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Abstract

An asynchronous Direct Sequence Code Division Multiple Access (DS-CDMA) system employ-
ing periodic spreading sequences is considered to be operating in a frequency selective channel. The
cyclostationary spread signal is received at multiple sensors and/or is sampled multiple times per chip
(oversampling), leading to a stationary vector-valued received signal. Hence, such a model represents
a very particular multi-input multi-output (MIMO) system with plentiful side information in terms
of distinct spreading waveforms for the input signals. Depending upon the finite impulse response
(FIR) length of the propagation channel, and the processing gain, the channel of a certain user spans
a certain number of symbol periods, thus inducing memory or intersymbol interference (ISI) in the
received signal in addition to the multiple-access interference (MAI) contributed by concurrent users.
The desired user’s multipath channel estimate is obtained by means oflaindeechnique which
exploits the spreading sequence of the user and the second-order statistics of the received signal. The
blind Minimum Mean Square Error-Zero Forcify)MSE-ZF) receiver oprojectionreceiver is sub-
sequently obtained. This receiver represents the proper generalizatioraottimedVOE receiver
[1] to the asynchronous case with delay spread. Classification of linear receivers obtained by various
criteria is provided and the MMSE-ZF receiver is shown to be obtainable in a decentralized fashion
by proper implementation of the unbiased minimum output energy (MOE) receiver, leading to the
minimum variance distortionless response (MVDR) receiver for the signal of the desired user. This
MVDR receiver is then adapted blindly by applying Capon’s principle. A channel impulse response
is obtained as a by-product. Lower bounds on the receiver filter length are derived, giving a measure
of the ISl and MAI tolerable by the receiver and ensuring its identifiability.

*This paper was presented in part at EPMCC’99, Paris, France
TEurécom’s research is partially supported by its industrial partners: Ascegét€l; France &lécom, Hitachi, IBM France,
Motorola, Swisscom, Texas Instruments, and Thomson CSF



Récepteur Aveugle 2centralise pour les Systmesa Acces Multiple par
Repartition de Codes (AMRC) As nclzhrones pour des Canaua Trajets
Multiples

Résunt

Dans cette article, nous traitons du perbi de I'annulation d’inteefences dans un sgshea Ac-

ces Multiple par Rpartition de Codes (AMRC) paeguences directes, pour des canagbedifs en
frequence et des conditions asynchrones. Le sigtadd Cyclostationnaire est recu par des antennes
multiples ou est suechantillon®” par rapporti’la ggriode chip. Il est donc converti en un signal vec-
toriel qui est stationnaire. Le sachantillonnage ou/et les antennes multiples donnent naisaamte °
syseme multi-entees multi-sorties (MIMO) qui est abondant en connaissaage®ri, dans la forme
des gquences dfalement distinctes pour les signaux d'eet(ltilisateurs). En fonction de la longueur
du cananl proprement dit, qui estéponse impulsionnelle finie (RIF), et au facteuetdlement, I'ordre

du canal total d'un utilisateur stale sur un certain nombre de symboles, engendranelaainé ou
l'interference entre symboles (ISI). LinterEnce d’aces multiples (MAI) est ajoé par les utilisa-
teurs concurents. L'estimation du canal de I'utilisateur doast obtenue par une nouvelle technique
aveugle qui utilise laejuence détalement de I'utilisateur et les statistiques de I'ordre deux du signal
recu. En consquence, leeCepteur minimisant I'erreur quadratigue moyenne-foreagéo (MMSE-
ZF), est obtenu. Ceecepteureprésente la ghéralisation au cas asynchrone et pour les caruaajets
multiples, du €cepteur aner; celui-B méme qui minimise Energiea'la sortie [1].

Nous classifions les d#f'ents ecepteurs liraires obtenus par des eri¢s diverses et montrons que le
récepteur MMSE-ZF pewtfe cstermire d’'une marere ccentralise en appliquant le cete MOE non-
biaisg. Cela nous donne ainsi leaépteura réponse sans distortiaaminimum de variance (MVDR)
pour le signal de l'utilisateur dorn’Le Ecepteur MVDR est ensuite adeggn aveugle en appliquant
le principe de Capon. Cela nous donne, par ailleurs, I'estimation égptmnse impulsionnelle du canal.
Ainsi, nous @ftivons les bornes iefieures sur la longueur du filtre deceéption, obtenant alors, des
mesures de I'lSI et du MAI t@rables par leeCepteur.
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1 Introduction

Multiuser detection [2] has been the focus of intense academic research during the last decade, follow-
ing the advent of DS-CDMA systems as potential candidates for wireless cellular networks. Capacity
of wireless systems is mostly interference limited. For classical FDMA/TDMA systems, this is mostly
intercell (cochannel) interference. For CDMA systems equipped with the conventionally used matched
filter detector, the interference consists mainly of intracell cochannel interference. The goal of multiuser
detection is to mitigate the influence of interference. Industrial interest in multiuser detection has also
struck a strident note with the emergence of the major third generation proposals for cellular mobile com-
munications based upon wideband DS-CDMA, some of which, e.g. [3] contain the necessary provisions

for the application of multiuser algorithms.

For communications over an additive white Gaussian noise (AWGN) channel, and synchronous DS-
CDMA users, transmission of mutually orthogonal waveforms for all users results in a perfectly orthog-
onal system. A conventional matched filter receiver, matched to the desired user’s spreading sequence
results in automatic interference rejection. This behavior of the matched filter persists irrespective of
the powers of interferers due to the orthogonality of the modulation scheme. However, any diversion
from this ideal system, e.g., choice of non-orthogonal spreading codes, deviation of the TX-RX filters
from a Nyquist pulse, non-optimality of the RX timing, mutual asynchrony of users, multipath prop-
agation, or a combination of these phenomena results in a non-zero interference term at the output of
the matched filter. Now, the relative powers of interfering users have a significant impact on this term,
thus giving rise to the much dreadeéar-far problem [2]. When powers can be perfectly controlled

[4], then, under asynchronous conditions in an AWGN channel, the matched filter receiver is still an
optimal decentralized receiver from the average signal to interference plus noise (SINR) maximization
point of view, if aperiodic (noise-like) spreading sequences spread successive symbols of users. This
behavior of the matched filter is explained by the nature of PN interference from other users (cyclosta-
tionary with chip period, hence stationary after chip rate sampling) which essentially acts much the same
way as uncorrelated channel noise. Consequently, the performance might still be acceptable yielding a
reasonable bit-error rate if the number of users is much lesser than the processing gain (small loading
fraction, yielding far lower capacity than an orthogonal system). In a multipath channel, the matched
filter is the coherent RAKE receiver [4], which is matched to the cascade of the spreading sequence and
the propagation channel, thus combining the delayed multipath signals coherently. The noise-like nature
of the interfering users persists at the RAKE output, but now, the phenomenon of dimensional crowd-

ing creeps in, since each interferer's delayed multipath component contributes as an extra interference.
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Most studies [5] (and references therein) show that the RAKE easily becomes interference limited for

moderate loading fractions.

The search for near-far resistant multiuser detectors debuted with [6] where the optimum detector for
asynchronous multiple-access Gaussian channels was presented. However, owing to the huge complexity
(exponential in number of users) of the optimum detector, it was considered to be impractical in heavily
loaded systems. Simpler, linear multiuser detectors (complexity linear in number of users) like the
decorrelating detector and the minimum mean square error (MMSE) detector were proposed in [7] [8]
and [9] respectively. The desirable feature of these detectors is that they are near-far resistant to varying
degrees [2]. However, when these detectors are formulated as linear operators on the RAKE outputs for
the multiple users (which are sufficient statistics if the rest of the signal is AWGN), thémfémmation
complexityof these detectors is fundamentally the same as for the optimum detector, i.e., knowledge of
parameters like delays, spreading sequences and received powers (for the MMSE detector) is needed for
the implementation of these algorithms. We shall classify these receiv@siamsultiuser detectors

where one attempts to jointly detect the symbols of all users. In order to estimate the parameters like
arrival delays, path amplitudes, and phases, some training information will necessarily be required for

all users.

Another breakthrough step in multiuser detection, following developments in the fiblthdfchannel
identification and detection [10], was the introduction offiad adaptive multiuser detectft], where

it was shown that the multiuser problem could be cast in a singledesantralizedramework, thus
enabling multiple access interference cancellation based on single user information (desired user delay
and spreading sequence). In this framework, the linear receiver operates directly on the received signal.
The receiver in [1] is the so-callemhchoredminimum-output energy (MOE) receiver. The anchored
receiver is split into two components - one fixed, and proportional to the desired user’s signature wave-
form (matched filter receiver), while the other, its orthogonal complement. The algorithm constrains the
inner product of the received signal with the desired user spreading sequence to be fixed, thus restricting
the optimization problem to within the constrained space. No effort is made to exploit the structure of
the MAI except for the assumption of it being uncorrelated with the desired signal. A decentralized
scheme of this nature can evidently be of considerable interest in some applications, like at the mobile
terminal in a cellular network, where knowledge of interferer parameters is not readily available, or as
a suboptimal/initialization approach at the base station. Blind adaptive multiuser detectors based on
second-order statistics (non-decision directed/ data-aided) are developed for the case of short/periodic

spreading sequences, leading to cyclostationarity at symbol period.
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The problem addressed in [1] was that of DS-CDMA communications over a flat channel (no delay
spread) [11]. A constrained optimization scheme was proposed in [12] for multipath channels by forcing
to zero the receiver response to all but one of the multipath components. An immediate performance
loss was noticeable resulting from the rejection of a major part of the desired signal energy contained
in the other paths. This signal cancellation effect was alleviated in [13], where the receiver’s output
energy was minimized subject to a fixed response constraint for the desired signal. Connections with the
Caponphilosophy were drawn in that paper. The above mentioned receivers can be shown to converge
asymptotically (SNR» o) to the zero-forcing (ZF) or the decorrelating solution. It was shown in

[14] that in order to accommodate a humber of users approaching the code space dimension (spreading
factor), longer receivers are required for the ZF solution to be achievable. Moreover, we presented in [14]
the optimal MMSE receiver for multipath channels and asynchronous conditions, obtained by applying
multichannel linear prediction to the received cyclostationary signal. Direct estimation of the MMSE
receiver from spreading sequence properties and the noise subspace was introduced in [15] following
the observation that the MMSE receiver vector dwells in the signal subspace. The ZF and the MMSE
detectors in the case of high data-rate systems in dispersive channels inducing significant ISI, were
investigated in [16]. The channel estimate in this work was obtained as a generalization to longer delay
spreads of the subspace technique originally proposed in [17]. Both these schemes, however, evoke
a high computational complexity since a subspace decomposition is required. It is worth mentioning
that in the context of blind methods based on second-order statistics and spatio-temporal processing
techniques [18], direct sequence CDMA systems allow quite robust channel estimation (compared to
TDMA systems) due to the bandwidth expansion and integratpdori knowledge and structure in

terms of distinct spreading sequences that enables separation of user signals.

We propose, in this work, a new decentralized blind minimum mean-square error zero-forcing (MMSE-
ZF) receiver for DS-CDMA systems in multipath channels. The receiver is MMSE-ZF in the sense that
among all ZF receivers, it is the one that minimizes the mean-square error. The MMSE-ZF receiver
is also called the projection receiver [19] or the decorrelating detector [7]. This blind receiver exploits
spreading sequence properties in conjunction with the second-order statistics of the received signal to
estimate the FIR channel for the desired user at a low cost. The delay spread is assumed to be possibly

more than a symbol period, and can be different for different users.

The rest of the paper is organized as follows. We present the DS-CDMA signal model in the section 2. In
section 3, the non-blind MMSE-ZF receiver is derived and its interpretation in terms of existing methods

is provided. Section 4 lays the groundwork for the blind MMSE-ZF receiver by providing analogies be-
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tween the interference cancellation problem and some related results from the array processing literature.
Section 5 is dedicated to the derivation of the blind MMSE-ZF receiver through an alternate and simple
method, namely the unbiased minimum output energy (MOE) criterion. Blind channel estimation via the
blind MMSE-ZF algorithm is also discussed. An alternate interpretation of the MMSE-ZF receiver as a
Generalized Sidelobe Canceler (GSC) is also discussed. Finally, simulation examples are presented in

section 6 and concluding remarks in section 7.

2 Multiuser Data Model

Fig. 1 shows the baseband signal model. Khesers are assumed to transmit linearly modulated signals
over a linear multipath channel with additive Gaussian noise. It is assumed that the receiver émhploys
sensors to receive the mixture of signals from all users. The receiver front-end is an anti-aliasing low-

pass filter. The continuous-time signal received atrtiie sensor can be written in baseband notation

Eﬁl[esre-shapmg channel (1)

L.m
7, Y™ (n) y"(p)
% e (p) p(t) wi(t) é RX filter 7‘//@
e ) (1/T.-Chip Rate)

0

v™(p)
% ex(p) ki (p) >(l>> y™(p)
ar(n)

—= g""(n) % y"(n)

ag(n)

Figure 1: Signal model in continuous and discrete time, showing only the contribution from one user.

as

%

y" () =D D ak(n)gl (t — ) + o™ (1), (1)

k=1 n
where theu (n) are the transmitted symbols from uger!’ is the common symbol period;’ (¢) is the
overall channel impulse response (including the spreading sequence, and the transmit and receive filters)
for the kth user’s signal at the:th sensor, andv™(¢)} is the complex circularly symmetric AWGN
with power spectral densit¥y. Assuming thgax(n)} and{v™ ()} to be jointly wide-sense stationary,
the procesgy™ (¢)} is wide-sense cyclostationary with peridd The overall channel impulse response

g7 (t), is the convolution of the spreading codgandh}' (), itself the convolution of the chip pulse
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shape, the receiver filter, and the actual channel representing the multipath environment. This can be

expressed as

3

-1
g () = ern(p)hip (t — pT2), @)

p=0
whereT. is the chip duration. The symbol and chip periods are related through the processing gain/spreading
factor P: T = PT.. S/IP infig 1 denotes serial to parallel conversion (vectorization) with downsampling
of a factor.J. Sampling the received signal.at(oversampling factor) times the chip rate, we obtain the
wide-sense stationary.J x 1 vector signaly™(n) at the symbol rate. It is to be noted that the over-
sampling aspect (with respect to the symbol rate) is inherent to DS-CDMA systems by their very nature,
due to the large (extra) bandwidth and the need to acquire chip-level resolution. This aspect directly

translates into temporal diversity and explains the interference cancellation capability of these systems.

We consider the channel delay spread betweerkthaiser and all of thé/ sensors to be of length

lpT.. Letn, € {0,1,---P — 1} be the chip-delay index for thigh user:h}* (n;) is the first non-zero

J x 1 chip-rate sample ok’ (p). Let us denote byV;, the FIR duration of; (¢) in symbol periods.

It is a function ofi;, n;, andP. We nominate the usdras the user of interest and assume that 0
(synchronization to usdr). The symbol sequences for other users are relabelled (delayed or advanced),

so that their relative delay with respect to usdalls in [0, 7).

Let N = S"r_, N;. The vectorized oversampled signalsitsensors lead to a discrete-tifté/.J x 1

vector signal at the symbol rate that can be expressed as

K Nig—1
y(n) =Y Y gpliar(n — i)+ v(n)

k]\’:'l =0 (3)

=) "GN Ak, (n)+v(n)=GnAN(n)+v(n),
k=1

y1(n) y,(n) Yy (n)

ym)=| 1 |,y,(n)= : Yy (n)= :
yp(n) y (n) Yy (n)

GinNe = [9p(Nk = 1)...9,(0)] , GN =[G N, - - GK Ny
Ap N, (n) =[ar(n — Np+ 1) .. .ak(n)]T , An(n) = [Ale (n).. .A%NK(n) , 4)

and the superscrigt denotes transpose. For the user of interest (usey;1)) = (C1(i) ® Irg) by,

]T

where,h, is thel; M J x 1 propagation channel vector given by

hi1 hi, A (1)
hy = : vhig=1| |, Ry = : )
hig, hi} h ()
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®@ denotes the Kronecker product, and the Toeplitz maticeg) are shown in fig. 2, where the band
consists of the spreading coftg - - -cp_1)” shifted successively to the right and down by one position.

For the interfering users, we have a similar setup except that owing to asynchrony, the band in fig. 2 is

Figure 2: The Code Convolution Matri; .

shifted dowm ;. chip periods and is no longer coincident with the top left edge of the box. We denote by

C,, the concatenation of the code matrices given above for uggs & [CT(0) ---CT (N, — 1)]T.

Itis clear that the signal model above addresses a multiuser setup suitable for joint interference cancella-
tion provided the timing information and spreading codes of all sources are available. As we shall see in
the following, it is possible to decompose the problem into single user ones, thus making the implemen-
tation suitable for decentralized applications such as at mobile terminals or as a suboptimal processing
or initialization stage at the base station. To this end, let us dtegkccessivey(n) vectors in a super

vector
Yi(n)=TL(GN) ANy k(L-1)(n)+V (1), (5)

where, 7r.(Gn) = [Tr.(Gin,) -+ To(Gr N, )] and7Tr(z) is a banded block Toeplitz matrix with

block rows andz 0, (;_1)] as first block row § is the number of rows ir), and Ay i (1,—1y(n) is
T

the concatenation of user data vectors ordere{dﬁ%ﬁ_1 (n), AL nsp 1 () - A v p_q (1)

We shall refer to77, (G}, n, ) as the channel convolution matrix for théh user. Consider the noiseless

received signal shown in fig. 3 for the contribution of user 1, from which the following observations can
be made. Due to the limited delay spread, the effect of a particular symiel— d), influencesV,
symbol periods, rendering the channel a moving average (MA) process of @rderl [20]. We are
interested in estimating the symhal(» — d) from the received data vectdf;, (n). One can notice that
ai(n — d) appears in the portiok n, of Y'1,(n). The shaded triangles constitute the ISI, i.e., the effect

of neighboring symbols ok x,. The contributions from the other (interfering) users to the received data
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Y 1 (n) To(Ga,n,) Ain, (n)

YN, F= 7 ai(n—d)

Figure 3: ISl for the desired user.

vector have a similar structure. Note that to handle ISI and MAI, it may be advantageous to consider the

longer received data vectdfz,(n).

3 The MMSE-ZF/Projection Receiver

In the multiuser problem given in (5), there exists a multitude of possible zero-forcing constraints, rang-
ing from zero MAI only, or zero ISI only, to zero forcing for both MAI and ISI, which we shall consider
here. For the purpose of our problem, let us consider the ZF or the zero-distortion constraint, which can

be written as,

FIT(Gx) = e, ©)

where,el =[0---0[0---0 10---0/0---0], with d the "equalization” delay for the desired user.

Considering all user symbols, (n) to be uncorrelated, the received signal covariance matrix can be
written asRyy = 02T TH + 021, whereT replaces] (Gy) to simplify the notation. The MMSE-ZF

receiver is by definition the solution to the MMSE criterion under the ZF constraint, which can be written

as
min FARyyF =024 min F{RyyF
F:FH'Tzeg F:FH'T:eg
= min FIF 7)
F:FH'Tzeg

Let us further express the receiver vectorns
F=TF, +T*F,, (8)

where, 7+ spans the orthogonal complementioénd satisfie®’-. = P+, wherePy = X (X7.X)~1xH

is the projection operator onto the column space of the matrix X. From the ZF conskt&ifit,= el =
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FITHT and therefore,
Fy=(T"T) ea. )

Hence,F = T(THT)‘led + 7L F,, whereF;, is the unconstrained part which becomes zero upon
solving the minimization problem in (7). Thi8 = 7 (7" 7T)~'e,, and we can write the MMSE-ZF
criterion as:
min _ FPRyy F = 02 + o2l (THT) e, (10)
F:FH'Tzeg

The ZF solution in the noiseless case gives the distortionless response for the desired user’s signal.

We can provide one more interpretation of the MMSE-ZF receiver in terms of a projection receiver as

indicated in the following proposition.

Proposition 1 The MMSE-ZF receiver is equivalent to a projection receiver [19] that first projects the
received data onto the orthogonal complement of the subspace spanned by ISI and MAI, and then projects
the resulting vector onto a one-dimensional subspace that is matched to the signal part that remains in
the data.

Proof: See appendix A.

The MMSE-ZF receiver derived above needs the knowledge of the channel convolution matrix (arrival
delays and impulse responses of all user channels) for its implementation. However, as we shall see in
the sequel, it is possible to determine this receiver blindly in a decentralized fashion, as a solution of

Capon’s method applied to the minimum variance distortionless response (MVDR) criterion.

4 Linearly Constrained Minimum Variance Beamforming

It is insightful to compare the problem of blind I1SI and MAI rejection to that of beamforming and
direction of arrival (DOA) estimation in the antenna array processing literature [21]. Let us look at a
generic DOA estimation problem of a single narrowband source located at arfamgth respect to an

antenna array. The observation or snapshot v&ctor) at the array output is
Y (n) = S(8o)a(n) + V (n), (11)

with S(6y) being thearray responser steeringvector associated with the look-directién, andV (n)
the complex additive (spatially) white Gaussian noise (AWGN) veat(r,) is the sampled source sig-

nal, with variancer2. In this problem there are two unknowns, namely the direction of aivéand
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the corresponding steering vector) and the source signal In the first instance, we shall considkyr
known. A beamformer with the weight vect#t is employed to obtain the estimatén) = F7Y (n),
where the superscript stands for Hermitian transpose. Intuitively, any desirable beamformer should
emphasize signals arriving from the directiéy) while the noise must be suppressed. We therefore im-
pose the zero-distortion constrai#it!’ S (6,) = 1, on the beamformer, and minimize its output variance
E|FHY (n)|? subject to this constraint. The weight vector of the linearly constrained minimum variance

(LCMV) beamformer is the solution to the problem

min ~ Flag* <  min  FYRyyF = MV, (12)
F:FHES(6y)=1 F:FHES(6,)=1
which results in
1 1

Ry S(6p), MV = (S (8,) Ry, S(60)) . (13)

F =
S™(60) Ry S (60)
At this point we realize that we do not yet knéy. However, we can obtaify by Capon’smethod [22]

as the argument of the maximum of the minimum variance over all possible look directions. Thus,
f = arg max (SH(O)R;%/S(O))_I = arg mein SH ()R- S(6)
= 57" (Vinax(Ryv)) = S7" (S(60)) =00, (14)
since Ryy = a25(0y)S™ (6y) + oI, and assuming a proper normalization$f¢). We denote by

Vimax(RyY ), the eigenvector oRyy associated with the maximum eigenvalue.

Note that Capon’s approach could be extended to the multisource case if the sources are uncorrelated
and if they are treated jointly. Here, we shall stick to the decentralized single source formulation of
the Capon’s method. The rest of the developments in this paper are based upon the striking similarity
between the purely spatial (beamforming) problem discussed above, and the ISI and MAI cancellation
issue depicted in fig. 3. In particular, we show in the sequel that in the DS-CDMA problem, given certain
conditions on the number of concurrent users and their channel orders, partial knowledge of the channel
vectors g, (¢)’s in terms of distinct spreading code matric€s,(i)’s, leads to an unambiguous estimate

of the channel vector for the desired user.

5 Connections between Linear Receivers

We can classify the unbiased linear MOiEceiver in terms of the other optimization criteria as indicated

in the following proposition.

'a derivative of the minimum variance distortionless response (MVDR) method, and a particular instance of the linearly

constrained minimum-variance (LCMV) criterion
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Proposition 2 The minimum mean-squared error (MMSE), and the minimum output energy (MOE) are
interchangeable criteria under the unbiased constraint, and are equivalent to the maximization of the

output SINR.

arg min  MSEunpiased = arg  min  OE = arg max SINR, (15)
F:FH@'l:l F:FH§1:1 F

Proof. (i) Consider first, the MMSE criterion

MSE = Elaj n_q— a1|* = Elay n_q — FEY?

2 2 H~ 2~H H
=o,—0,F"g, —0,g7 F+ F"RyyF
N —’
output energy

= min MSE = unbiased MOE (16)

FHg =1
proving the first equality in (15).
(i) The signal part inY r,(n) is Yy = g,a1,,—q4, Whereas the interference (MAI & ISI) plus noise is
Y, = TLA + V, where, T, is the same a7 (G) with the columng, removed. Then, for an

arbitrary F', assuming uncorrelated symbols, we obtain,

FIR.F 2pHg g F
SINR = et = e I (17)
F RyF  pH (Ryy - 029,97 ) F
from where,
FHRy v F
max SINR ¢ min SINR™! ¢ min —— 1=
F F FoooZ|Fgy|? (18)
= min FYRyyF,
F:FH§1:1
which is the unbiased MOE criterion of (19). O

5.1 Relationships between Various Constraints

At this juncture, we are able to identify the relationship between the unbiased linear MOE and the
unbiased linear MMSE approaches which give the same receiverHiltsiote that the unbiased MMSE
yields the MMSE-ZF in the noiseless case and so does the unbiased MOE. A further observation is that
the unbiasedness constraint is not the distortionless constraint (the ZF constraint) given by (6). It is only
the ZF (distortionless) constraint which guarantees the minimum variaifyev{th a fixed response for

the desired user signal, which is the desired goal in the original MVDR approach.

In [13], the authors interpreted zero distortion of the Capon’s method as unbiasedness, and maximized
the MOE to obtain the channel impulse response for the desired user. It was also shown that the dis-

tinct spreading sequences allowed identifiability of users’ channel responses. However, unbiasedness is
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a weaker constraint as compared to the zero distortion constraint. Intuitively, with only the unbiasedness
constraint, the other symbols (ISI) remain present in the estimator output and do not allow the applica-
tion of the single user form of Capon’s principle, which corresponds to the maximization of the MOE
(minimum variance) under the zero-distortion constraint. However, unbiased MOE on noiseless data cor-
responds to the MMSE-ZF, which in turn is equivalent to zero forcing MOE on noiseless data. Hence, in
conclusion, we can determine the MMSE-ZF receiver by applying the unbiased MOE on denoised data,

leading to a simple treatment of the problem.

5.2 Blind Unbiased Linear MOE Receiver

Suppose thaF’ is a linear FIR receiver applied to the received dafa (n). The goal is to obtain a linear
estimate of the transmitted symbal,(n — d) for the desired user symbol (with a possible delay! of
symbols). Theng, (n — d) = F*Y 1 (n) is the linear estimate of the desired symbol. Finite alphabet
information can later be applied to the this estimate to determine the symbol vAlug.said to be
unbiasedf F”g, = 1, where,g, = T1 h, (see fig. 3), with’, = [ 0 CI 0 ] @ I being the
signature matrix for the desired usgt.a; (n — d) is the contribution of.; (n — d) to Y 1,(n). The energy

at the output of the receiver (noiseless case) can be writtéhBE Y, (n)|? = F' R{.,, F, where the
superscript stands for noiseless or denoised data. The unbiased MOE criterion proposed in [13], which
is a generalization of the instantaneous channel case of [1], is in principle a max/min problem solved in
two steps with,

step:1 unbiased MOE

1

min FIRLWF=F=———R;%g, 19
PG 1 YY 5{1 }_/gl/gl vy 91 (19)
with MOE(h,) = ===, followed by,
(h) = Z7R75, Y
step:2 Capon’s method
~max MOE(h;)= min fzfl (TlR;gl/T{I) hi, (20)
hi:jhi)=1 hi:jhi)=1

from where h; = me(TlR;f/Tf), which is the estimate (upto a scalar phase factor) of the desired

user’s FIR channel response.
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5.3 Discussion

The minimum output energy (MOE) receiver, first proposed in [1] was developed for asynchronous users
in the AWGN channel, where the channel is simply represented by a complex gain factor. The linear
receiverF’ can be expressed & = ¢; + «, where,c; is the fixed component, viz., the desired user’s
spreading sequence, aads it orthogonal complement:(’¢, = 0), i.e., a blocking transformation for

the desired signal. The fixed responge,|| = 1, (theanchol) constrains the desired signal’s output
variance to an arbitrary constant, which is determined by the channel gain, and the MOE criterion min-
imizes the output variance of the rest. The receiver is therefore determined blindly upto a scale factor.
This receiver, upon scaling the output response to unity for the desired signal corresponds to the un-
biased MMSE-ZF receiver of section 3, leading to a distortionless (ZF) response in the noiseless case.
The extension to the multipath channels of this scheme is elaborated upon in [13]. However, in the later
appraoch, the distortionless response (and thus the proper implementation of Capon’s method) will only

be guaranteed if denoised statistics were employed in the MOE cost function.

5.4 Unbiased MOE via the Generalized Sidelobe Canceler

The generalized sidelobe canceler (GSC) [21], is a particular implementation of the LCMV beamformer.
Hence, the unbiased MOE criterion, which itself is a particular instance of the LCMV approach can be

implemented in the GSC fashion as elucidated in the following. Let us denote by

I 0 O
Ti=[0 C¥ o]@Iys,and Ty=|0 C{ 0| @Iny, (21)
0o o0 I

the partial signature of the desired user and its orthogonal complement employed, respectively, in the
upper and lower branches of the GSC, as shown in fig:#? is the orthogonal complement 6f,, the

tall code matrix given in section zxfcl = 0). Then,C’quN1 = T,Y; and the matriXl", acts as a
blocking transformation for all components of the signal of interest. Note/that+ Py = I, where,

Px is the projection operator (projection on the column spacX hf Then the LCMV problem can be

written as
min FIRY F = min FIRYF, 22
F:FETH=(hHh)~1hH vy F:FHTHp =1 vy (22)
FATHRE =0

where, [h1 hﬂ is a square non-singular matrix, ahd’ h = 0. Note that in the LCMV problem

(GSC fomulation) there is a number of constraints to be satisfied. However, imposing the second set
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of constraints, namelf'? 1 hi = 0 has no consequence because the criterion automatically leads to
their satisfaction oncespan{ Ry} N span{TH} = span{T h,}, i.e., when the intersection of the

signal subspace and the subspace spanned by the columiisisfone dimensional.

The matrixT'; is nothing but a bank of correlators matched to theelayed multipath components of
userl’s code sequence. Note that the main branch in fig. 4 by itself gives an unbiased response for the
desired symbolg, (n — d), and corresponds to the (normalized) coherent RAKE receiver. For the rest,
we have an estimation problem, which can be solved in the least squares sense, for som@ .nauisx
interpretation of the GSC corresponds to the pre-combining (or pathwise) interference (ISI and MAI)

canceling approach (see [5] and references therein).

The vector of estimation errors is given by
Z(n)=[T1—QT:2]Y (n). (23)

Since the goal is to minimize the estimation error variances, or in other words, estimate the interference
term in the upper branch as closely as possible fBgY 1, (n), the interference cancellation problem
settles down to minimization of the trace of the estimation error covariance nd@jx for a matrix

filter Q, which results in
-1
Q= (TleTg‘I) (TszTgf) , (24)

and where R? is the noiseless (denoised) data covariance malixy, with the subscript removed for
convenience. The outpu (n) can directly be processed by a multichannel matched filter to get the

symbol estimatej; (n — d), the data for the user.

1

~H~

1

g1 91 g, 9

i (n - d) = h (T1 - QT2) Y 1.(n) (25)

The covariance matrix of the prediction errors is then given by

||correlator Zin
Yi(n) 4 2 Y 1 Jarn-d)
T, h, i [
rake

T2_»Q

Figure 4: GSC implementation of the MMSE-ZF receiver.
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-1
Ry7=T R'TY —T,RITYH (TszTgf ) T,RTH, (26)
From the above structure of the interference canceler, we observe thafwli®fy, — g,a1(n)) can be
perfectly estimated frofT'yY 1, the matrix Rz is rankd in the noiseless case! Using this fact, the

desired user channel can be obtained (upto a scale factor) as the maximum eigenvector of the matrix

Rz, sinceZ(n) = (CHC\) @ Iyrshidy(n — d). It can further be shown easily thatff, = T, then
T\ Ry Ty = (T.TV) Ry}, (T\T1), @7)

where, Rz is given by (26), and?, given by (24), is optimized to minimize the estimation error
variance. R? replacesRyy in the above developments. From this, we can obtain the propagation
channel estimate for the desired uskr,ash; = Voo { (T:TY) ™ Ryz (T:TF) 7'}, The above
structure results in perfect interference cancellation (both ISl and MAI) in the noiseless case, the evidence
of which is the rank-1 estimation error covariance matrix, and a consequent distortionless response for

the desired user. In the noiseless cagé)(= 0), we have the following two cases of interest.

5.4.1 Uncorrelated symbols

In the absence of noise, witld. symbols, the stochastic estimatioridfY from T, Y is the stochastic
estimation ofT' 7., (Gx) A from T, 7., (Gxn) A with R4 = o21. Hence, it is equivalent to the deter-
ministic estimation of7 /1 (Gx)T1 from T2 (Gn)TE: || TH(GN)TY — TH(GN)TE QY ||2. Then,
given the condition

span{T{I} Nspan{T.(Gn)} = span{’TL(GN)e;l}
= span{TL(Gn)} C span{T4 } & span{g, } (28)
cT(Gr)e,; = Tr(Gin)eqd =g, = Tihy,

and Wheree; ande, are vectors of appropriate dimensions with all zeros and @a®ecting the desired
column in7.(Gn) and7 (G4 N, ) respectively. We can write the channel convolution mafiixG )
as
TL(Gy) = gief' + TGP, =[G, TYB, (29)

for someB. Then we can write,

TGy (T7 - T Q") =

'y Hep H w [T H 0 H

im0 (98] [ 0 Tq @

= e, hIT, T + Bi'gi'T{ - B (T,TY) Q".
Note thate;lHBfI = 0,4 € {1,2}. Thisimplies that the first term on the R.H.S. of (30) is not predictable

from the third. Therefore, if the second term is perfectly predictable from the third, then the two terms

cancel each other out aiiély ; turns out to be rank; andh; = (TlT‘F)_1 Vinae (Rz2).
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5.4.2 Correlated symbols

In the case of correlated symbols, with a finite amount of data, given the conditions in (28), it still holds

thatspan{ 7 (Gn)TH} = span{P., T1,(Gn)}. Now, we can write the received vect¥i; (n) as
L 2 ¢

Yi(n) = To(Gn)A = T1(Gn)eyar(n — d) + T LA. (31)

Now, the estimation of"; Y in terms of I';Y = T37.,(GN)A = T, T 1A is equivalent to estimation
in terms of A.
T.Y|py =T\Y - T,Y
—T,Y - (Tlel/YTgf) (:rzRgl/Y:rf;’)_1 T,Y
T1Y| 5 = T1T0(GN)eyir (n — d)
=TT} hyay(n — d)| 5. (32)

This results in,
—d i\ 7! 2 H
(TR TH) =02y ahahll, (33)

The ranki results in a normalized estimate of the channel. It must however be noted that the estimation
error variance of the desired symbol is now smalzléar1 {(n_d) < a?).
5.5 Identifiability Conditions for Blind MMSE-ZF Receiver
Continuing with the noiseless case, or with the denoised versiBigf, i.e., Rﬁl/Y = azTL(GN)TLH (Gn),
min FIRLF =02 iff FAT(Gy)=e]f, (34)
F:FH"g"l =1

i.e., the zero-forcing condition must be satisfied. Hence, the unbiased MOE criterion corresponds to ZF

in the noiseless case. This implies tM@E(ﬁl) < o2 if g, g,. We consider that:

(). FIR zero-forcing conditions are satisfigahd

(ii). span{72.(G)} Nspan{T%} = span{T¥ h,}.
The two step max/min problem boils down to

~H -1 —1;
; Imax hy (ToTY') " T\ T Pragu T T (TTY) hy, (35)
1° 1 =1
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where,P{ = I — X (X" X)=' X" Then identifiability implies thal , P+, 7/ = T{'h1h{' T, =
L 2

515?1 or
P7J:LHT2H7~LH(GN) = PS;,TLH(GN), (36)

Condition (i) above implies that, € span{7;7 (G x)}. From condition (i), sincd'¥’ h, = T..(Gn)e,,
we have
span{TL(GN)TY} = span{P+TH (Gw)}
oan{TH(Gy)) = span{TH(Gr)TH ) Espantel)
from which 7 (Gn)=PrapsT/’ (GNHP T (G y), which is the same as (36).

37)

5.5.1 A Note on Sufficiency of Conditions

We consider first the conditions)( Furthermore, in the following developments, we consider that
K < PM ., which is easily achievable with a small (e2),multiple sensor and/or oversampling factor.
The effective number of channels is given @M .J) gz = rank{Gn}, whereGy is given in (3). Let
Gi(2) = Y2151 g, (n) 2" be the channel transfer function for usemwith G(z) = [Gy(z) - - -Gx (2)].

Then let us assume the following:

(@). G(z) isirreducible i.e., rank{G(z)} = K,Vz.
(b). G(z) iscolumnreduced rank{[g;(N1—1)---gx (N —1)]} =K.

Given that the above two conditions hold, the channel convolution m@tf&x ) is full rank w.p. 1,

and the FIR length required is given by,

(38)

sz:[ N - K "

(PMJ)ert — K
Note that conditiond) holds with probabilityl due to the quasi-orthogonality of spreading sequences.

As for (b), it can be violated in certain limiting cases e.g., in the synchronous case wjheEye — 1)’s

contain very few non-zero elements. Under these circumstances, instantaneous (static) mixture of the
sources can null out some of the (N, — 1) (more specifically, at most’ — 1 of them). ThenV gets

reduced by at most’ — 1. However, even ther, given by (38) remains sufficient.

The conditionij) can be restated as the following dimensional requirement:
rank{7.(Gn)} + rank{T{I} <row{7.(GNn)} + 1, (39)

from where, under the irreducible channel and column reduced conditions,

N-K+LMJ-1
(PMJ)eg — K|’

LZL:[ (40)
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where,/; is the channel length for uséiin chip periods. If (40) holds, then conditioin)(is fulfilled w.p.

1, regardless of th&/,’s, i.e., thespan{T'}{ } does not intersect with all shifted versionsggfs, Vi # 1,

which further means that no confusion is possible between the channel of the user of interest and those
of other users, whether the mixing is static (same orders) or dynamic (different channel lengths), with

lengths measured in symbol periods.

5.5.2 Violation of condition (ji)

If the channel lengtly is over-estimated, such that, gets over-estimated, then conditiai) (s violated

w.p. 1. In that case, more than one shifted versiong pfill fit in the column space off'f’. The
estimated channel in that case can be expresséd @9 = Gy(2)b(z), where,b(z) is a scalar polyno-

mial of the order that equals the amount by which the channel has been over- estimated. An adhoc but
expensive solution to this would be to try all orders /¢ and stop at the correct one. Once, the delay
estimates have been obtained, however, overestimation of the channel order is highly unlikely in most
DS-CDMA systems, where, the delay spreadP , and in which casey; = 2 for a synchronized user

k.

5.6 Two-Sided Linear Prediction

We can give one more interpretation of the MMSE-ZF receiver in terms of two-sided linear prediction
(TSLP) of the received signal. Let us consider the noiseless c&gef 0), and replace th@&; andT';
in (21) by,

I 0 0

le[o Ile 0]®IMJ,and TQI|:O 0o I

] © T, (41)

This corresponds to thieast squares smoothirgpproach of [23] in a single user case. We can pro-
ceed with a similar treatment as previously discussed in section 5.4 for the GSC implementation of the

unbiased MOE algorithm. However, now,
rank{Rzz} > K, (42)

where K denotes the number of users with channel orders shorter than or eqial[®@4] [25]. A
mixture (instantaneous when channel orders are the same) of different users’ channels is now obtained.
In the event of K = 1 (the desired user), the composite channel vegiocan be obtained from the

rank-l Rz, although the stacking factdr required will be much longer thah given by (40).
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From the above discussion it is obvious that the TLSP has some capability of multiuser interference
cancellation in very special situation¥{ < N, Vk # 1). However, for the DS-CDMA system in
question, the presence 6f;- term in the blocking matri€’, "cleans up” the contribution of interfering

users without regard to their channel orders, and highlights the great degree of robustness of the system

vis-a-visthe channel identification issue.

6 Numerical Examples

We consider’ = 5 asynchronous users in the system with a spreading factBr-ef16. The channel

for the jth user is modeled as a FIR channel of orfleranging from8 — 21 chip periods for different

k's. The channel delay spread is therefore shorter than one symbol period for some users while longer
for others. Near-far conditions prevail in that the interfering users are randomly (ranging fror?

dB.) stronger than the user of interest. Fig. 5 shows the bit error-rate performance of the blind MMSE-

10°

Error Probability

—+— MMSE-ZF 5dB
-4 MMSE 5dB
1074L| —— MMSE-ZzF 10dB
-+ MMSE 10dB
——  MMSE-ZF 20dB
-0 MMSE 20dB

0 200 400 600 800 1000 1200
No. of data samples

Figure 5: Error rate performance for spreading factor, P=16, and K=5 users.

ZF receiver and the MMSE receivarg(ﬁ;;ﬁl). It can be seen that the performance depends on the
quality of the correlation matrix estimate. Better results are therefore obtained if more data is available.
This figure highlights the major drawback in the implementation of second-order statistics based linear
receiver algorithms. Under power controlled conditions, with good choice of spreading sequences, and
a small loading fraction, a simple RAKE receiver may outperform the linear receivers, unless a good
estimate ofRyy is available. On the other hand, as seen in fig. 6, the channel is estimated fairly
accurately (normalized mean squared ériddMSE) of the order of -25 dB at 20 dB. SNR) wifl

symbols from the rank- Rz, (see section 5.4). Performance of the noise-subspace based algorithm

P 20!
2 _ plha=ha)? _ 1r k)P
NMSE= E R = 7 2zt e

1999/6/21 page 21 of 28



e )\max(Rzz) 5dB
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—+— NSF 10dB

0 500 1000 1500 2000
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Figure 6: Channel estimation performance for spreading factor, P=16, and K=5 users.

[17] is also shown for several input SNR’s. In fig. 7 and 8, we show the performance of blind MMSE-

50 i
-0 RAKE
401 | —— MMSE (thoery)
-v-  MMSE-ZF (theory)

30F| ~ 2~ MMSE-ZF (estd)
o -o- MMSE (estd)
Z

20r
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_107/ :g; /4)’/X>‘
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_20%
e
_30 L L L
5 10 15 20
SNR (dB)

Figure 7: Output SINR performance of different receivers in near-far conditions for spreading factor,

P=16, and K=5 users.

ZF receiver in near-far and power-controlled conditions, respectively, and compare it with that of the
theoretical MMSE Ryy = 027.,(GN)TL(GN) +021). Adata record 0200 data samples is employed

to estimate the receivers. It comes as no surprise that the optimal unbiased MMSE is not approached by
any of the other receivers due to finite data effect. A theoretical curve for the MMSE-ZF is also provided.
fig. 9 shows the quality of the channel estimates for the case when denoised statistics are employed in

the unbiased MOE algorithm.
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Figure 8: Output SINR performance of different receivers in power-controlled conditions for spreading

factor, P=16, and K=5 users.
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Figure 9: Normalized channel estimation MSE for the denoised and non-derfisedfor spreading

factor, P=16, and K=5 users
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7 Conclusions

The blind MMSE-ZF receiver for DS-CDMA was presented. The receiver was shown to be the proper
extension of the anchored MOE receiver [1] to the general asynchronous case in multipath channels,
leading to the distortionless response for the desired symbol of the desired user. It was also demonstrated,
that the receiver is obtainable from the blind unbiased linear MOE criterion in a decentralized manner.
A simpler implementation in the form of a Generalized Sidelobe Canceler (GSC) or the MVDR was also
shown. In terms of its implementation, the blind algorithm, like the MMSE linear receiver, requires a
large amount of data for the estimation of the channel covariance matrix thus making it rather impractical
for rapidly changing environments (fast fading) and large numbers of users P). Such algorithms

can find their utility in indoor wireless LANs where channels change at relatively slow rates and a fair
amount of data is available for the estimation of the covariance matrix. A possible implementation can
be at the uplink, where, knowledge of spreading codes and timing of all users in the cell can be exploited

to obtain a betteRy-y .

Identifiability conditions of the blind MMSE-ZF receiver, for channels of arbitrary length (even longer
than a symbol period) were given and it was shown that the channel is blindly identifiablgwpfo a

scalar phase factor), unless it is overestimated.

A Appendix

The MMSE-ZF receiver was derived in section 388 = el (7H7)='TH. Where, we express a
column permuted version of the channel convolution mafii& ) as7 = [g, 7]. Theng, = Tey,

ande; = [1 0 --- 0]. Let us further define a square transformation ma#xgiven by

p= [ M g] (43)
so that
e=la 71| ¢ 7|=[pa 7], (44)

and whereX = — (77 7)=17"g,. Then, the MMSE-ZF receiver can be written as

Fil = el (TP (TP) " (TP)!

_ T 1 0 g PTgl 0 - (P%rgl)H
Tlx o o 77T T
I g,
= ———97 P+, (45)
Q{IPI;{QI T
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where P}r is the projection operator that projects the received data v&cigm) onto the low rank

subspace defined by the orthogonal complement of the subspace spanned by the colipamsigf is

the projection on the one-dimensional subspace matched to the desired signal. O
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