor computed over [0,T]. If i(t) is not spectral self-coherent at o, the autocorrelation and
crosscorrelation are not a function of i, then as 7 — % Eqn. 51 converges to
R R (54
Wee >R, R, )

=R, R (Dee”™". (55)

If only s(2) is spectrally self-coherent at o, then as T — «, R;( T) reduces to a rank-1

matrix with form

a« . _ ) a
R () =ala”]'R 5, (0 (56)
and Eqn. 54 reduces to
- H -
oo R, a[a V] IR @ T (57)
-1 (*) H g -jrav
=g RyxaR, [ g, = [a ] cp ss(.)('t)e . (58)

That is, w__ reduces to the maximum-SINR (or scaled least-squares) weight vector given

by

i,
i

-1
wmax xR ii

ax R R, (59)

where g is the gain constant. Note that w converges to the maximum-SINR solution for

any value of ¢, as long as ¢ is not orthogonal to a’ ") .

The least-squares SCORE processor block diagram is shown in Figure 3. The refer-
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ence signal r(t) is generated by linearly combining, delaying, conjugating (if conjugate
self-coherence is being exploited), and frequency-shifting the data received by the array.
The reference signal is then used as a training signal to adapt the processor vector w using
a least-squares algorithm. The only control parameters used in the processor are the con-
trol vector c, the delay T, the conjugation control, and the frequency-shift o ; Note that o

and the conjugaﬁon control are the primary parameters.

g,

x(t) y(®)
>
w
7 Least-squares algorithm A +
(*) t) T
*) X
C Delay
‘ eiZnat
LO
\
T o

Figure 3. Least-Squares SCORE Processor (Thick line represents the
input from the antenna elements)

Theoretically various values o and T are possible, because in theory these parame-
ters need only to be chosen to yield a nonzero value for g .. in Eqn. 57. In addition, the
frequency-shift parameter o need not be related in any way to the bandwidth or sampling
rate of the receiver system; however, to implement the processor in the digital form and if

a is large, care should be taken to prevent aliasing.
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Practically o should be chosen to exploit spectral correlation that requires less aver-
aging time to mitigate the effect of noise. From Figure 3 it is clear that the least-squares
SCORE processor can be generalized in many ways. For instance, the delay operation can

be replaced by a more general filtering operation, by generating r(t) using

r =@ 2= (@) e x(), (60)

where A(?) is the control filter impulse response and ® denotes convolution. The optimum
weight vector then converges to
-1 ()17« 5§
wsc _> gscR xxaRss; gsc = [a ] cp SS( *) T’ (61)
88
where 5(7) is the filtered SOI. The convergence of the filter depends on the strength of

the spectral self-coherence p (.,a being restored by the processor.
5§

The critical dependence of the SCORE processor on the precision of the target o can
be eased somewhat by the particular choice of averaging window used to calculate the
finite-time correlation matrices R,, and R,, . If a growing rectangle window is used to
calculate R, , for instance, then the processor will eventually reject the SOI if there is
any error in specifying o [Age89]. In many environments, the self-coherence of the SOI
is not always known exactly, for instance if the SOI undergoes a Doppler shift there is no
way of knowing the exact a. Also, the signal environment may be dynamic due to the
changing interference, multipath, and noise. So to make the SCORE processor robust,
exponential decay windows can be used to compute R r -

i i

3.4.5 Variations of SCORE Algorithm

Cross-§CORE is another algorithm which performs better than LS-SCORE. This
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algorithm maximizes the cross-correlation coefficient between §(n) and cHx (n-1).
This algorithm solves the problem of how chas to be chosen to minimize convergence
time. Without resorting to prior knowledge of the spatial characteristics of s (n)ori(n),
a direct method is to maximize |6 s,_lz with respect to w and c¢. This algorithm can esti-
mate mult}ple SOI with same cyclic features, based on the spectral self-coherence
strength. The Cross-SCORE can be easily be implemented as follows.

where g_, ar"l'd"gw are used to normalize the power of y (7) and r(¢) ateach step in the
algorithm. ' '

Phase-SCORE is a version which exploits the phase information in the cyclic feature
strengths, to distinguish multiple SOIs with identical self-coherence strengths. For exam-
ple in a CDMA system, all the users occupy the same band and they have identical baud
rate, chip rate and code repetition rate. If the users are operating in an asynchronous mode,
the cyclic correlation coefficients will have different phases even if the feature strengths

are the same. The algorithm can be stated as follows.

A A
R (D)w=AR,w

where A is the dominant eigenvalue.
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3.4.6 SCORE-Tapped Delay Line (SCORE-TDL) Structure

The SCORE algorithm is implemented using recursive least-squares algorithm. The
algorithm operates on samples of data instead of blocks of data. SCORE has one weight
per antenna element, but it was noted that SCORE on AMPS does not work satisfactorily.
The reason is that the array is not able to resolve the spectral correlation features created
by two closely spaced SATs. To resolve the closely spaced SAT components, large scale
time-averaging is needed, and a good estimate of the statistics is obtained.

A slight modification to this basic SCORE algorithm was made by introducing a
tapped-delay line to each antenna element. There are 16 taps in each of the element. This
new structufe, SCORE-Tapped Delay Line (SCORE-TDL), gives far better results com-
pared to the basic SCORE structure. This structure has frequency selection capability due
to the presence of the tapped-delay line. This capability enables this structure to reduce the
interference and noise. Thus consistent statistical estimation requires less integration time
with the TDL version of SCORE. The estimated output is a frequency-shifted version of
the original signal. The frequency shift is equal to the SAT tone. The TDL shapes the non-
frequency shifted array inputs to estimate a frequency shifted version of the input signal.
Because AMPS consists of replicated spectrum of the original FM voice signal, this
approach works well. A beam is formed in the direction of the SOI because this condition
will also minimize the MSE. The frequency shift in the output of the array is not a prob-
lem in AMPS, because the demodulated output signal has a DC component which does
not affect the voice signal. This will be a problem for digital signals, that can also be com-
pensated for.

The mechanism for its operation is different from SCORE. The new structure is fre-
quency-selective and extracts the sidelobe, creating a distorted version of the AMPS sig-
nals. However the distorted version reproduces faithfully the voice signal upon

demodulation. This SCORE-TDL converges faster than the basic SCORE, because the
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mainlobe is used as the training signal to extract the sidelobes. This mainlobe has a higher
SIR than the sidelobe, which is used as the training sequence in the basic SCORE algo-
rithm.

3.4.7 Recursive Least Squares SCORE Tapped Delay Line Algorithm
(RLS-SCORE-TDL) Implementation

Implementation of least-squares SCORE-TDL involves estimating the tap-weight
vector and the estimation involves the computation of the inverse of the autocorrelation
matrix. If the length of the tap weight vector is large then the inverse operation is time
consuming. For a narrowband model of the antenna array, the computation complexity
using least-squares SCORE-TDL or RLS-SCORE-TDL is the same. But for wideband
model, it is certainly advantageous to use RLS-SCORE-TDL. The implementation steps
of the algorithm for a wideband model is given below.

Algorithm:
Initialize the algorithm by setting
P(0) = 571, 5=a small positive constant

w(@0) =0

M is the number of elements in the array

L is the number of taps in the tapped delay line attached to each element

For each instant of time, n = 0, 1,2, ...... , compute
¢c=[l 0 0 M) k(n) = A+mn(n) -x(n)
x=X-c¢c H

K(n) = =)

n(n) = xH(n)P(n— 1)
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d = (X‘C) .eiZnat

a(n) = d(N/2) -y(n)

w(n)

w(n-1) +k(n) - a*(n)
P'(n-1) = K(n) -n(n)
P(n) = %(P(n—l)—P’(n—l))

y=1’bHX

3.5 Time Dependent Adaptive Array (TDAA)

The time-dependent adaptive array is a combination of the time-dependent optimal
filter and ddaptive array. A TDAA exploits spatial, frequency, and time diversities. A
time-dependsnt adaptive filter (TDAF) is an adaptive filter implementation of the time-
dependent optimal filter, with a filter response that varies periodically in time. The princi-
ple behind time-dependent optimal filter is to use spectrally correlated portions of the sig-
nal-of-interest (SOI) or/and the signal-not-of-interest (SNOI) to improve the portion of
SOI spectrum corrupted by the interference. When the signal statistics change periodi-
cally, a TDAF outperforms a time independent adaptive filter (TIAF) in approximating the
optimal time-varying solution [Ree87] [Ree88]. The idea behind the TDAA is that corre-
lated, but different data can be obtained from each spatially separated array element
through freqdency shifting the data at each antenna element. The TDAA can be blindly
adapted by ‘Eonﬁguring the TDAA as a predictor. That is, the TDAA predicts signals
which exhibit a particular form of spectral correlation.
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An implementation of the time-dependent adaptive array is shown in Figure 4. There
are M elements in the array and the array exploits L cyclic periodicities. There are N sig-
nals coming'frbm arbitrary directions. The advantage of asTDAA over the conventional
array is that not as many antenna elements are required to achieve a given performance
level. This is desirable from both an operational point of view ard from a cost point of
view. A second advantage is that it is possible to derive new blind array algorithms based

on the spectral correlation characteristics of the SOI and interference.

3.5.1 Interpretation of this New Blind Adaptive Algorithm

Here we introduce a new array structure and a blind adaptation algorithm. This new
adaptation algorithm can be viewed as a power minimizer structure which tries to mini-
mize the méén—squarcd—error. This technique behaves as a beamformer if the elements
estimate the SOI and the error is the SNOL. Otherwise, if the elements estimate the SNOI,
then the structure can be viewed as a null-steering array. Two structures, one for narrow-
band signals and the other for wideband signals are introduced. The time-dependent adap-
tive array can be implemented by a pank of frequency shifters and filters as is done in
temporal filtering. The MSE and BER performances of these structures are better than
CMA and SCORE arrays. TDAA achieves the optimal MSE and it does an optimal com-

bining when both interference and noise are present.

3.5.2 Mean-Square Error Analysis for TDAA

'

Let l;)e\the output vector of the array and x is the input vector to the array. The
objective is to find % (?), the impulse response of the filter, that minimizes the mean-
squared-error

. 1z/2 ) (62)
MSE=lim; I (@) -y@)) ar,

where z—>002/2
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YO = [B@-wxw)dy, (63)

and the MSE is the mean-squared-error based on time-averaging as opposed to an ensem-
ble averaging. The optimal A () , which is a vector of size (M x 1), occurs when the gradi-
ent of the MSE with respect to the filter is zero:
2/2 (64)
0= limi [ O@-5)x* ¢-wdr foralu,

7 —3 00 -z/2

where * represents the complex-conjugate operation. The value of & (f) which satisfies

the above condition is the Wiener solution. In this case & (£) is a time-dependent array.

Consider the case where the filter is allowed to be almost periodically time-varying.

Therefore

L-1 J2nau k-1 j2na,u ’ (65)
h(t,u) = |: Zgnl(t—u)e 'J, Zgnz(t—u)e 1, ...
n=0 n=90 .

L-1 j2rno u
( Z 8y (2 - 1) e ] ]
n=0

where g, . represents the weight of the filter corresponding to the element i, and periodic-
ity n. So k() is a vector of size M x 1. The argument ¢ is the output time and the argu-
ment u is the input time. For convenience, & is defined a set of desired periodicities,

where anié amember: {a, € a;n=0,1...... ,L -1} . The estimate  (7) is now

(1) = Ih(t,u)x(u)du ) (66)
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Figure 4. Time-Dependent Adaiptivc Array (Structure 1)
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N

(T i is the normalized discrete delay corresponding to T )
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Substituting Eqn. 65 in Eqn. 66, we get

*®rL-1

() = J‘I:Egnl(t—u)eﬂna"u] [, (1) + Xy () + ovov + 2y () ] d

—oln=0

©rL-1 ]
+ J‘ [ Z g, (t—u) ejzna,.u] [y (W) @ x;(u) +b,(u) @ xy(u) +...... _
—cobn=0

...... +by(u) @ xy(u-1y) ldu
Y j2na u
e + j [E gy (t-u)e ] [y (W) ® x;(u) +byp (1) ® x5 (u) +.....
—obln=0
...... +byy(u) ® xy(u-1y) ldu
where b,.j represents the channel impulse response associated with the ith antenna element

and jth signal. Eqn. 67 is the output if the signal is wideband. If the signal is narrowband
and it is in the far-field, then b, () = 8(1-1)),

“ rf-1 )
() = f[z g, (t-w)eé" “""] [, (1) +%, (U) + oo+ Xy () ] dt
-0 n=0
N j2nau_
+ j I:Zgnz(t—u)e Ty (umTy) Ay (u-1) + .l +xy(u-1ty)]du
0o bln=20 .

> k-1 '2nanu-
...+_J;|:n2=:0,gnM(t—u)ej -(xl(u-'rl(M-l))+x2(u—'c2(M—1))+ )

? et xy(u-1y(M-1)) ldu

13
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where 7, is the delay associated with the propagation of the plane wave due to the ith sig-

nal from one element to the next.

L-1

50 = F 2 [ (0" + ): ORI ENC Tt
.+ Z g8, (0 [xN(t) eﬂna'r] (69)

+):g,,2(t) o[ - @™+ Zgnz(t)°[x2(t o]

L-1

o+ ):g L0 ¢ [xy -t "]

L-1 1

+ZgnM(t)0[x1(t—(M D) ]+ ZgnM(t) o [x, (1= (M- 1)) "]

n=
L-1

. L+ Z gy (D ® I:xN(t— M-1)7) e«’zna,:l

where ® represents the convolution operation.

When the signal is narrowband, the correlated portions of the spectrum of the signal

at each element are not different. Therefore the weights
& (D, 8k(i+1) ), ........ Bk(i+M-1) () differ by complex constants, and these com-

plex constants are the same for different values of /. So, the weight matrix has columns

that are dependent.

L-1

-1
y@) = Eg,,l(t) .[Zx (t)e 2y :|+ Egnz(t) ol:zx (t- T)eﬂm”il"‘---

i=1

L-1 j2r0c ¢
.+ Y g, (t)°[ x;(t- (M- 1)T))] ]
n§0 " tgl (70)
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and g,,(?) = Cy8,,(0) ,.. 8,y (1) = Cp8,, (1) , where C, ............, C), are com-
plex constants. So Eqn. 70 becomes,

L-1 L-1
qunl(t)°l:2x(t)e a]+ Zngnl(t)O[Zx(t 'c)ejzat]
i=1 n=0 i=1
(71)

b L-1 N j2ro t
et Z CMgnl(t) o [in(t— (M—l)'ci))el '],
n=0

i=1

M J2not N
y( Z [Zgnl()e I:Zx,'(t‘ (j‘l)'c;):”

ji= i=1

where C; = 1, and g, () is the response of the first filter which is used as a basis to
represent the responses of the other filters in Structure 1. From Eqn. 71, the TDAA (Struc-
ture 1) reduces to the Structure 2 shown in Figure 5. This is true because since the time-
dependent ﬁltcr for each antenna elements is dependent, and so the Structure 1 can be
reduced to the Structure 2. Note that an adaptive implementation of Structure 2 is more
complex, because it involves optimizing the product of unknown variables. However, for
analysis purposes Structure 2 is convenient. The Structure 2 can be sub-optimized by fix-
ing the front section of the array constant and optimize the back section of the array. In the
same way, the back section can be fixed constant and optimize the front section of the
array. The gradient of the error V, can be obtained by substituting the above equation
into Eqn. (62) and taking the derivative with respect to 8ij (1) . The gradient of the error
for a particular coefficient of the time-varying filter series is given by

oo z/2
Vo= [lim =2 [ oo S5(0) 2 (- w) e TP gray (72)
z—0 2 '
—oo -z

where f3 can take any value that o can assume. The optimal value for 8p () occurs when

]
the gradient is zero.
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Figure 5. Time-Dependent Adaptive Array (Structure 2)
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(73)
0= Vp
z/2 .
0=tlim 1 J‘ @) =9 ()2 (t-u)e?PU-9 g forall u
e z—z/2

The above equation requires that the estimation error must be uncorrelated with the data
frequency shifted by f. This is the same as

(74)
12/2 o
lim = Iy(t)x*(t—u)e-J B g
z—o Z
-2/2
z/2
= lim 1 [ G D)) x* (t-u) e 2P g
z—o0 Z
~-z/2
The right-hand side of Eqn. 74 can be expressed as
N rL-1 .
p-a, j2n(p-a,)7, B-a,
Y [Z 8n(u) ® [Kle (u) +K,e Isz (U) + oo
I=1ln=0 ' (75)
p2n(B-a) (M-1)7,_B-a,
+K e R, () ]]
where K =‘Clejn(a"+p)u’K1 = Czejn(a"+p)u,...., Ky = CMejn(a'+ﬁ)u,and

X

RP % (u) is the cyclic autocorrelation for cycle frequency (P - a,) and is defined as

- (76)
LR lim(l [x(+ @/2))x* (- (u/z))e'ﬂ"‘“‘“)‘dt]
Toow T_m
The left-hand side of Eqn. 74 is equal to
einﬁufo (u) ) (77)
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From Eqns. 75 and 77

empuR)I:’ox () =
N rL-1
B-a, 2rnp-a)T, Bp-a,
Z I:Z 8n1 (1) I:Kle (u) +K,e le (u) +...... -
I=1La=0 !
an-a) M-, _p-a,
+Kye R, "(u) 1]
@78)
In the frequency-domain
sP-Br2) =
yx
N L-1
B-a, (o, +B) j2n(f-a,)7
Y Y GuS, (f-—"z—)[CﬁCze "F o, +
I=1n=90
2n(B-a) (M-1)1
+oee. +Cye ’]
(79)

(-

j2
whereSyg 0 = J'R; (x) K

~00

Solving either Eqns. 78 and 79 involves L unknowns i.e., exploiting L periodicities.
The value of L is infinity if the signal is band unlimited. But usually L takes a value which
is finite and small, because Syf (f) and S xp (f) are significant only for a finite number of
values of 3.

The MSE is the correlation of the estimation error and y ()

) (80)

MSE = lim% [ 0@-30)* ar

2% _z/2
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Substituting Eqn. 68 in Eqn. 80,

MSE = R(; (0) - RR,

RR =

I=

K, e R

2r(p-a)M-1x
+H Ay

Using Parseval’s theorem, MSE in the frequency domain

MSE = ‘f S, - [R]1df

R = g: [IE (Gnl @ (Syxa"(f - %))*) [ey+ ™ 70

I=1La=0

+C eiln(ﬁ—a,.) (M—l)'c,] ]
...... M

}' ( i [Lz-:l gL () o [( KR s- () ejna,,)* . (Kzeﬂn(p ~a)n
—~00 1Ln
) ejm")* ] ]du

p
x

1

Chapter 3

B-a, jna“*
% (u) e )+ ......

(81)

The term inside the square bracket is the contribution from the signal-of-interest.

MSE reduces. as the number of spectral periodicities exploited increases. MSE can be

viewed as a measure of signal to interference plus noise ratio (SINR).
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3.5.3 Recursive Least Squares TDAA Implementation

The recursive least squares implementation [Hay91] of TDAA is described below

and corresponds to Structure 1 (Figure 4).

Algorithm:
Initialize the algorithm by setting
P(0) = 6_11, d= small positive constant
g0) =0

M is the number of elements in the array, T is the number of taps in each tapped delay line,
L is the number of periodicities exploited, x is the input data vector of size [ 1 x TML ],

2 is the weight vector of size [ 1 x TML], a is the frequency-shift vector of size [ 1 x TML],
¢ is the control vector of size [ 1x TML], A is the forgetting factor,

d is the reference vector, and y is the output vector.
For each instant of time, n = 0, 1, 2, ...... , compute

a(n) =d(n) -y(n)
x,(n) = (x"-a)

m(n) =x," (M P(n-1) g(n) = g(n-1) +k(n) - a*(n)

k(n) = A+m(n) -x(n) P'(n-1) = K(n) -m(n)
mH(n) 1

K(n) =—m‘ P(n) =X(P(n—1)—P,(n"1))

d(n) = (x'-c) y(m =g"x
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Chapter 4

Simulation and Performance Analysis

This chapter describes the simulation procedure to test the algorithms described in
Chapter 3. The standards which are of interest include the Advanced Mobile Phone System
standard (AMPS), that is the current North American analog FM standard, and the IS-54
(the new U. S. Digital Cellular (USDC) standard). This chapter discusses the channel
model used in the simulation and the performance criteria used. The relative performance
evaluation of these algorithms under different scenarios is also presented. All simulations
in this thesis were performed on Sun Microsystems SPARC 10/40 workstations using the

MATLAB signal processing software and custom scripts.

4.1 Signal Model

This section discusses the features of the AMPS and the IS-54 standards that are

used in the simulations to test the algorithms.
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4.1.1 AMPS Standard

AMPS is the analog US cellular standard [EIA90] employing Frequency Division
Multiple Access (FDMA). Voice signals are FM modulated and the control channel is
FSK modulated. The signals occupy the frequency band 824-849 MHz for the reverse
channel and 869-894 MHz for the forward channel. The channel bandwidth is 30 kHz.
The control channel uses a data rate of 10 kbps. Channel number 1 has the mobile transmit
channel at 825.030 MHz and the corresponding base transmit channel at 870.030 MHz.

The channel allocation is shown in the table below.

Table 2: Frequency Allocation for AMPS Standard

1

Channel Mobile Center Base Center
System | Width in MHz Number ‘N’ Frequency in Frequency in
' ' MHz MHz
A 10 T 1to 333 825+0.030*N 870+0.030*N
B 10 334 to 666 825+0.030*N 870+0.030*N
A 1.5 667 to 716 825+0.030*N 870+0.030*N
B’ 25 717 to 799 825+0.030*N 870+0.030*N
None - 990 824.01 869.01
A” 1 991 to 1023 825+0.030*(N- 870+0.030*(N-
1023) 1023)

i
System A is the wireline system and B is the non-wireline systems. A’, B’, A” are

the systems whic'h provide the channels for future use. To supervise the connection on the
traffic channcl the Supervisory Audio Tone (SAT) and the Signaling Tone (ST) are added.
SAT assumes a frequency of 5970 or 6000 or 6030 Hz. The SAT is added to the voice
transmission ‘at the base station. A mobile must detect, filter, and demodulate the transmit-
ted voice signal with this tone. Transmission of the SAT must be suspended during trans-

mission of wideband data on the reverse voice channel, but must not be suspended when
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signaling tone is sent.

To control spectral splatter into the adjacent channels pre-emphasis and de-emphasis

are used. Companding is also used to improve the quality of voice transmission.

4.1.2 IS-54 Standard

IS-54 (Interim Standard 54) is a cellular system standard set by the Electronic Indus-
tries Association (EIA) in 1990 [EIA90]. The IS-54 standard is implemented as a dual
mode standard to allow support for the current analog AMPS standard. The IS-54 standard
occupies the same band as the existing AMPS signals with the same 30 kHz spacing
between adjacent cells. AMPS channels will be converted to IS-54 channels as the
demand for the new 1S-54 channels increases. Each IS-54 channel contains a time-division
multiplexed signal operating at 48.6 kbps and carries three users’ signals. The timing

structure is shown in Figure 6.

The frame duration is 40 ms and is divided into six 6.67 ms slots. One time slot car-
ries 324 bits, including 260 bits of user data and 12 bits of system control information. The
remaining 52 bits carry a time synchronization signal (28 bits), a digital verification color
code (12 bits). In addition, the mobile-to-base direction contains a 6 bit guard time interval
where no energy is transmitted, followed by a 6 bit ramp interval to allow the transmitter
to reach its full power level. Each user is allowed two slots per frame in the half rate struc-
ture. Eventually, speech coding technology is expected to progress to the point that only
one slot per user per frame will be needed. This full rate signal structure will allow the
data rate to be reduced from 13 kbps to 6.5 kbps.

The 28 bit synchronization signal contains a known bit pattern that allows the
receiver to establish bit synchronization and train an adaptive equalizer. There are six dif-

ferent synchronization codes, one for each time slot, that serve to help the receiver lock
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onto the correct time slot.

Chapter 4

One TDMA frame (half rate)
|
Slot 1 Slot 2 Slot 3 Slot 4 Slot 5 Slot 6
~—P
One slot
R[ DATA | SYNC DATA | SACCH| CDVCC| DATA
Slot Format for Mobile to Base
SYNC | SACCH | DATA | CDVCC | DATA RSVD
Slot Format for Base to Mobile
G = QGuard time
R = Ramp up time
RSVD = Reserved bits
CDVCC = User signature

SACCH = Control information

SYNC

Synchronization information

Figure 6. Time Frame Structure of IS-54 Standard Signal

Each base is assigned a digital verification color code. This code keeps a receiver

from locking onto a signal from a distant cell. Note that this sequence by itself is probably

insufficient to train an adaptive filter to compensate for flat fading.
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The modulation technique for the IS-54 standard is Differential Quaternary Phase
Shift Keyiné (DQPSK). It is also called /4 DQPSK. This modulation type resembles 8
PSK except that only phase transitions of ¥1/4 and *37n/4 are allowed. The constella-
tion diagram of /4 DQPSK is shown in Figure 7. The signal is shaped by a root cosine
filter present at both the receiver and the transmitter. The roll-off factor is 0.35.

Figure 7. Constellation Diagram Showing Transition Paths

IS-54 operates in the frequency band 824-849 MHz for the reverse link and 869-894
MHz for the forward link. Pre-emphasis and de-emphasis are used. Companding is also
used as in AMPS.

4.2 A Simple Statistical Model for Angle of Arrival in Line-of-Sight
Multipath Channels

A typical model for the multipath channel is given by Rappaport [Rap89] as
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N
h(t) = ¥ A*% (-1 , (83)
i=0

where A; is the magnitude of a multipath component, ¢, is the phase of the multipath
component and T; is the delay associated with that component. The statistics of N, A,,

and T; are given by the work of Seidel and Rappaport [Sco90] [Rap94]. This model is

adequate for modelling systems which use omnidirectional antennas. In general, each
multipath éomp'onent also has an angle-of-arrival associated with it. This information is
necessary when considering the performance of communication systems employing direc-

tional antennas at the receiver.

To develop a simple statistical model for angle of arrival (AOA) in multipath envi-
ronments, we first make the assumption that the transmitter uses an omnidirectional

antenna [Lib95]. If a line-of-sight path exists between the transmitter and the receiver,

then the first arriving component will arrive at a time T, = d/c where d is the distance
between the transmitter and receiver (T-R separation) and c is the speed of light which is

3x108 meters/sec.

Let us consider a subsequent multipath component which arrives at time t;. As
noted earlier by Seidel and Rappaport, if the component is the result of a single reflection
(a single bounce path), then the scatterer which caused the reflection must lie on an ellipse
with major axis half length a, and minor axis half length b as shown in Figure 8. The

quantities a, b, and j}ocu , are given by:

d
f}ocus = 2’ (84)
= o 85)
a = 7 ,
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b= J?-f2 . (86)

Then the scatterer which resulted in a single-bounce multipath component arriving at

time T, must lie at coordinates (x, y) such that x and y satisfy

2 2
;-‘-2+z’—2 =1. (87)

This is due to the fact that 7, , the distance from the scatterer at (x,y) to the transmitter at
(~ffocus 0) » and r,, the distance from the point (x,y) to the receiver at (f,.,5 0) ,
sum to 2a = cT; atevery point (x,y) on the ellipse. Let us assume that there is an angle
of departure 6, that is taken by a particular ray as it leaves the transmitter. The angle of

arrival at the receiver is 0 a-

Based on the geometry of Figure 9, we may write the following equations

n= a+]}ocusc°sy’ (88)

r, = a_f}ocuscosy’ (89)

ricos (8,) +rycos (0,) = 2fp,cc0 (90)
rysin (8,) = r,sin (0,) - 91)

Substituting Eqn. 88 and 89 into Eqn. 90 yields

a(cosB,;+ cosB)) +f;,.,cosY(cosB, - cosO)) = 2f;, ;. 92)
and substituting Eqn. 88 and 89 into Eqn. 91 gives:

a [sinea— sinedJ

- - . 93
ffows sin@, + sin0, ©3)

cosy =
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Minor Axis Half Length, b

t— —————

= A,
= U/

T-R Separation, d=2f, . | Focus distance, f;, .,
-

Major Axis Half Len

Figure 8. The locus of all points where a scatterer might lie which results in a single
bounce multliﬁ)e'tth component with delay T; is an ellipse with a = ¢1,/2, j}ocus =d/2,

and b = (fffc,}s*; a?
;

t

Combining Eqn. 92 and Eqn. 93 gives

2 94
(cos0,+ cos0,) (sinO, + sin0,) + (cosB,- cosB ) (sinB, - sinb,) = L:’:'ff(sin(ea)+ sin0,),
which may be rewritten as
: fOCUS . .
sin(6,+60, = L—a (sinB, + sin6 ) . 95)

After considerable manipulation this may be solved for 8 :
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- a _f"focus 6d

(x,y)

Tx ‘ ed

(—-f}ocus’ 0) f}ocus

Figure 9. Geometry for Determining 8, as a Function of 0,

In deriving a statistical model for angle of arrival in single-bounce multipath chan-

nels [Joe95], we make the following assumption. Let us assume that a single-bounce ray

leaving the transmitter at a particular angle 0, has the same probability of reaching the

receiver as a ray leaving the transmitter from any other angle. Thus, for a given single

bounce ray arriving at the receiver, the probability density function describing the angle-of

-departure from the transmitter is simply

Pe (8,) = 2in 0<0,<2m. 97)
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The probability density function for the angle of arrival is then given by

6,) = Lo ©8)
Pe, %) = 1ag(8)) '
4 8,=g(8,)
where ‘
_ _ -1 a "'focus %
o)l o
with
- 0
0, =2g1(0,) = 2tan‘1([Z—_l_';-j@J cot(f)J , (100)
we find
a "f}’ocus 2(9_)
dg (6, a +ffocus 2 (101)
do a-f, 04)12
d 1+ ﬂ cot(—g)
a +-’;‘ocus 2
Then
1+ a +ffocus 2(6_0)
dg (6,) _ (a —ffocus] a —f}ocus 2 (102)
ded 8. = g-1 (8 ) a +f}0€us 1 + tanZ(?_‘_l)
4 2

Recognizing that Eqn. 102 is always positive for reasonable values of a and ffows , and
substituting Eqn. 102 and Eqn. 97 into Eqn. 98 gives

0
()

o 1 + tan 5
27

Py (8, = 5 0<6,<2n
1+ a2m2(3“) , (103)
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where

+
o = a_fM, (104)
a_-’}ocus

a is a measure of the eccentricity of the ellipse. For oo = 1, the focus of the ellipse is at

the origin and the ellipse is a circle. For o = 0, the ellipse is a flat line along the x -axis.

The path length associated with the ith single bounce multipath component is
¢t; = d; = 2a;. The excess delay associated with the ith multipath component, A7, is
the delay associated with the ith path in excess of the delay associated with the direct path.
In terms of a and ffocus' this is

2(a,; -
At, = &_CfLw) (105)
or
!‘ cAT,
a; = T+ffocus' (106)

I
Thus, j;o cus 15 €qual to half of the T-R separation and a; is determined for each excess
delay Aw;. These quantities are used in Eqn. 104 to determine o which is used to deter-

mine the probability density function for the angle of arrival in Eqn. 103. A plot of the pdf

of the angle-of-arrival is shown in Figure 10 for many excess delay times.

When the excess delay of a component is very large, a; » ffo cus» S0 that o is approx-

imately unjty. In this situation, the pdf of Eqn. 103 is approximately equal to Eqn. 97. In

other words, for multipath components with large excess, delays, the angle-of-arrival is
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approximately uniformly distributed between 0 and 2n. When the excess delay is very
small, we have a; = j}o cus SO that o becomes very large. In this case the ellipse becomes a

straight line. Thus Eqn. 103 presents a simple means of quantifying the behavior of the
angle of arrival of multipath components in line-of-sight environments when no other
information is available. This model may be used to supplement the work of Seidel and
Rappaport in which the multipath channel is statistically characterized for omnidirectional

antennas.

ey
/

Assuming Tx-Rx Sep of 4km

o
(-]

o
(2}
z

o
N
/

vy

Probability of component arriving at AOA
(@]
7

Bo

Excess delay (microsec) Angle of arrival (deg)

Figure 10. The probability density function for the angle of arrival of single bounce multi-
path components as a function of excess delay for a T-R separation of 4 km

We recognize that the fundamental assumption to obtain Eqn. 97 ia simplistic. It may
be more appropriate to consider scatterers which are uniformly distributed in space.

Knowledge of the fact that the transmitting antenna is omnidirectional coupled with the
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assumption that scatterers are uniformly distributed throughout space and that, for a speci-
fied excess delay, the scatterers associated with a particular multipath component must
also lie on an ellipse, should be sufficient to develop another statistical model which may

be more appropriate than the one presented here.

The channel model used in the simulation has one ellipse i.e., one delayed compo-
nent. The delay profile is shown in Figure 11. The angles-of-departure of the multipaths is
found by generating a uniform random variable between 0 and 2n. Then the angles-of-
arrival of thé multipaths are determined by using Eqn. 99. In the simulation, one multipath
which power is 6 dB below the direct path is considered and the multipath component
arrives after a delay of 30 [Lsecs.

o
-

o
(N

1.
Delay (lLsecs)

-. Magnitude of the multipath component

30

Figure 11. Delay Profile of the Channel

4.3 Performance Criteria

Mean-Squared Error (MSE) in the time domain is the most common performance
measure used. This is a measure of the energy of the difference between the original signal
vector and the reconstructed signal vector. Weightings can be a common occurrence in an

attempt to better match perceptual performance to the distortion measure.
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k-1
dx3) = (-HDW(x-3 = ¥ wx-5)" (107)

i=o
To evaluate the performance of the algorithms for AMPS, the performance criterion
used is the mean-squared error in the frequency domain of the demodulated signal with
the array and without the array. MSE in the frequency domain is more appropriate for
relating voicg clarity than the time domain MSE. MSE in the frequency domain is defined

as

ath = ikzlw(f 1) (108)

where f is the vector which has the frequency components, i.e., the normalized FFT
points, of the original signal and the f is the vector which contains the frequency compo-
nents of the recovered signal. w;is the weighting function which depends on the window
used. If all w;s are one, then the MSE in the time domain is same as the MSE in the fre-
quency domain. The window is chosen such that all the frequency components from 300
Hz to 3.5 kHz are scaled by one, while the other components are notched out. For the IS-
54 testing, bit error rate (BER) is used as the performance measure.

44 Performance of the Adaptive Array on AMPS and IS-54 Signals

Performance evaluation of the algorithms is carried out by first simulating AMPS
and IS-54 signals. All the performance evaluations use the fixed channel model that is
described in Section 4.2. Four sets of simulations are performed for each of the signal. The

four sets are described below.

a) MSE vs. SNR (Signal to Noise Ratio)
This simulation set demonstrates the performance of the algorithms in a channel
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which has AWGN (Additive White Gaussian Noise) and multipath components. The vari-
able parameter is the signal-to-noise ratio (SNR). SNR is varied from 4 to 28 dB and the
performance measure (MSE for AMPS and BER for IS-54) is plotted against SNR.
b) MSE vs. SIR (Signal to Interference Ratio)

This simulation set demonstrates the performance of the algorithms for a varying
signal-to-interference ratio. The signal-to-noise ratio is maintained constant at 20 dB. SIR
is varied from -20 dB to 20 dB and the MSE is plotted against SIR.

c) MSE vs. Different Number of Users

This simulation set demonstrates the capacity increase provided by adaptive arrays.
The signal-to-noise ratio is maintained constant at 20 dB. The number of users is
increased from 1 to 4. The signals-not-of-interest are maintained at 6 dB below the signal

of interest.

d) MSE vs. Different Number of Antenna Elements

This simulation set demonstrates the performance of the array with different number
of elements. There is one interferer, whose signal strength is 6 dB below the SOI. The sig-
nal-to-noise ratio is maintained constant at 20 dB. The number of elements is varied as 1,

2,3,4 and 8.

4.5 Implementation of the Algorithms

4.5.1 CMA Implementation

The Constant Modulus Algorithm (CMA) is implemented as explained in Section
3.3.2, but it uses least-squares algorithm (LS) instead of least-mean squares algorithm
(LMS). The Least-Squares Constant Modulus Algorithm (LSCMA) is a block based algo-
rithm i.e., it operates on a block of data containing 64 samples. Initialization of CMA is
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vital to the operation of a CMA array. A CMA array should not be initialized with all-zero
weights, because if initialized in this manner the output will be zero for all the time. The
CMA array has one weight per antenna element. The received data is partitioned into con-
tiguous non-overlapping blocks of length 64 samples, and LSCMA recursion is applied to
eack block using weights provided from the previous block. The weights are updated over
each block until the algorithm converges (for this research 4 updates are used). The algo-
rithm converges within 2 milliseconds (100 samples of a signal which is sampled at 48

kHz). The convergence time is small enough to accommodate fast changes in the channel.

4.5.2 SCORE-Tapped Delay Line (SCORE-TDL) Implementation

The SCORE-TDL algorithm is implemented using recursive least-squares algo-
rithm. The algorithm operates on samples of data instead of blocks of data. SCORE-TDL
has 16 weights per antenna element. The number of weights per element is dependent on
the cyclic-autocorrelation function of the SOI. The cyclic-autocorelation function is sig-
nificantly high for a period equal to 2Xx T, , where T, is equal to 1/ frequency of the
SAT. Since T, is equal to 8 samples, the length of the FIR filter is 16. This structure incor-
porates only (;ne periodicity, i.e., it exploits the spectral redundancy of the frequency com-
ponents spaced 'by the SAT tone. Initialization of SCORE-TDL array is as vital as to the
operation (;f a CMA array. The array can be initialized with all-zero weights.

4.5.3 TDAA Implementation

The time-dependent adaptive array is implemented using a recursive-least squares
algorithm. The structure uses a tapped-delay line for each of the antenna elements. The
length of the tapped-delay line is 16. The number of weights per element is dependent on
the cyclic-autocorrelation function of the SOI. The cyclic-autocorelation function is sig-
nificantly high for a period equal to 2x 7T, , where T is equal to 1/ frequency of the
SAT. Since T, is equal to 8 samples, the length of the FIR filter is 16. This structure

exploits multiple statistical periodicities. In the simulation, two periodicities are exploited,
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i.e., it exploits the spectral redundancy of the frequency components spaced by the SAT
tone and the frequency components spaced by twice the SAT tone. This time-dependent
structure performs better than all the other structures.

4.6 Problems in Simulating Realistic Conditions

Realistic conditions are important in evaluating the performance evaluation of blind
adaptive algorithms. Lack of proper channel models to calculate the angle-of-arrival of the
multipath components at the array input poses a problem in creating realistic conditions.
The simple model discussed in Section 4.2 is a first order approximation. This model does
not take into account the effects of shadowing. Lack of statistics of the location of the
users in a typical cellular environment is another drawback. In the simulations, the users in
the cell are assumed to be uniformly distributed. The measure to gauge the performance of
the array is the improvement in BER or MSE. There need not be a one-to-one relationship

between BER improvement and cell capacity gain.

Setting up the simulation for IS-54 standard is more complicated than AMPS. There
are three users in a each TDM frame. The location of the users in & cell is vital to carry out
the test. The antenna beam has to track three different users in a serial fashion continu-

ously. Beamforming for IS-54 signals is more difficult than with AMPS.

4.7 Discussion of the Results

Land mobile communication experiences classic forms of interference such as back-
ground noise, multipath propagation, and in-band interference from the surrounding sys-
tems. The degree of interference depends on the surrounding topography, number of users,
cell structure, distribution of the users, allowable transmission powers, and degree of spec-
trum regulation. In this section, the performance of the blind adaptive algorithms under

various channel conditions and the performance improvement brought about by the
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increase of number of elements are examined. The main focus will be to examine the abil-

ity of the adaptive array to reject interference from co-channels.

4.7.1 Testing the CMA on AMPS Signal

The AMPS signal generated has a bandwidth of 30 kHz and the carrier is 0 Hz. All
the signals in the simulation are complex baseband signals. The Constant Modulus Algo-
rithm is tested on AMPS signals under various conditions and the results are discussed in

this section.
4.7.1.1 Interference from Background Noise

Background additive white Gaussian noise is a problem for analog and digital com-
munications. Adaptive arrays can significantly reduce the noise level by forming beam in
the direction' of the SOI and the noise contribution is only from the direction of the SOL.
The simulation setup uses a linear array of four elements and each element is spaced by a
distance of A/2 from the adjacent element. Each element has a weight attached to it. The
arrival angle of the SOI is 60 degrees. Figure 12 shows the radiation pattern of the array
for every block of data. Each block of data consists of 64 samples (1.3ms). The radiation
pattern of each block of data is overlaid on one another to show how the array is able to
track the SOL. Initially all the weights are one, so the radiation pattern has a main beam at
an angle of 90 degrees. As the algorithm converges, the radiation pattern shifts to 60
degrees in the direction of the angle of arrival of the SOL

Figure ;13; shows the convergence characteristics for the four array weights when the
SNRis 5 dB The weights converge within 15 blocks of data for this case and as the SNR
increases, the convergence rate also increases. This is due to the fact that consistent statis-
tical estimates require less data when the CNR is high. Figure 14 shows the spectral plots
of the original voice signal, corrupted voice signal, and the reconstructed voice signal for
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the case when CNR = 4 dB. It can be seen how close the reconstructed signal resembles
the original signal. Figure 15 shows the performance improvement curve offered by the
CMA array in the AWGN channel. The figure shows MSE (in the frequency domain of the
demodulated voice signal) plotted against carrier to noise ratio for a system using a single
antenna and for a system using a CMA array. CNR is varied from 4 to 28 dB in this test
case. The CMA array provides nearly an improvement of one order of magnitude. The
improvement in MSE is due to the fact that noise at each element is uncorrelated, while
the SOI is correlated at each element. The array forms a beam in the direction of the SOI
and the noise which comes from all the directions other than the direction of SOI is
rejected. The improvement in MSE has approximately a one-to-one relationship with the
improvement of SNR. As the CNR increases form 4 dB to 28 dB, the CMA array settles to
a noise floor for high CNRs.

AOA of the SOI
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ob Converged Patten
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Figure 12. Radiation Pattern of the Array as the Algorithm Converges
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Curves Show the Convergence Characteristics of each Weight of the Array
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!" Figure 13. Convergence Curves for the Weights of the Array
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Spectrum of the Original Voice Signal
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Figure 14. Frequency Domain Plots of the Original, Corrupted, and Reconstructed

Voice Signals for CNR =4 dB.
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Performance of CMA Array in a Noisy Environment
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Figure 15. Comparison of MSE Curves of CMA Array with a Single Antenna
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4.7.1.2 Interference from Co-Channel Users

Co-channel interference in the AMPS system is due to the interference from adjacent
clusters. Any cluster is surrounded by six clusters and so there are six co-channel interfer-
ers in AMPS. AMPS adopted seven cell structure because, a mobile at the edge of a cell
should have a Carrier-to-Interference Ratio (CIR) of 18 dB or above. A typical cell struc-

ture is shown in Figure 16.

Figure 16. A cellular coverage region is split into many different cells where each cell has
a base station. The shading in each cell represents the set of channels used in that cell.
Cells with the same shading reuse the same channels. The figure shows a mobile subjected
to co-channel interference.

The use of adaptive arrays at the base station enables the rejection of interference
from a co-channel user. Clusters can be restructured to accommodate lesser number of
cells and still can maintain the minimum required CNR. So the employment of adaptive

arrays can increase the capacity of the cell tremendously.
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Consider that the base station is located at the origin and signal from one user is

received at 120° and that of the interferer from 0°
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Figure 17. Radiation Pattern in the Presence of an Interferer

Figure 17 shows the radiation pattern of the linear array for the above mentioned
condition. The array forms its main beam in the direction of the SOI and forms a null in
the direction of the SNOI. The beamforming effectively mitigates the interference. The
beam can track the SOI as it moves along and place a null in the direction of the interferer.

This setup considers the condition where there is only one interferer. The SIR is varied
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from O dB to 18 dB and the system performance is analyzed. Figure 18 shows the MSE
(frequency domain) as a function of SIR (dB). The performance of the CMA array is com-
pared with that of a single antenna. As the SIR increases from zero the improvement is
dramatic. At an SIR of 2 dB, the array gives a two order improvement in the MSE to the
link budget is improved by approximately 12 to 16 dB.

As the SIR increases above 6 dB, a consistent MSE improvement of one order of
magnitude is obtained. CMA array does not perform well for negative SIRs, because in
this region capture occurs. However, multitarget-CMA [Age89] can be used to track the
SOI and the SNOI jointly and provide separate outputs at different ports. Using this struc-
ture, signals having an amplitude lesser than that of the interferer can also be tracked, i.e.,
the array can operate in the negative SIR region. Switching of signals from one port to the
other can occur, i.e., interchange of SOI and SNOI can occur, but the SAT feature can be

exploited to help determine which signal is at which port.

If there are multiple co-channel interferers, it means that more than one neighboring
cluster is contributing to the interference. Figure 19 shows the setup for the simulation
when there are three co-channel interferers. The angle-of-arrival of the SOI is 90 degrees.
The three signals not of interest come from O degrees, 170 degrees, and 235 degrees,
respectively. The signal strength of each SNOI is 6 dB below the signal strength of the

SOL In this test, a 4-element array is used and background noise is present.

The SNR is 20 dB and the interferers are introduced into the environment one by
one. The Figure 20 show the MSE curves for different levels of interference. MSE is plot-
ted against'the number of users, and a comparison is made between the performance of the

CMA array and that of a single antenna.
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Performance of a CMA Array on AMPS
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Figure 18. Performance Curves for CMA Array in the Presence of Interference
(The linear array has 4 elements and the AOA of the SOI is 120 degrees
and the AOA of the SNOI is 0 degrees)
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SOl
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Figure 19. Figure Depicting Angle-Of-Arrivals of Different Users

The MSE curve for a single antenna shows a steady degradation in the performance
as the number of co-channel interferers increase. But the CMA array is able to maintain an
MSE of 10_4 irrespective of the number of users. The only constraint in this multi-co-
channel interference environment is that the users should be located such that the array is
able to resolve them in space. The resolution of the array is dependent on the number of
elements, if the number of elements is large, the array can then form fine beams to track

users who are close together.
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Performance of CMA in a Multi-Co-Channel Environrment
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Figure 20. Bar Chart of MSE of a Four-Element CMA Array in a Multi-Co-

Channel Environment
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4.7.1.3 Effects of Increasing the Number of Elements on Interference from

Co-channel Users

This section discusses the effects of increasing the number of elements in the array
and analyzes the MSE improvement. The simulation setup is as follows. The base station
receives signals from an in-cell user (SOI) and an out-of-cell interferer (SNOI). The AOA
for the SOI is 90° and the AOA for the interferer is 0° . The power of the interferer is 6 dB
below that of the SOI and the CNR with respect to the SOI is 20 dB. In the simulation the
number of elements is increased from 1 to 8. Figure 21 shows the performance improve-
ment obtained by the use of a multiple-element CMA array in an interference environ-
ment. The MSE decreases steadily as the number of elements is increased from 1 to 4.
Since there is only one interferer to be suppressed, an array with two elements is sufficient
to give an MSE of 10_4. As the number of elements is increased to 3 the MSE decreases
further, this is because the array has an excess degree of freedom to suppress (or take
advantage of) the multipath (In this simulation the channel has only one multipath compo-
nent). An array with 4 or 8 elements does not provide significant improvement over a 3-
element array. A CIR improvement factor of 12 dB is provided by this array and so the 7-
cell reuse pattern can reduced to a 3 or 4-cell pattern. A 7-cell pattern maintains a CIR of
18.1 dB for a channel with path loss exponent n = 3.6, and log normal standard deviation
of 6.5 dB. A 3-cell reuse pattern can maintain a CIR of only 11.2 dB under the above men-
tioned channel conditions. Since the adaptive array can provide an improvement of 12 dB,

a 3-cell reuse pattern can be used.

4.7.2 Testing SCORE-TDL on AMPS Signal

This section discusses the result of testing the SCORE-TDL array on AMPS signals
under various conditions. It also explains the cyclostationary properties of AMPS signals.
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Performance Improvement due to Increased Number of Elements

MSE

Number of Elements

Figure 21. Performance Improvement Curves for Increased Number of Elements
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4.7.2.1 Cyclostationary Characteristics of AMPS

AMPS signals exhibit cyclostationarity due to the presence of the Supervisory
Audio Tone (SAT) [Ron94]. Supervision is defined as the process of detecting changes in
the switch-hook state caused by the customer in classical land-line telephone system.
A cellular telephone has to ensure that adequate RF strength is received and maintained
during a call. Signaling Tone (ST) and the SAT are used to avoid a false supervisory indi-
cation caused by the co-channel interference. Three frequencies are allocated for SAT sig-
nalling: 5970 Hz, 6000 Hz, 6030 Hz. The cell site sends out a SAT and receives a SAT, if
the SATs are same then the loop is connected. The AMPS system has a frequency reuse
factor of 7, i.e., a cluster of seven cells uses seven different frequencies and it is repeated
in the next cluster. Each cluster uses one of the three SAT frequencies. Thus, the three-
SAT scheme provides supervision and reduces the chance of misinterpreting an interferer
as the desired signal. SAT is a simple tone that is added with the voice. The SAT produces
a maximum frequency deviation of 2 kHz. Since all three SAT frequencies lie above the

voice band, the SAT can be easily be removed after demodulation.

An AMPS signal can be expressed as

j(mct +Bf,, I v(1)d(f) +ksin (2T=f,a¢t))
x(tf) = Reye (109)
or as
Jlot+Bf \v(Od®) | ;rrsin(2
x(1) = Re{e( Jej{ sn nf"")}} (110)

where w_ is the carrier frequency
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B is the voice modulation index which is 3 for AMPS

f,,is the maximum frequency of the voice signal

k is the modulation index for SAT which is 1/3

f,q; is the frequency of the SAT which is either 5970 Hz, or 6000 Hz, or 6030 Hz.

The following is a proof that AMPS signal exhibit cyclostationary property.

Let the signal be s () given by

i ot+pf, [vindm
s(p) = e( I ), (111)
j{ksin (2nf,, 0} . .
and the term ¢ can be expanded using Bessel functions
j {ksin (2 - jn2
R W AT i (112)
n=-
where
1 " jlksin nf,,0} ~jn2nf,0
J sm "Jd _Jn ulﬂf
T (k) = 5= e “Te d(2nf,,t) . (113)

-

Note that nis an integer and

J_,(k), n is even
J.(0) = . (114)
-J_, (k) nis odd

Based on the definition in Eqn. 112, it can be shown that the cyclic autocorrelation for the

signal x (f) to be

cZ 2nf,,,(+/2) (= (n-m))
Re ) Y Y J,(07,(0e , for a = (n+mf,,

RS, (O = n=-eom = (115)
0 for others
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The cycle frequency is at multiples of the SAT frequency and the cyclic spectrum is the

Fourier transform of the cyclic autocorrelation.

—j2nft
S () = JR;;‘ () e a

Y Y Jn(k)Jm(k)Sss(f+ (";—”‘)fm,) (116)

n=-oom=—oo

where S__(f) is the spectrum of the FM signal which does not include SAT.

Combining Eqns. 114 and 116, it can be shown that when (n - m) /2 is not an
integer number, the contribution from these terms to S ; (f) is zero. The cyclic spectrum
consists of replicated versions of the original FM voice signal with different weightings
given by the Bessel coefficients.

4.7.2.2 Interference from Background Noise

This section discusses the behavior of the SCORE-TDL array in a noisy environ-
ment. The SCORE-TDL array exploits the spectral redundancy in the signal as explained
in Section 3.4. Since Gaussian noise is a purely stationary process, it exhibits no spectral
correlation [Gar87]. Thus, cyclostationary processing is able to exploit the spectral corre-
lation of the signal of interest (SOI) in order to extract it from Gaussian noise. Figure 22
shows the performance improvement curves provided by the SCORE-TDL array with two

elements over a single element.

The AMPS signal used in this test has a SAT at 6.0 kHz and so there is spectral
redundancy at spacings of 6.0 kHz. The SCORE-TDL array exploits only one spectral
periodicity. Noise is not spectral correlated and moreover noise in one element of the array
is uncorrelated with that of the other elements, so the SCORE-TDL array can perform bet-

ter than the single element.
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Performance of SCORE Array in a Noisy Environment
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Figure 22. Performance Curve for SCORE-TDL Array in a Noisy Environment
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4.7.2.3 Interference from Co-Channel Users

This section discusses the performance of the SCORE-TDL array in an interference
environment. The simulation setup is similar to the one used to test CMA array. The
implementation of the SCORE-TDL array is different from the conventional SCORE
array. The conventional array has a weight in each element of the array. But the structure
implemented to reject interference in this simulation has a tapped-delay line attached to
each of the element. This new structure, the SCORE-Tapped Delay Line (SCORE-TDL),
out-performs the conventional array in the presence of interferers. This structure exploits

temporal diversity which is not the case in the conventional SCORE array.

The simulation setup has one interferer and the signal to interference ratio (SIR) is
varied from -20 dB to 20 dB. The SNR of the SOI is 20 dB. The SOI has a SAT at 6.0 kHz
and the SNOTX has a SAT at 6.03 kHz. Both the signals exhibit spectral redundancy, but
their cyclic periods are different and this feature is used to separate these two signals. Fig-
ure 23 shows the MSE performance of the SCORE-TDL array in the above mentioned
environment. In the positive SIR region, the spectral properties of the SOI is stronger than
that of the SNOI and the SCORE-TDL processor exploits the spectral correlation proper-
ties of the SOI to enhance the SOI. Thus, the SCORE-TDL array using a frequency shift
of 6 kHz, acts as a beamformer in the positive SIR region. In the negative SIR region, the
spectral prop'érties of the SNOI is stronger than that of the SOI and the SCORE-TDL pro-
cessor exploits the spectral correlation properties of the SNOI to remove the SNOI. Thus,
the SCOREFTDI; using a frequency shift of 6.03 kHz, array acts as a null-steering array in
the negative SIR region.

Using a single antenna, Figure 23 and 24 show a steep decrease in the post and pre-
demodulated MSE as the SIR increases. In the region of SIR -6dB to 6dB, the demodu-
lated voice signal in completely inaudible without the adaptive array. As the SIR decreases

below -6 dB, the interferer captures the receiver. The MSE (Figure 23) curve for the
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SCORE-TDL array shows that the MSE is below 10—3 for most of the positive SIR region.

Performance Curves of the SCORE Amray in an Interference Environment
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Figure 23. Post-Demodulated MSE Curves of the SCORE-TDL Array in an Interference

Environment
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Performance Curves of the SCORE Array in an Interference Environment
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Figure 24. Pre-Demod MSE Curves of the SCORE-TDL Array in an Interference

Environment
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Performance of SCORE Array in a Multi-Co-Channel Environrment
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Figure 25. Bar Chart of MSE of the SCORE-TDL Array in a Multi-Co-Channel
Environment
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In the negative SIR region, the null-steering SCORE-TDL array is able to perform better
than a single element and it is able to maintain an MSE lower than the MSE of the single
element. Note at input SIR of 11 dB (typical SIR at the boundary of a 3-cell reuse) the
adaptive array produces an output MSE equivalent to a single antenna with an input SIR
of 18 dB (typical SIR at the boundary of a 7-cell reuse). Thus the capacity can be greatly
increased without sacrificing quality of service. In an environment where there are multi-
ple co-channel users, the simulation setup is similar to the one used in the testing of the
CMA array. The signal strength of the interferers are 6 dB below the desired user. The per-
formance of the SCORE-TDL array, as shown in Figure 25, is similar to the performance
of the CMA array.

4.7.2.4 Effects of Increasing the Number of Elements on Interference from Co-chan-

nel Users

This section discusses the effects of increasing the number of elements in the array.
The simulation setup is as follows. The base station receives signals from an in-cell user
(SOI) and an out-of-cell interferer (SNOI). The AOA for the SOI is 90° and the AOA of
the interferer is 0°. The strength of the interferer is 6 dB below that of the SOI and the
CNR of the SOI is 20 dB. The channel comprises of a direct path and a multipath compo-
nent. In the simulation the number of elements is increased from 1 to 8. Figure 26 shows
the performance improvement obtained by the use of multiple-element SCORE-TDL
array in an interference environment. The MSE decreases steadily as the number of ele-
ments is increased from 1 to 4. Since there is only one interferer to be suppressed, an array
with two elements is sufficient to give an MSE of 10—4. As the number of elements is
increased to 3, the MSE decreases further. An array with 4 or 8 elements does not provide

significant improvement over a 3-element array.

4.7.3 Testing TDAA on AMPS Signal
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This section discusses the testing of the TDAA on AMPS signals. The TDAA
exploits spectral redundancy like SCORE-TDL array, but the difference is that this struc-
ture exploits multiple statistical peﬁodiciﬁes in the signal and the filter response is period-
ically time-varying. AMPS signals, as shown in Section 4.7.2.1, are spectrally redundant
for frequency separations of f, ,+2f ,*3f  *.......The spectral coherence strength
of AMPS signals is not very strong, so exploiting more than two cyclic periodicities is not
beneficial and in fact two primary periodicities supply the bulk of the gain. In this simula-
tion, the TDAA exploits cyclic periodicities due to Xf, ,. Each element in the array has 2
branches to exploit 2 periodicities.

4.7.3.1 Interference from Background Noise

This section discusses the behavior of the TDAA in a noisy environment. The
TDAA exploits the spectral redundancy in the signal as explained in Section 3.4. Since
Gaussian noise is a purely stationary process, it exhibits no spectral correlation [Gar87].
Thus, cyclostationary processing is able to exploit the spectral correlation of the signal of
interest (SOI) in order to extract it from Gaussian noise. Figure 27 shows the performance

improvement curves provided by the TDAA over a single element.

The AMPS signal used in this test has a SAT at 6.0 kHz and so there is spectral
redundancy at spacings of 6.0 kHz. TDAA exploits multiple spectral periodicities and
uses time-dependent filtering, and so it can perform better than the SCORE-TDL array,
which uscsz one spectral periodicity and a time-independent filtering. Noise is not spectral
correlated and more over noise in one element of the array is uncorrelated with that of the
other elements, so the TDAA can perform better than the single element by nulling noise

sources.

4.7.3.2 Interference from Co-Channel Users
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This section discusses the performance of the TDAA in an interference environment.

Performance Improvement due to Increased Number of Elements

MSE

1 2 3 4 5 6 7 8
; Number of Elements

Figure 26. Performance Improvement due to Increased Number of Elements
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The TDAA can spatially separate the SOI from the SNOI only when the SAT of the SOI is
different from the SAT of the SNOI. The simulation setup is similar to the one used to test
the CMA array for co-channel interference rejection. TDAA is implemented as explained
in Section 4.5.3. The SOI has a SAT at 6.0 kHz and the SNOI has a SAT at 6.03 kHz. Both
signals exhibit spectral redundancy, but their cyclic periods are different and this feature is
used to separate these two signals. Figure 28 shows the post-demod MSE performance of
the TDAA in the above mentioned environment. In the positive SIR region, the spectral
properties of the SOI is stronger than that of the SNOI and the TDAA processor using fre-
quency shifts of 6 kHz and -6 kHz, exploits the spectral periodicities of the SOI to dig out
the SOI from the corrupted signal. The TDAA acts as a beamformer in the positive SIR
region. In the negative SIR region, the spectral periodicities of the SNOI is stronger than
that of the SOI and the TDAA processor using frequency shifts 6.03 kHz and -6.03 kHz,
exploits the spectral periodicities of the SNOI to estimate the SNOI subtract the SNOI
from the corrupted signal to retrieve the SOI. The TDAA acts as a null-steering array in
the negative SIR region. A cascade of the beamformer and a null-steering array can pro-
vide nearly uniform performance irrespective of the value of the SIR.

The TDAA is able to maintain an MSE below 107 , irrespective of the SIR. The
TDAA can perform satisfactorily even at an SIR value of -20 dB. This array provides
superior performance to SCORE-TDL and CMA arrays. For higher SIRs, the performance
difference between the SCORE-TDL and the TDAA decreases. For low SIRs, the TDAA
is able to maintain an MSE much lower than the SCORE-TDL array. Figure 29 shows the
pre-demod MSE performance curves for TDAA.

The sﬁnulaﬁon setup to test the performance of the TDAA array in a multiple co-
channel environment is identical to the ones used in the testing of the CMA and SCORE-
TDL array. The signal strength of the interferers are 6 dB below the signal strength of the
desired user. The performance of the TDAA, as shown in Figure 30, is similar to the per-
formance of the SCORE-TDL array, this is due to the fact that, the performance difference
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between SCORE-TDL array and TDAA decreases for SIRs greater than 6 dB.

Performance of TDAA in a Noisy Environment
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Figure 27. Performance Curve for TDAA in a Noisy Environment
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Performance Curve for TDAA in an Interference Environment
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Figure 28. Pre-Demod MSE Curve for TDAA in an Interference Environment
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Performance Curve for SCORE array in an Interference Environment
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Figure 29. Post-Demod MSE Curve for TDAA in an Interference Environment
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Figure 30. Bar Chart of MSE for TDAA in a Multi-Co-Channel Environment
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4.7.4 Testing CMA on IS-54 Signal

Applying adaptive arrays to IS-54 is complicated than for AMPS. For example, for
IS-54 are three users operating in a time frame and the array has to form a beam that
switches over the three time slots. The AOA and the propagation characteristics for each
user is different from that of other users. One approach for this problem is to save the
weights for a particular user and recall these weights when the particular user starts trans-
mitting again. A user transmits two bursts of data each spanning 6.67 ms within a frame
and does not transmit for a time interval of 13.3 ms between bursts. The propagation char-
acteristics of the channel changes within the time slot of 13.3 ms and so the above men-
tioned solution is only a sub-optimal solution for this problem.

i

The IS-54 signal simulated satisfies all the physical specifications of the standard.
The simulation is setup as described below. The simulation takes into account one and
two co-channel interferers. Figure 31 shows the simulation setup to test the CMA array on
IS-54 signals].‘ The mobile units are marked as 1 through 9, and the base stations as
B, B,, B;. Table 3 shows the AOAs for different users at the base station B, .

Table 3: AOA for Different Users

User Number Angle-of-Arrival (degrees)
— 100 -
170
225
55
50
35
350
355

335

V|| ||| AWV D] =
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FirstTier of Co-Channel Cells
® Mobile
A Base Station

Figure 31. The Setup Used to Test the CMA Array on IS-54 Signals
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User 1 User 2 User3 Userl User 2 User 3

User 4 User § User 6 User4 User § User 6

User 7 User 8 User9 User7 User 8 User 9

=

t=6.67 ms

Figure 32. The Structure of the Time Frame for the Desired User and Two Co-channel
Users, Users with the Same Shade Transmit Simultaneously.
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There are three groups of mobile units that transmit simultaneously. The conflicting time
slots are (1, 4, 7), (2, 5, 8), and (3, 6, 9). The time frame structure of these users is shown
in Figure 32. The following is the discussion of the results obtained by employing CMA

array at the base station B, in a noise and interference environment.
4.7.4.1 Interference from Background Noise

This section analyzes the performance of the CMA array on IS-54 signals in a noisy
environment. The channel is a simple additive white Gaussian noise channel. The BER
curves for each user in a time frame are plotted in Figures 33, 34, 35 and are compared
with that of a single antenna. Figures shows that there is a BER improvement of one order
of magnitude for a lower carrier-to-noise ratio (CNR) and as the CNR increases above 10
dB, there is not much improvement in the BER. The BER curves for three different users
are very simif;lar. Thus, in a noisy environment, a CMA array can provide improvement of

one order of magnitude in the BER.
4.7.4.2 Interference from Co-channel Users

In a co-channel interfered environment, the CMA array has to form beams in the
direction of all the three desired users. If it fails to form the beam in the right direction,
burst errors occur due to capturing of the signal-not-of interest. This disadvantage limits
the application of CMA array in a co-channel interference environment. The remedial
measure for this problem is to incorporate the initial DOA of the signals from the desired
users into the inijtial weight vectors. Beamforming for IS-54 signals has to be performed in
two steps, the first step is to find a coarse measure of the DOA of the signal from the
desired user and the second step is to allow the CMA algorithm to take over the beam-
forming operation. Multi-target CMA is another method to reject interference when the
SIR is negative and identification bits in a frame can be used to prevent switching of sig-

nals between ports.
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Performance Curve of User 1 in a Noisy Environment
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Figurc 33. Performance Curve for User 1 in a Noisy Environment
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Performance Curve of User 2 in a Noisy Environment
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Figure 34. Performance Curve for User 2 in a Noisy Environment
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Performance Curve of User 3 in a Noisy Environment
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Figure 35. Performance Curve for User 3 in a Noisy Environment
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Performance Curve for User 1 in an Interference Environment
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Figure 36. Performance Curve for User 1 in an Interference Environment
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Performance Curve for User 2 in an Interference Environment
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Figure 37. Performance Curve for User 2 in an Interference Environment
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Performance Curve for User 3 in an Interference Environment

10 M | P TTT—— P MTTTTTT—— PP —T PUN U — T ]
T
G O Single Antenna [

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

BER

N : :
10 1 L 1 1 1 1
0 2 4 6 8 10 12 14

Signal to Interference Ratio {dB)

Figure 38. Performance Curve for User 3 in an Interference Environment
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The initial knowledge of the DOA is assumed to be known with an error of +60°
(due to sectorization) in the simulation carried out and CMA array starts with the knowl-
edge of the initial DOA. The initial DOAs for users 1, 2, and 3 are chosen to be 160° .
230°, and 165° . The SIR for this test is varied from O to 14 dB and the CMA array is able
to maintain a BER of less than 10_3 for all the users irrespective of the SIR, as shown in

Figures 36, 37, and 38.

Test results of the CMA array for IS-54 signals in an environment which has mul-
tiple interferers is discussed in this section. One and two interferers are considered in this
simulation and the CMA array which has an a priori knowledge of the DOA performs
very well even when there are two interferers. The signal strength of the interferers is 6 dB
below the SOI and the users are distributed as shown in Figure 31. Figure 39 shows the
performance improvement obtained by employing CMA array in a multi-co-channel envi-
ronment. The array maintains a constant BER irrespective of the number of interferers.
The array can even work in the negative SIR region, because of the fact that the weights
are initialized using knowledge of the initial DOA.

4.7.4.3 Effects of Increasing the Number of Elements on Interference from Co-

channel Users

This section discusses the effects of increasing the number of elements in the array
and analyzes the BER improvement. The simulation setup is as follows. The base station
receives signals from an in-cell user (SOI) and an out-of-cell interferer (SNOI). The
strength of the interferer is 4.46 dB below that of the SOI and the CNR with respect to the
SOI is 20 dB. In the simulation the number of elements is increased from 1 to 8 and the
performance is analyzed for the above described environment. Figure 40 shows the perfor-
mance improvement obtained by the use of multiple-element CMA array in an interfer-
ence environment. The BER decreases as the number of elements is increased from 1 to 2

and there is no improvement as the number of elements increases from 2 to 8.
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0Perfom\ance Curves for CMA Array on I1S-54 Signals in a Mulit-Co-channel Environment
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Figure 39. Performance Curve for CMA Array on IS-54 Signals
in a Multi-Co-Channel Environment
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Performance Improvement as the Number of Elements Increases
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Figure 40. Performance Curves for CMA Array in an Interference Environment

as the Number of Elements Increases

Blind Adaptive Antenna Arrays for Mobile Communications Page 114



Chapter 4

The BER curves for all the three users are superimposed and shown in Figure 40. Each
user has a different irreducible BER, this is because the propagation characteristics for

each user are different.

4.8 Summary

The CMA array, SCORE-TDL array and TDAA have been tested extensively under
different conditions. The results have been compiled in Section 4.7. This section summa-
rizes the results obtained and compares the performance of various arrays in an identical
interference environment. Figure 40 shows the MSE curves for various arrays as the SIR
is varied from - 20 to 20 dB. CMA array performs very well in the positive SIR region, but
it falls apart in the negative SIR region and it performs no better than the single element.
SCORE-TDL array performs better than both CMA array and the single element in the
negative SIR region. In the positive SIR region SCORE-TDL array performs better than
the single element, but it is not better than CMA array. TDAA provides the superior MSE

performance irrespective of the SIR.
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Performance Comparison Curves for Various Arrays in a Interference Environment

o Single Antenna }
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Figure 41. Performance Comparison Curves for Various Arrays in an Interference
Environment ( The linear array has 4 elements and the AOA of the SOI
is 90 degrees and the AOA of the SNOI is O degrees )
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Chapter 5

Conclusions and Future Work

The focus of this research is to show that by employing adaptive antenna arrays in
the base station, interferencc can be greatly reduced and thus the capacity of the cell can
be increased. The antenna arrays are trained by algorithms which are blind, i.e., those
algorithms do not require training sequences. Extensive testing has been conducted using
standard signals like AMPS and IS-54. The test results are compiled in Chapter 4. The
results clearly show that by employing adaptive antenna arrays in the base station, an
enormous reduction in interference is possible and thus an increase in the cell capacity can
be achieved. The interference rejection capability tends to be proportional to the number
of elements in the array. The interference rejection capability of the array is also depen-
dent on the algorithm which drives the array. We found that the time-dependent adaptive
array (configured as a spectral correlation predictor) performs better than the CMA and
SCORE algorithms, especially when the signal-to-interference ratio (SIR) is very low. The
only disadvantage with TDAA is that it is computationally very intensive compared to
CMA and SCORE arrays. Typical improvement in MSE indicates a three cell reuse pat-

tern might be possible compared to a seven cell reuse pattern for equivalent call quality.
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Complexity is another factor which has to be taken into account. The CMA array
seems to be the least computationally complex algorithm. TDAA is the most computation-
ally complex algorithm. There are problems in applying the SCORE array and the TDAA
to IS-54 and IS-95 signals. Since all users in the 1S-54 and IS-95 systems use the same sig-
nal parameters, there is no easily recognized unique feature pertaining to cyclostationarity

that enables us to identify a particular user.

The channel model proposed by [Lib95] is based on the relationship between the
delay of the multipath and the AOA. This is a very simple model which assumes that all
rays that originate from the mobile reach the base station. Complex models that take into
account shadowing could be developed in a future research effort. Knowledge about the
distribution of the users, i.e., knowledge of how realistic traffic condition, will be benefi-

cial to set up realistic conditions.

This study has focussed on employing the adaptive arrays at the base station. The
reason is that, the reverse link is the weak link and the adaptive arrays are most likely to be
employed first in the base station. The use of the adaptive arrays in both the base station
and the mobile is the ultimate goal. However, there are problems implementing the array
in the mobile: the cost of the array, the space occupied by the array and the processor and

the life of the battery that supports the processors.

Future work should focus on developing new blind adaptive algorithms. These new
algorithms should exploit spatial, time and frequency diversities. Implementation of these
algorithms in hardware and analyzing the performance of the array in a realistic channel
are necessary future goals. The study so far has focussed on the improvement of the BER.
Future work will involve more direct evaluation of the capacity increase brought about by
these adaptive arrays. The complexity of the cellular system requires development of pro-

totype systems before the issue of capacity gain can be fully resolved.
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Nonlinear filtering techniques that exploit higher order cyclostationarity can be used
to solve the interference problem in the case of IS-54 and IS-95 signals. Though the users
have the same signal parameters, when the signal is passed through a nonlinear filter, hid-
den periodicities appear. If the signals from different users are mutually uncorrelated, then
there exists minima in the performance function corresponding to the optimal extraction

of each one of the different signals [Cas93].

Adaptive arrays can be classified as smart, semi-smart, and moronic antenna sys-
tems. Smart antenna systems are those which perform coherent combining. Smart antenna
systems perform better than the other systems, however and the penalty is the cost and the
complexity of the system. Moronic antenna systems are those which switch antenna ele-
ments based on the signal strength. These antenna systems are marginally better than the
single element. The type of antenna systems is simple to implement. Future work will
involve development of adaptive antenna arrays which are semi-smart. These systems are
more intelligent compared to the moronic antenna systems and they function based on the
principle of switched diversity, but the decision to switch is based on the spectral correla-

tion strength of the SOL
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Main Set of Matlab Programs

The following is the set of Matlab routines that manage all the simulation.

Setup temp2.m - performs the first set of simulation for CMA

Setup temp.m - performs the second set of simulation for CMA

Setup temp3.m - performs the third set of simulation for CMA

Setup templ.m - performs the fourth set of simulation for CMA

MainlA.m - performs the first set of simulation for SCORE-tapped delay line structure
Mainl.m - pbrfd;‘ms the second set of simulation for SCORE-tapped delay line structure
MainlB.m -Eper%orms the third set of simulation for SCORE-tapped delay line structure
MainIC.m - performs the fourth set of simulation for SCORE-tapped delay line structure
MainA.m - performs the first set of simulation for time-dependent adaptive array
Main.m - performs the second set of simulation for time-dependent adaptive array
MainB.m - performs the third set of simulation for time-dependent adaptive array
MainC.m - performs the fourth set of simulation for time-dependent adaptive array
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