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Abstract

In this chapter we review recent advances in space-time processing techniques
for wireless communication systems. Our emphasis is on blind methods for
channel identification and signal demodulation for the receive problem. We
focus mainly on the multiple user problem and provide an in-depth discussion
of several approaches for exploiting signal structure in order to recover the user
signals.
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1 Introduction

The radio age, which began just over one hundred years ago with the invention
of the radio telegraph by Guglielmo Marconi, is now set for a rapid growth as
we approach the dawn of the 21st century and a new millennium. The rapid
progress in radio technology is yielding new and improved services at lower costs.
This is leading to growth in the minutes of use and in the number of subscribers
to wireless services. Wireless revenues are currently growing at around 40% per
year and these trends are likely to continue for several years.

Signal processing functions in wireless communication include modulation/
demodulation, channel coding/ decoding, channel equalization and estimation
of transmitted signals, and reduction of co-channel interference. One promising
approach to improve signal processing performance is space-time (S-T) pro-
cessing which operates simultaneously on multiple antennas. The key leverage
of this spatial dimension is co-channel interference reduction. This is possible
since the co-channel interference and the desired signal almost always arrive
at the antenna array (even in complex multipath environments) with distinct
and often well separated spatial signatures, thus allowing the modem to exploit
this difference to reduce the co-channel interference. Likewise, the space-time
transmit processing can use spatial selectivity to deliver signals to the desired
mobile while minimizing the interference for other mobiles. Another leverage
is the exploitation of blind methods. Use of training for equalization consumes
bandwidth and is not efficient in rapidly time-varying channels. Therefore,
blind channel equalization and estimation of multiple users’ signals can improve
network capacity and performance.

The spatial dimension can also be used to enhance other aspects of space-
time modem performance. In receive, the antennas can be used to provide
enhanced array gain, improve signal to thermal noise ratio and enhance diver-
sity gain. In transmit, the spatial dimension can enhance array gain, improve
transmit diversity and reduce delay spread.

The chapter focuses on the receive S-T processing for non-spread modulation
and is organized as follows. In Section 2, we summarize the propagation model.
In Section 3, we develop a model for signals received at an antenna array and
discuss the spatial and temporal structures in this model. In Section 4, we dis-
cuss a zero-forcing view of channel identifiability and equalizability and discuss
the similarities and differences between IST and CCI cancellation. In Section
5 we present some recently proposed techniques for blind multi user detection
using block and recursive techniques. Section 6 concludes with a summary of
the paper.

2 The wireless propagation environment
The propagation of radio signals on both the forward (base-station-to-subscriber

unit) and reverse (subscriber unit-to-base-station) links is affected by a channel
in several ways. Multipath propagation results in the spreading of the signal in



three dimensions. These are the delay (or time) spread, Doppler (or frequency)
spread and angle spread. These spreads (see Figure 2) have significant effects
on the signal and are described below.
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Figure 1: The three spreads of the wireless channel

Doppler spread - time selective fading Doppler spread results from mo-
bile motion and local scattering near the mobile. If one assumes uniformly
distributed local scatterers, then the baseband power spectrum of the received
vertical electrical field due to a CW tone has a U-shaped form called the classical
spectrum [9].

If there is a direct line-of-sight path, the channel spectrum is modified by
an additional line at a frequency corresponding to the relative velocity between
the base and the mobile. Doppler spread causes time selective fading and can
be characterized by the coherence time of the channel. The larger the Doppler
spread, the smaller the coherence time.

Delay spread - frequency selective fading Due to the multipath propaga-
tion, several time-shifted and scaled versions of the transmitted signal will arrive
at the receiver. Typically a double negative exponential model is observed: the
delay separation between paths increases negative exponentially with path de-
lay, and the path amplitudes also fall off negative exponentially with delay. This
spread of path delay is called delay spread. Delay spread causes frequency se-
lective fading and is also measured in terms of coherence bandwidth. The larger
the delay spread, the smaller the coherence bandwidth.

Angle spread - space selective fading Angle spread on receive refers to the
spread of arrival angles of the multipaths at the antenna array. Likewise, angle
spread in transmit refers to the spread of departure angles of the multipaths.
The angle of arrival (or departure) of a path can be statistically related to the
path delay. Using a constant delay ellipse scattering model, it can be shown
that angle spread is proportional to delay spread and inversely proportional to
the transmitter-receiver separation. Angle spread causes space selective fading
and is characterized by the coherence distance. The larger the angle spread, the
shorter the coherence distance.



Multipath propagation in large cells Multipath scattering underlies the
three spreading effects described above and Doppler spread which in addition
requires subscriber unit motion. It is important to understand the types of
scatterers and their contribution to channel behavior.

Scatterers local to mobile Scattering local to the mobile is caused by build-
ings in the vicinity of the mobile (a few tens of meters). Mobile motion and
local scattering give rise to Doppler spread which causes time-selective fading.
For a mobile traveling at 65 mph, the Doppler spread is about +/- 200 Hz in
the 1900 MHz band. While local scattering contributes to Doppler spread, the
delay spread will usually be insignificant because of the small scattering radius.
Likewise, the angle spread will also be small.
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Figure 2: Multipath propagation has three distinct scattering sources, each of
which gives rise to different channel effects.

Remote scatterers The emerging wavefront from the local scatterers may
then travel directly to the base or may be scattered toward the base by remote
dominant scatterers, giving rise to specular multipath. These remote scatterers
can be either terrain features or high rise building complexes. Remote scattering
can cause significant delay and angle spreads.

Scatterers local to base Once these multiple wavefronts reach the base
station, they may be scattered further by local structures such as buildings or
other structures that are in the vicinity of the base. Such scattering will be more
pronounced for low elevation and below-roof-top antennas. The scattering local
to the base can cause severe angle spread which in turn, can cause space-selective
fading. This fading is time invariant, unlike the time varying space-selective
fading caused by remote scattering.
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Figure 3: Multipath model

Space-Time channel model A multipath channel [9] is illustrated in Figure
3. Typical path amplitude, delay and fading statistics can be obtained from
published propagation models. The signal from the mobile travels through a
number of paths, each with its own power fading and delay. The fading can be
either Rayleigh or Rician, and have a Doppler spectrum that is flat or classical.
These paths arrive at the receive antenna array with varying angles of arrival.
The composite multipaths induce a different multipath channel at each antenna
due to differences in relative phasing of the paths.

A typical example of a GSM macrocellular channel in a hilly terrain is shown
in Figure 4. We plot the frequency response at each antenna. Since the channel
bandwidth is high (200 KHz), the channel is highly frequency-selective in a hilly
terrain environment where delay spreads can reach 10 to 15 p secs. Also, the
large angle spread causes variations of the channel from antenna to antenna.
The channel variation in time depends upon the Doppler spread. Note that
since GSM uses a short time slot, the channel variation during the time slot is
negligible.

3 Signal Model and Structure
3.1 Signal model

In this section, we develop receive signal models for the single and multiple user
cases shown in Figure 5. First, we develop the single user (SU) model and later
extend it to the multiple user (MU) case. In both cases, on the reverse link,
the subscriber uses a single antenna input (SI) and base station uses multiple
antenna outputs (MO).

Let ¢(t) denote the continuous-time impulse response of the multipath chan-
nel to an omnidirectional antenna (excluding that of transmitter and receiver
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Figure 4: Channel frequency response at four different antennas for GSM .

filters), which we refer to as the physical channel impulse response. Assuming
a specular multipath model, we can express c(t) as

L

ot) = 3 a(t)s(t — m) (1)

=1

where o (t) and 7; denote the complex path fading and the propagation delay
of [-th path, respectively, L is the number of multipaths and §(-) is the Dirac
delta function.

Let u(t) denote the baseband equivalent of the transmitted signal which
depends on the modulation waveform and the information data stream. In
the IS-54 TDMA standard, u(-) is a w/4 shifted DQPSK, gray-coded signal
that is modulated using a pulse with square-root raised cosine spectrum with
excess bandwidth of 0.35. In GSM, a Gaussian Minimum Shift Keying (GMSK)
modulation is used. See [13, 33, 4] for more details.

For a linear modulation (e.g. DQPSK), we can write

u(t) = Y gt — kT)s(k) (2)
k

where s(k) denote the transmitted symbols and T' denotes the baud (or symbol)
period and g(t) denotes the effective continuous-time pulse shape which includes
the effects of the transmitting and receiving filters. We now consider an m-
element antenna array. We can express the noiseless baseband signal at the i-th
element of the array, z;(t), as

L
zi(t) = Y ai(@)ou(t)u(t —n) ®3)
=1

where a;(6;) is the response of the i-th sensor for an I-th path from direction 6,
and ¢y (t) represents the complex path fading for the [-th path. We can rewrite



Base Station Subscriber Unit
Tx
o
| -~ =1
x | @
S @ <
:
g2 > B ﬂ
xx = =] % -—
) Rx
< TX
= - — ® -~
Figure 5: Single and multiple user receive configurations
Eq. (3) as
zi(t) = )Y aiB)au(t)g(t — 7 — kT)s(k) (4)
k=1

In the above model, we have assumed that the inverse of the signal bandwidth is
large compared to the travel time across the array (the channel fading bandwidth
is assumed to be negligible in comparison). This is the so-called narrowband
assumption of the transmitted signal. Therefore, the signal complex envelope
received by each antenna is identical except for phase (and perhaps amplitude)
differences that depend on the path angle-of-arrival. This angle-of-arrival de-
pendent phase shift along with any amplitude-phase response differences is in-
cluded in a;(6;) [19]. The complex reverse link signal fading amplitude |o;(t)]
is Rayleigh or Rician distributed.

The channel model described above uses physical path parameters such as
path gain, delay and angles of arrival none of which are known nor are easily
estimated. The noiseless baseband signal received at the ¢ -th antenna output
can also be written as

zi(t) = ) hi(t — kT)s(k) (5)
k

where h;(t) represents the composite baseband impulse response of the channel
from the user’s transmitter to the output of the i-th sensor and is the convolution
of the physical channel impulse response and the pulse shaping function. Since
h(t) = c(t) = g(t), it follows that

L
hi(t) =Y ai@)aa(t)g(t —m) , i=1,...,m (6)
=1

h;(t) has a finite duration called the channel length. In the following, we assume
that the fading coefficients {a;} remain constant over the time interval during



which we collect the data and therefore treat h;(t) as time-invariant. Defining
the vector impulse response h(t) = [h1(t) --+ hu(t)]T Eq. (6) can be written
as

L
h(t) = Y a@)au(t)g(t — n) (7)
=1
where a(f) = [a1() -+ an(0)]? is the array response vector.

Sampling h;(t) at the symbol rate we get h;(n) = hi(t)|t=to+nT, Which is
called the symbol-spaced channel, where ty is the initial sampling instant. The
symbol-rate sampled received signal at the output of the i-th antenna element
can be expressed as

N-1

zi(k) = Zhi(n)s(k—n) , i=1,...,m (8)

n=0

where we have assumed, without loss of generality, the impulse response corre-
sponding to each antenna to span N symbol periods (corresponding to a channel
length of NT). Again, defining the array output x(k) = [z1(k) - -+ zn(k)]T we
can rewrite (8) as

N-1
x(k) = Z h(n)s(k —n) 9)
n=0
where h(n) = h(t)|i=t,+n7- If we define H as
H=[h(0) --- h(N-1)] (10)

(a m x N channel matrix), (9) can be rewritten as

x(k) = Hs(k) (11)
where
s(k)
s(k) = : (12)
s(k—N+1)

In terms of the physical channel parameters and the pulse shaping function, H
can be expressed as
H = AB)AG(7) (13)

where A(9) = [a(61) a(b2) --- a(0L)], A = diag{a1,---,ar_1,ar} and
g(to—Tl) g(t0+T—T1) g(to-{-NT—T—n)

G _ : : : (14)
g(to —1r—1) glto+T —T0-1)---9(to+ NT —T — 11,_1)

g(to—TL) g(t0+T—TL) ---g(t0+NT—T—TL)



In the following, we refer to the rows of H as the sub-channel responses. From
(13) we get the following expression for each coefficient of H in terms of the
channel parameters [32]:

L
Hyj = 3 oai@)g (to—m + (j = DT) (15)
=1

As we will see later, there are advantages if h;(t) is sampled at a rate greater
than the symbol rate. This can be easily incorporated in our signal model.
Let the fractional sampling interval be T, = T//P where P is an integer. We
define the p-th phase, p = 1,2, ..., P, of the fractionally spaced response channel
corresponding to i-th antenna as

hy(n) = h(?) (16)

|t=t0+nT+@T

Now the new mP X 1 vector channel impulse response can be re-defined as

h1 (TL)
h(n) = | (17)
hp(n)

Similarly to (16) we may define the p-th phase of the vector received signal
xp (k) as

N-1
xp(n) = 3 hy(n)s(k —n) (18)
n=0

where we have assumed again, for convenience, the impulse response of each
phase to span N symbol periods. H (now of dimension mP x N) will correspond
to fractionally spaced vector channel with number of sub-channels as mP and
each channel length as N, and will still obey the definition (10), with h given
in (17). The channel model is again

x(k) = Hs(k) (19)

with x(k) = [xF(k) --- xL(k)]T. Notice that with this definition of H, the
factorization (13) is no longer valid (an alternative definition that would keep
(13) valid would be use H' of dimension m x PN).

We now collect M vector samples of the received signal during M symbol
periods. Stacking these samples (in an increasing order) in a polyphase mM P x1
vector, i.e., Xpr(k) =[x (k) xT(k+1) ... xT(k+ M —1)]7, we can express

Xar(k) = HS(k) (20)

where

mMP x (N+M—1) (21)




and
s(k+ M —1)
S(k) = : (22)
s(k—N+1)

Notice the block-Hankel structure of # (an equivalent formulation of Eq. (20)
with a decreasing time index in X ;s would result in a block-Toeplitz instead of
a block-Hankel matrix — see [12], [20]).

If H is of full column rank, then

Column span (X) = Column span (H) (23)

and full column rank of # is guaranteed if mMP > (N + M — 1) and if the
sub-channel polynomials of H do not share a common root (see [12]). As will
be seen in the sequel, the full column rank of H is an important property linked
both to the identifiability and the equalizability of the channel.

Suppose we have M' polyphase vector samples of data and we wish to use
this in blocks. We can then extend the data vector X (k) to a block-Hankel
matrix by left shifting and stacking M’ times:

x(k) x(k+1) .- x(k+ M' — M)
Yo = x(k+1) x(k+2) .-
S . x(k+ M' —2)
x(k+M—-1) .- x(k+M' —-2) x(k+ M —1)

mMP x (M' —M+1).
(24)
In terms of H and the transmitted symbol matrix, this augmented matrix can
be expressed as

XM = HS =
s(k+M—1) s(k+M —2) s(k+M' —=1)

s(k+ M' —2)
s(k—N+2) s(k—N+3) '

s(k—N+1) s(k—N+2) s(k+M — M — N +1)

H:mMPx (N+M-1),

S:(N+M—-1)x (M —-—M+1)

(25)
Equation (25) shows that the augmented data matrix admits a factorization into
two matrices, a block-Hankel space-time channel matrix and a block-Toeplitz
transmitted symbol matrix. This observation too is crucial to the blind identi-
fication of H from the observations Xjs.

In the MU case, we assume that multiple subscribers transmit their informa-
tion signals towards the antenna array at the same base station. The MU-SIMO
model is a straightforward extension of the SU-SIMO model. Assuming @) users,
the symbol-rate sampled received signal at the antenna array is the sum of the
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signals from @ subscribers, and using (19) we have

Q
x(k) = D Hysy(k) (26)

A data model for the MU case will have () channels corresponding to () users
and we assume, for ease of exposition, that each user’s channel impulse response
spans N symbol periods. We interleave the sampled impulse responses of the
@ users, sample by sample, taking the size of H to mP x QN. Defining the
Q-tuple symbol vector as s(k) = [s'V(k) s@ (k) ... s (k)]T, where s (k)
denotes the k-th symbol of i-th user, we get the following signal model

s(k+M-1) o s(k+M'-2)  s(k+M'-1)
' ' ‘ s(k+M'—2)
s(k—N+2) s(k—N+3)

s(k—N+1) s(k—N+2) . s(k+M' —M4N+1)
H:mMPxQ(N+M—1),
S:QIN+M—-1)x (M =M +1)

(27)
where the M shifts of H to the left are now each over () positions. Again, as
in the single user case, the blind identification and equalization of the channel
will be affected by the size and conditioning of H.

3.2 Spatial and temporal structure

Given the signal model at Eq. (25), an important question is whether the un-
known channel, #, and data S can be determined from the observations X);.
This leads us to examine the underlying constraints on 4 and S which we call
structure.

3.2.1 Spatial structure

The spatial structure of H is apparent from Eq. (15). a(6;) lies on the array
manifold A, which is the set of array response vectors indexed by 6

A = {a(9)8 € 0} (28)

where O is the set of all possible values of §. Knowledge of A helps determine
a(f;). A includes the effect of array geometry, element patterns, inter-element
coupling, scattering from support structures and objects near the base station.
A, when measured at the receiver baseband after digitization includes the effects
by cable and receiver gain/phase response, I-Q imbalance, A/D converter errors.
A is frequency dependent and needs to be calibrated at multiple points within
the operating band.

11



3.2.2 Temporal structure

The temporal structure relates to the properties of the signal u(¢) and includes
modulation format, pulse-shaping function and symbol constellation. Some typ-
ical temporal structures are

e Constant modulus (CM)

In many wireless applications, the transmitted waveform has a constant envelope
(e.g., in FM modulation). A typical example of a constant envelope waveform is
the GMSK modulation used in the GSM cellular system which has the following
general form

u(t) = elwtte®)

where ¢(t) is a Gaussian-filtered phase output of a minimum shift keyed (MSK)
signal [23].

e Finite alphabet (FA)

Another important temporal structure in mobile communication signals is the
finite alphabet. This structure underlies all digitally modulated schemes. The
modulated signal is a linear or nonlinear map of an underlying finite alphabet.
For example, the IS-54 signal is a /4 shifted DQPSK signal given by

u(t) =Y Apg(t —pT)+ 5> Byg(t —pT)
P P (29)

Ap = cos(¢p) Bp =sin(¢p) ¢p = dp—1+ A,

where g(-) is the pulse shaping function (which is a square root raised cosine
function in the case of IS-54), and A¢, is chosen from a set of finite phase shifts
57 3 m T=m

4 4 1) depending on the data s(-). These finite set of phase shifts
represent the FA structure.

e Distance from Gaussianity

The distribution of digitally modulated signals is not Gaussian 2, and this
property can be exploited to estimate the channel from the higher-order mo-
ments such as cumulants. See e.g. [7], [16]. Clearly CM signals are non-
Gaussian. These higher order statistics (HOS) based methods are usually slower
converging than those based on second order statistics.

e Cyclostationarity

3The distribution may however approach Gaussian when constellation shaping is used for
spectral efficiency [34].
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Recent theoretical results [25], [5], [12], [22], suggest that exploiting the
cyclostationary characteristic of the communication signal can lead to second-
order statistics based algorithms to identify the channel H and therefore more
attractive approach than HOS techniques.

It can be shown [2] that the continuous-time stochastic process z(t) defined
in Eq. (3) (assuming the fade amplitude a® is constant) is cyclostationary.
Moreover, the discrete sequence {z;} obtained by sampling z(t) at the symbol
rate % is wide-sense stationary, whereas the sequence obtained by temporal
oversampling (i.e., at a rate higher than 1/T" ) or spatial oversampling (multiple
antenna elements) is cyclostationary. The cyclostationary signal consists of a
number of phases each of which is stationary. A phase corresponds to a shift in
the sampling point in temporal oversampling and different antenna element in
spatial oversampling. The duality between temporal and spatial oversampling
is illustrated in Figure 6.

{x;}
S N T
-t H, e
T/2

T2

{s}

ht | e {x}

T ix.)
A\ St 1
‘ ‘ = {x,}

N
T O

=
Ho - {x,}

Figure 6: Antennas and/or oversampling result in polyphase SIMO channels

The cyclostationary property of sampled communication signals carries im-
portant information about the channel phase, which can be exploited in several
ways to identify the channel. The cyclostationarity property can also be inter-
preted as a finite duration property. Put simply, this says that the oversampling
increases the number of samples in the signal x(¢) and phases in the channel
H but does not change the value of the data for the duration of the symbol
period. This is what allows H to become tall (more rows than columns) and full
column rank. Also the stationarity of the channel makes # Hankel (or rather
block Hankel). As indicated earlier, tallness and Hankel properties are key to
the blind estimation of H.

13



e The Temporal Manifold

Just as the array manifold captures spatial wavefront information, the tem-
poral manifold captures the temporal pulse-shaping function information (see
[32]). We define the temporal manifold k(7) as the sampled response of a re-
ceiver to an incoming pulse with delay 7. The temporal manifold is a powerful
structure for channel identification and tracking. Moreover, unlike the array
manifold, it can be estimated with good accuracy since it depends only on our
knowledge of the pulse-shaping function. The following table shows the duality
between the array and the temporal manifold.

Manifold | Indexed by | Characterizes
Array angle 8 antenna array response
Time delay 7 transmitted pulse shape

Table 1: The duality between the array and the time manifold

The different structures and properties inherent in the nature of the trans-
mitted signals and the employed receivers in space-time processing are shown

in Figure 7.

Array Manifold

Finite Alphabet

Time Manifold Constant Modulus

H

7777777777777777777777777777777777777

Figure 7: Space-time structures

4 Channel identification and equalization

Given the model at Eq. (25) or (27) and the received signal, the task of the
receiver is to estimate the data S that were transmitted. This is usually done in
two approaches. The first is to determine the channel H and then use a MLSE
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estimator to find the data S. Another approach is to side step the channel
estimation and invert or equalize the channel to reveal the data directly.

If we wish to equalize the channel, a key question is what conditions on
the channel make it invertible. On the other hand, if we wish to estimate the
channel first, the corresponding question is under what conditions the received
signal statistics alone can provide identification (this is called blind channel
identification). Of course the answers to these questions depend on the type
of filters used for equalization and the type of signal statistics used for identifi-
cation. In the sequel we address these issues focusing on linear equalizers and
second-order-statistics (SOS) based blind identification.

4.1 Single user channels
4.1.1 Conditions for channel equalization/identification

We consider the problem of zero forcing equalization (ZFE) for an m- sensor
receiver with a P-oversampled channel. Namely, we are interested in finding an
equalizer of order M, Fyr = [£(0) --- £f(M —1)]T (a mM P x 1 vector), such that
the following zero-forcing condition is satisfied for the equalizer output y(k):

y(k) = Fiy Xu(k) = s(k—0) (30)
where 0 € [-M+1, N—1], which results according to (20) to
Fl, H=1[0---010---0] (31)

(the position of the single non-zero element in the RHS of (31) depends of course
on the choice of §). In order to satisfy (31) the generalized Sylvester matrix H
needs to be left-invertible, hence full column rank, which requires that it has
more rows than columns and that the different columns are linearly independent.
This results in the following two conditions:

N-1
(C1) mMP > M+N-1 = M >M = [ w

mP —1

(C2) The polynomials H;(z), i = 1,...,mP—1 corresponding to the different
rows of H must have no common roots

Therefore, zero forcing equalization is indeed possible with a finite-length equal-
izer, provided that the received signal is oversampled /received with multiple an-
tennas so as to satisfy (C1), and that the mP channel phases have no common
zeros. Notice that this is still possible if only oversampling (m = 1,P > 1) or
only antennas (P = 1,m > 1) is used. This fact was noticed by Slock in [20]. 4

The same conditions that hold for perfect noiseless ZFE, turn out to be
necessary and sufficient for the blind identification of a polyphase channel with
the use of second order only (cyclostationary) statistics. The cyclostationarity

41t turns out that the same conditions had appeared in an earlier paper by Massey and
Sain [11].
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of the sampled received signal is crucial in obtaining this result. The result was
first obtained by Tong et al in [25] and was stated as follows.

Theorem I: The channel transfer function H (z) is uniquely determined (iden-
tified) by the cyclic spectrum of the oversampled channel output if and only if
H(z) does not have zeros uniformly spaced on a circle with separation of 27 /T
radians.

In this theorem H(z) = Z:lli 27 H(2™P) represents the z-transform of the
interleaved channel response. It is easy to show [28] that H(z) has zeros equi-
spaced on a circle if and only if the mP channel phase polynomials H;(z) have
no common root (condition (C2) above).

Hence, the common root condition is important for both the existence of
finite-length linear equalizers and for SOS-based blind channel identification.

Whereas in theory it may be unlikely that all the sub-channels share common
roots, in practice they may have several roots that are very close to each other.
This can make SOS-based methods ill-conditioned. We show below that there
exist some channel classes that will suffer from the common zeros problem and
we present some approaches to overcome it.

4.1.2 Avoiding the problem of zeros in common

According to Theorem I, SOS-based identifiability will fail when the phases of
the different channels share common roots. Two questions are then of interest:
how likely this is to happen and what can be done in practice to avoid it.

A partial answer to the first question was given in [28] and in [3]. In [2§]
it was observed that the following class of channels will always suffer from the
zeros-in-common problem when oversampled:

* (Class I: channels with delays that are all multiples of T

This can be easily seen as follows. The impulse response of Class I channels will
have the general form

L—1
ht) = 3 agg(t-IT) (32)
=0

hence the i-th phase h;(k) = h(to+kT+(i — 1)T /P will be given by

L-1
hi(k) = > aggi(k—1) (33)
=0

where g;(k) = g(to+kT+(i—1)/T). Taking the z- transform of (33) gives:
Hi(z) = A(2)Gi(2) (34)

where A(z) is the z-transform of a,. It is clear from (34) that the channel
phases obtained from oversampling Class-I channels have common zeros.

Some other channel classes that have the same identifiability problem when
over-sampled were reported in [3]. One of these classes is the following:
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Figure 8: Typical example of a Class II band-limited channel

* Class II: band-limited channels with frequency nulls in |
where [ is the roll-off parameter

_m(1-p) Tr(lfﬁ)]
T T )

An example of such band-limited channels can be seen in Figure 8.

The existence of the above channel classes suggests that the zeros-in-common
identifiability problem is likely to arrive in some practical cases. In the sequel
we will present some approaches that have been proposed in order to avoid this
problem.

Space-Time oversampling We consider first the channel Class I. Instead of
using time oversampling to obtain a polyphase channel (Eq. (33)), we could
use space oversampling: the received signal is sampled at the symbol rate and
received by an array of m sensors. Assuming a uniform linear array (ULA), the
continuous-time impulse response corresponding to the i-the sensor of the array
would be then given by

L—-1
hi(t) = (Za,ef%“ﬁi“at 6(t—lT)>*g(t)

=0

L-1 o )
(Zale]+(zl)sm ng(t _ lT))

=0

(35)

where d is the inter-element spacing and A is the wavelength of the carrier
frequency. Defining the discrete impulse response of each antenna i as h;(k) =
h;i(t)|t=to+xT and the corresponding sampled pulse shaping function g(k) =
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9(t)|t=to+kT, the z— transform of h;(k) is given by (see [18])
L1
Hi(z) =) v 27'G(2) (36)
1=0

where vy = aye 353 (i=1sinfi - According to (36) in the multiple sensors case

the common factor among the sub-channels comes from the pulse shape (while
in the oversampling case it comes from the multipath channel — see Eq. (34)).
Now if g(¢) is a Nyquist pulse (e.g. a pulse with raised cosine spectrum), and
perfect synchronization has been achieved (¢ is a multiple of T') then G(z) = 1.
Then, according to (36), the m sub-channels will have no common roots as long
as the arrival angles of all the L multipaths are not the same or they do not
correspond to array ambiguities. This shows that for Class I channel, the use of
spatial instead of temporal oversampling helps avoiding the identifiability prob-
lem. If synchronization is not perfect, then G(z) # 1, however the identifiability
problem can again be avoided if combined spatial and temporal oversampling is
used (see [18]).

We now consider the class II channels in which the identifiability problem
comes from the fact that each frequency null in [-7(1—3)/T, 7(1—3)/T] gives
rise to a set of P roots in the oversampled response that are located uniformly
around the unit circle.

For example, we consider the class of multipath channels with two paths [3]

T
c(t)zé(t)+5(t—7), n>p 37
- G7
which has a frequency null at w = M orw = w We consider again the
sub-channels obtained from the m sensors of a uniform linear array. Following
the steps similar to those used in arriving at (36)), the i-th antenna channel is
given in the z- domain by

s 2mwd

Hi(z) = 778070500 (G(2) + 3iGr(2)) (38)

where g, (k) = g(t — 7)|t=to+rT- Observe that there is no common polynomial
factor shared by the sub-channels ®. Thus, again, the use of an antenna array
instead of oversampling can be used to allow the SOS identifiability of channels
that would otherwise be unidentifiable.

Cyclostationarity through Decision Feedback A different approach to
obtain cyclostationarity at the receiver without using temporal or spatial over-
sampling is the use of a decision feedback (DFE) receiver. As will be shown be-
low, after sufficient opening of the channel eye by the receiver, decision feedback
can provide a polyphase signal that does not suffer from the zeros-in-common
problem [14].

Consider the receiver shown in Figure 9, where symbol-rate sampling has
been assumed:

5For 7 = kT, however, G-(z) = G(z)2~* and it corresponds to a special case of the Class
I channels.
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Figure 9: An equivalent DFE setup, assuming correct decisions.

When the switch is at position 2, the setup corresponds to a standard symbol-
rate decision feedback receiver. Assuming that the channel eye has been suffi-
ciently opened (as is typically assumed in the analysis of DFE’s), the following
condition holds:

a(k) = a(k—j) (39)

where j is some inherent delay. In this case the DFE receiver corresponds to
the setup of the above figure where the switch is at position 1. One may now
notice that the vector input to the two filters X(k) = [z(k) @(k — 1)]7 can be
seen as the output of the following single-input-two-output channel:

Hi(z) = H(2)
Hy(z) = 27771 (40)
Therefore the following Theorem holds:

Theorem II: If (39) holds, the vector-input to the FFF and FBF filters x(k)
is equal to the output of a single-input-two-output channel whose sub-channels

H,(z) and H,(z) have no common factor, except for a possible pure delay 2.

Based on the above theorem, the problem of zeros in common can be avoided
with the use of decision feedback, provided that the channel eye has been suf-
ficiently opened to provide correct decisions. A description of blind methods
for DFE can be found in [14]. As compared to the above-presented method
of spatial oversampling, this approach requires less computational complexity,
since we only need to compute the values of a few coefficients in the feed-forward
and feedback filters. On the other hand, the implementation of fully blind DFE
techniques needs some care to guarantee cyclostationary structure (see [14]).

Transmission-induced cyclostationarity An alternative approach to avoid
the channel conditioning problem is to design communication signals that are
cyclostationary prior to transmission. This can either be artificially introduced
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using redundancy in transmission, or through the cyclostationary character of
the transmitted signal. For example, in [27] it is shown that if repetitive in-
terleaving of a factor 2 is used at the transmitter, one obtains a SIMO channel
model that does not suffer from identifiability problems. Of course, this is done
at the cost of reduced bandwidth efficiency (if no extra bandwidth is used this
approach will result in controlled ISI, whereas increasing the bandwidth will
result in a repetition coding). Similar results were presented in [1] where chip
interleaving is used for the same reason prior to transmission in a CDMA sys-
tem. The use of filter-bank-based precoding to induce cyclostationarity at the
transmitter and avoid the zeros-in-common problem is also presented in [6]. Fi-
nally, in [8] it is shown that the SAT tone signal which is superimposed to the
information bearing signal in the AMPS analog cellular system results also in a
cyclostationary transmitted signal.

4.2 Multiple user problem
4.2.1 Joint ISI-CCI cancellation

We consider again the general case of an m— antenna receiver with an oversam-
pling factor of P. Assuming @ users, the zero forcing equalization condition
is

FT X (k) = 5O (k- o) (41)

where we have assumed without loss of generality that we are interested in the
recovery of the 1-st user’s signal (up to some delay). Using (27) this will give
again

Fiy, H=1[0---010---00 (1xQN+M-1)) (42)
Again H needs to be left-invertible, hence it is necessary that
N -1
M Q=D (43)

mP —Q

Again, (43) will not be sufficient to achieve perfect ISI/CCI cancellation unless
the row polynomials of H are guaranteed to share no common roots [21], [15].

We may notice from (43) that if pure temporal processing is used (m = 1),
it is still theoretically possible to cancel perfectly both the channel IST and CCI
if oversampling is used (P > 1). However in practice this type of performance
will be limited by the channel conditioning. We discuss this below.

4.2.2 Channel Condition and ISI/CCI Cancellation

The preceding zero forcing analysis for ISI and CCI canceling using linear filters
did not address the important aspect of performance deterioration of the ZFE in
the presence of noise. It is well known that in the presence of noise, zero forcing
equalizers can cause severe noise amplification, especially when the channel has
deep spectral notches. This picture, broadly also holds for the over-sampled
case.
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Figure 10: Performance comparison of IST and CCI ZF equalizers (low delay
spread)

We now discuss how path parameters affect ZFE performance in the ISI and
CCI channel cases. Based on the previous discussion on ISI and CCI canceling,
one might infer that the IST and CCI cancellation appear to be much the same.
A zero forcing equalizer cannot distinguish which interference it combats and
only the differences in the two channels distinguish them from each other.

However there are some critical differences in the way the ISI and CCI chan-
nels are influenced by the channel parameters. For example, consider the case of
L paths arriving at the antenna array with near equal delays (11 ~ -+ - ~ 7, ~ 7).
If all paths come from the same user, this corresponds to a low delay spread
case: the channel eye is open (assuming synchronization is achieved) and no
equalization is needed.

On the other hand, if the paths correspond to different users, the different
user channels are similar to each other, making ZF CCI canceling very ill con-
ditioned (H is near singular). This will cause severe noise amplification. It is
clear from the above that in this case the ISI and CCI cancellation are affected
by the path parameters in opposite ways!

Denoting by F the fractionally spaced ZF equalizer that completely nulls
interference in the absence of noise, and assuming the noise at the equalizer
input to be white of variance o2, the noise variance at the equalizer output will
be given by
o2 = o||F]? (44)

o

Hence we can use the quantity ||F||? as a measure of noise amplification at the
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Figure 11: Performance comparison of ISI and CCI ZF equalizers (large delay
spread)

equalizer output.

To compare the performance between the ISI and the CCI case, we consider
both an IST and a CCI channel with two equipower signal paths with the interfer-
ing path arriving with a small delay equal to 7 = T/20. The received signal is of
the form z(t) = u(t) +u(t—7/20) in the ISI case and z(t) = w1 (t) +u2(t—T/20)
in the CCI case. We have assumed linear modulation (see (2)) where g(t) is a
raised cosine pulse with rolloff parameter 8 = 0.3 (see [17]). The received signal
is sampled with an offset of 7 = T/20, and oversampled by a factor of two.
To evaluate the performance of zero-forcing equalization in this experiment, we
have calculated for both cases the minimal-length zero forcing equalizers that
correspond to all possible cursor positions ( in (31) or (41)).

In Figure 10 we have plotted the quantity 1/||F||? for each of the two cases
(IST and CCI). Notice from the figure both the effect on performance of the
choice of 6 and the dramatic noise amplification in the CCI case. As expected
from the previous arguments, in the CCI case the two channels are very similar,
leading to severe noise amplification, whereas in the ISI case the problem is well
conditioned and good performance can be achieved.

We now consider a large delay spread case: now the delay 7 = 1.05T for both
the IST and the CCI cases. The performance in this case is shown in Figure 11.
One observes that whereas in the ISI case the performance is still superior, the
gap between the two cases has reduced. Also, the performance of the ISI case
has considerably deteriorated. The first effect is due to the fact that now the
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two user channels in the CCI case are no longer similar, hence the channel will
be better conditioned. On the other hand, in the ISI case, the delay spread is
now significant, leading to a performance reduction as compared to the earlier
low delay spread.

These differences will vary depending on the channel and equalizer, e.g.
if linear MMSE equalization is used instead of ZFE, the noise enhancement
problem will be less pronounced. Also, if nonlinear equalization is used after
the channels have been well identified, joint MLSE detection will provide optimal
performance irrespective of channel characteristics.

5 Blind Techniques

To this point we have studied channel identifiability, equalizability and the
ISI/CCI cancellation problem. However we have not yet addressed the im-
portant question of how signal recovery can be achieved. In the following we
present two approaches for blind signal recovery from the channel output data
in the multiple user channel case. The single user problem can be seen as a
special case of this problem, and will not be addressed in this chapter.

As derived in section 3, if the channel is FIR, then the oversampled output
signal can be written as

X =HS

The objective is to blindly identify S.

A number of properties of the signal can be used, as was listed in section 3.
In particular, in this section we use the following properties.

1. The fized symbol rate of the signals (equivalent to the finite duration prop-
erty mentioned in Section 3.2.2), which allows to obtain independent linear
combinations of the same symbols by using oversampling and/or multiple
antennas (assuming linear modulation). This gives rise to the Toeplitz
structure of S and is due to the (assumed) time invariant nature of the
channel.

2. The constant modulus (CM) of the signals, or their finite alphabet (FA).

We begin with the presentation of a block technique that makes use of the
finite duration and FA properties. Then we present a recursive technique that
relies on the CM property.

5.1 Block methods

The algorithm consists of two steps. The first step is a straightforward extension
from scalars to vectors of the blind single-user equalization algorithm proposed
by Moulines et ol in [12] and by Slock in [20]. At this point, the ISI caused
by the channel is removed and the input signals are synchronized. However,
the symbol sequences can be determined only up to a fixed linear combination
of them. This problem can then be treated using the methods proposed in
[10, 30, 31].
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5.1.1 Linear data model

To describe the FIR-MIMO (multi-input multi-output) scenario, consider the
linear data model as detailed in section 3, which we repeat here for convenience.
Assuming m antennas, P times oversampling, and an equalizer length of M
symbols, the data vectors x; € CMF received at the antenna array during M’
symbol periods are collected in the block-Hankel matrix X,

X0 X1 Lt XMI_M
Xy=|* 2 . MmP x (M' =M +1). (45)
. XMr—2
XpmM-1 - Xpmr—2 Xpmr-1

(see Eq. (27)). Let N; be the channel length of the g-th user. With @ users
and a maximum channel length of N = max/V, symbols per channel, X has a
q

factorization (section 3)

SM-1 Spmr—2 SMmr—1

’ ’ SMr—2
S_N+4+2 S_N43 ’
S_N+1 S—N+2 - SM/'—M-N+1

H: MmP x Q(N + M — 1) : block-Hankel ,
S: QIN+ M —1) x (M'— M +1) : block-Toeplitz, finite alphabet.

H contains the impulse response of the channel, convolved with the modulating
pulse shape function; s is a X 1 vector containing the symbols transmitted
by the ) users in the k-th interval. For digital sources, we have that the entries
of si, belong to a specific alphabet €2, such as = {£1} for BPSK signals.

If MmP is large enough and # has full column rank, then X is rank deficient
and is expected to have rank

Qx=QN+M-1). (46)

Our goal is to factor X, into # and S with the indicated structures as above.
The necessary conditions for X, to have a unique factorization Xy = HS are
that H is a ‘tall’ matrix and § is a ‘wide’ matrix, which for N > 1 leads to

mP > @
QN -Q
M2 mP —Q
M > QN+ (Q+1)(M-1).

The common root condition mentioned in the single user case now extends to
the condition that H is “irreducible and column reduced”. Given sufficient data,
only mP > @ poses a fundamental identification restriction, as M and M’ are
usually large enough.

Note that these conditions are not sufficient for H and S to have full rank.
One case where H does not have full rank is when the channels do not have
equal lengths, in which case the rank of X is at most > N, + Q(M — 1).

(47)
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Figure 12: Multistage equalization/separation filter

5.1.2 Blind multi-user identification

The blind FIR-MIMO identification problem may be stated as a matrix factor-
ization problem: given X, find factors H and S with the indicated structure.

Suppose that the conditions (47) are satisfied, and that H has full column
rank Q(N + M —1). Then row(X) = row(S), so that we can determine the
row span of § from that of X'. The first step of the algorithm is to compute an
orthonormal basis V of row(X). The next step is to find linear combinations of
the rows of V such that the result both belongs to the finite alphabet (FA) and
has a Toeplitz structure.

Forcing the Toeplitz property: subspace intersections

A standard procedure to find S as a block-Toeplitz matrix with row(S) =
row(X) (but not forcing the FA property) is to rewrite this as

[SM_1 SyM cee SMI_1] € I‘OW(X)
[SM_2 SpM—1 SM/_Z] € I‘OW(X)

(48)
[S—N41 S_Nt2 -+ SM—N—M+1] € row(X)

These conditions can be aligned to apply to the same block-vector in several
ways. We choose to work with

S:=[S_Ny1 S_N42 °- Smr—1].

Let V be a basis for row(X).
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The conditions (48) can be transformed into

S € rowl®, P = [ V.o ]
0 Inym—2
0 0
7 (2) 7(2) .—
S € I‘OWV s V( ) = (1:' 0 5 (49)

V

0

0 Inym-—3
S € rowlWHM-D | [(NEM-D) ;:[

0 f/]
INym—2 0]

Indeed, the identity matrices in each V) reflect the fact that, at that point,
there are no range conditions on the corresponding entries of s. Thus, S is in the
intersection of the row spans of V) till VIN+M=1) and we have to determine
a basis for the intersection of a set of given subspaces. If all channel lengths are
equal, then we expect to have @) signal sequences in the intersection.

To compute the intersection, we can use the fact that, for orthonormal bases
V() as we have in (49), the subspace intersection is obtained by computing
the SVD of a stacking of all the basis vectors, or more conveniently, (for n
intersections, n = N + M — 1) by an SVD of

v .
v,
VT(n) = 0 V ‘
7 0 (50)
0 Jo

where the n copies of V are each shifted over 1 entry, and
vn—1 0 1 0
2
J = \/§ , Jo= \/_
0 1 0 vn—1

The matrices Ji, J» summarize the identity matrices present in (49), which is
possible because we are only interested in row spans.

The estimated basis for the intersection (hence for S) is given by the right
singular vectors of V() that correspond to the large singular values of Vp(,):
those that are close to v/n. This subspace intersection algorithm has complexity
O(Q*(N + M)3M') and is linear in M'.

Let Y be a matrix containing the estimated basis for the row span intersec-
tion. For n = N + M — 1, it ideally consists of @ row vectors. To find § itself
(hence S as well), we have to determine which linear combination of the basis
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vectors gives a finite alphabet structure. Effectively, the subspace intersections
perform a blind equalization jointly on all signals, but their separation is done
based on the FA property.

Forcing the FA property

For a given matrix Y, the ILSP/E/F algorithms [24], and RACMA [29] (for
BPSK or QPSK) solve the factorization

(Y = AS : A, S full rank, [S];; € Q) (51)

where {2 is a pre-specified finite alphabet, and A is any resulting non-singular
matrix.

Since the factorization X = HS is of the form (51), we could in principle
use the ILSP or RACMA algorithm directly on X. However, X is generally
a large matrix with many rows, limiting the performance of ILSP (mainly in
the context of finding all independent signals), and giving an unacceptably large
computational complexity in RACMA. A second problem is that it doesn’t force
the Toeplitz structure of S. After finding a candidate S, we have to compare
the rows and detect which rows are shifted copies (echos) of other rows.

Detection of () and L

If H and S have full column rank and row rank, respectively, then the rank
of X = Xy is Qx := Q(N + M — 1). In principle, the number of signals
@ can be estimated by increasing the blocking factor M of X by one, and
looking at the increase in rank of X;. This property provides a useful detection
mechanism even if the noise level is quite high since it is independent of the
actual (observable) channel length N. Furthermore, it still holds if all channels
do not have equal lengths. If they do, then N can be estimated from the
estimated rank of Xy, Qx, and the estimated number of signals, Q, by N =
Qx/Q—M+1.

If the channels do not have equal length, but lengths Ny, say, then # is
not full rank and a modification of the algorithm for estimating S is necessary.
The approach in this case is to base the number of intersections on the shortest
channel length among all sources. This will equalize the corresponding channel,
and partially equalize the others. The remaining equalization is best carried
out using the finite alphabet property. The details of this scheme are in [24].
Blind equalization is notoriously hard when channels have ill-conditioned and
differing lengths.

5.2 Recursive methods

We now summarize a recursive approach based on the CM property of the
transmitted signals. Assuming () users, we consider a linear spatio-temporal
equalization structure
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F=[F - Fp] (mMxQ)

where F,, ¢ = 1,...,Q, denotes the filter corresponding to the g-th signal.
Then the () x 1 equalizer output at time instant k can be written as:

y(k) = FT(k)X (k) (52)

where X (k) = vec([x(k) --- x(k + M —1)]), with x(k) = [z1(k) -+ zm(k)]T.
The MU-CM Algorithm [15] is a simple technique to determine the coefficients of
the spatio-temporal equalizer W. We can set up a standard CM cost function
and derive a set of coupled CM recursions that converge to the desired S-T
equalizers. Convergence can be guaranteed under most conditions.

The algorithm minimizes the following criterion:

Q 02
man Z (lys1? —1 + 2 Z Z |r1n (6) 7 (53)

l,n=1;l#n §=6

where 7;,(8) is the cross-correlation function between users [ and n defined as

rin(0) = E (yi(k)yp(k = 0)) (54)

and d1, d2 are integers that should be chosen in compliance with the channel
delay spread in order to take into account all the achievable delays between
different users. The cost function (53) is the sum of a CM term and a cross-
correlation term: the CM term penalizes the deviations of the equalized signals’
magnitudes from a constant modulus, whereas the cross-correlation term pe-
nalizes the correlations between them. The corresponding stochastic-gradient
algorithm has the form

F(k+1) = F(k) — p[Au(k) ---Bo(k)] (55)

where

Q 02
Aj(k) = 4E(|y; (k) =y (k)X (k)+4 Y~ Y ru(8)Eyi(k—6)X* (k) (56)

I1=1; I#] §=0,

and Ej is an estimate of A; based on instantaneous values or sample averaging.
Equation (55) describes a stochastic gradient algorithm derived from the MIMO
“constant-modulus” criterion (53) and is suitable for the spatio-temporal equal-
ization of multiple user signals. Simulations and analysis have shown its MMSE
behavior at steady-state, as well as its robustness to the power imbalance of
different users.

The parameters employed are the equalizer length M, the number of users
@, and the step-size parameter u. The number as well as the weight of the
autocorrelation functions in the criterion (53) can be made variable. (55) has
a low computational complexity (depending on the number of terms present
in the criterion as well as the length of the averaging window). Notice that
Eq. (55) may reduce to the standard CMA 2-2 algorithm [26] in the case of one

user (Q =1).
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6 Conclusions

Space-Time processing is a rapidly growing field that is still in its infancy. In
this chapter we have surveyed several aspects of this important research area.
We hope that the results presented in the chapter will stimulate fresh research
in this fascinating field.
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