
Adaptive Detection for DS-CDMA

GRAEME WOODWARD,STUDENT MEMBER, IEEE, AND BRANKA S. VUCETIC, MEMBER, IEEE

A review of adaptive detection techniques for direct-sequence
code division multiple access (CDMA) signals is given. The goal
is to improve CDMA system performance and capacity by re-
ducing interference between users. The techniques considered are
implementations of multiuser receivers, for which background
material is given. Adaptive algorithms improve the feasibility of
such receivers. Three main forms of receivers are considered. The
minimum mean square error (MMSE) receiver is described and
its performance illustrated. Numerous adaptive algorithms can be
used to implement the MMSE receiver, including blind techniques,
which eliminate the need for training sequences. The adaptive
decorrelator can be used to eliminate interference from known in-
terferers, though it is prone to noise enhancement. Multistage and
successive interference cancellation techniques reduce interference
by cancellation of one detected signal from another. Practical
problems and some open research topics are mentioned. These
typically relate to the convergence rate and tracking performance
of the adaptive algorithm.

Keywords—Adaptive equalizers, adaptive signal detection, code
division multiaccess, decorrelation, interference suppression, lat-
tice filters, least mean square methods, least squares methods,
multiaccess communication, Wiener filtering.

I. INTRODUCTION

Direct-sequence code division multiple access (DS-
CDMA) is an important component of numerous recent
communications systems, proposed and implemented.
Applications include terrestrial cellular, wireless multi-
media systems, and personal satellite mobile systems. To
achieve increased data throughput and user capacities, it
is important to optimize channel utilization. This paper
will describe how adaptive detection algorithms can be
applied to achieve this goal. A review of major techniques
will be presented. Increasing CDMA channel utilization is
rooted in multiuser communications research, so a brief
background of this field will be given. For a detailed
discussion of multiuser receivers, the reader is referred to
[1]. All adaptive detectors to be described in this paper are
approximate realizations of multiuser receiver structures.

Conventional asynchronous DS-CDMA systems allow
each user to transmit and receive independently. Each
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receiver performs a simple correlation between the received
baseband signal and the corresponding user’s spreading
sequence. In an additive white Gaussian noise (AWGN)
channel with orthogonal spreading sequences, this approach
would be optimal. Due to the asynchronicity of users and
the need to support numerous users, such orthogonality is
impossible, even on a hypothetical AWGN channel. Thus,
the residual cross correlations are treated like AWGN in the
classical analysis of these systems. This is acceptable as a
first-order approximation due to the wide-band quasiwhite
spectra of the spreading sequences typically used. However,
this approach ignores the highly structured, cyclostation-
ary statistics of the interference. System performance is
rendered multiple-access interference (MAI) limited, and
channel utilization is correspondingly low. The recently
adopted CDMA terrestrial cellular standard IS-95 [2] is
based on the conventional CDMA receiver but uses a
RAKE1 front-end and powerful, yet complex, error-control
coding in an effort to alleviate this problem.

Due to the nonorthogonality of practical spreading se-
quences, the conventional correlator receiver suffers from
the near–far problem. This implies that the cross correlation
between the spreading sequence of the user of interest and
the signal from a strong interferer can be larger than the
correlation with the signal from the desired user. Detection
is rendered unreliable. The classical way to deal with this
is power control, whereby all users’ transmit powers are
controlled so that the powers received from all users are
equal. This adds complexity to the system, and inaccuracies
in power control have a detrimental impact on performance.

The optimal multiuser receiver of Verd´u [3] demonstrated
that DS-CDMA is not fundamentally MAI limited and can
be near–far resistant. The optimal receiver comprises a
bank of matched filters (MF’s), one for each user, followed
by a Viterbi algorithm for maximum likelihood sequence
estimation (MLSE). Significantly, it was demonstrated that
the output from the bank of matched filters provided a
sufficient statistic for optimum detection. Use of such a
receiver allows a tradeoff between complexity of signal
selection and receiver complexity in a multiuser envi-
ronment. The requirement to select spreading sequences

1A tapped delay line receiver structure designed to collect energy from
multipath signal components. Its form and function resemble a garden
rake.
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with good correlation properties is relaxed at a cost of
increased receiver complexity. The practical application of
this approach is limited by two significant issues. Due
to the number of states required, the Viterbi algorithm
is exponentially complex in the number of active users;
thus, with large user populations, the problem becomes
intractable. Less obvious is the complexity hidden in the
matched filter bank. Although formulated in the context of
an AWGN channel, the optimum multiuser receiver can be
applied to practical intersymbol interference (ISI) or time-
varying channels by combining the instantaneous channel
impulse responses with the spreading codes [4], [5]. To
realize the matched filter bank in such a case assumes much
knowledge about every user in the system. It is necessary
to know of the activity, time and phase synchronization,
spreading sequence, power, and channel conditions for
each user. With such information, a bank of matched
filters can be synthesized. Much of this information is
also required for the Viterbi algorithm within the receiver.
Numerous simplified algorithms have been proposed to
replace the Viterbi algorithm [6]–[8] in an attempt to make
this approach less computationally demanding.

An important class of suboptimal receivers is the linear
receiver described by Lupas and Verd´u [9]. This includes
the decorrelating receiver proposed earlier by Schneider
[10]. These receivers perform a linear transform on the out-
put of the matched filter bank. Symbol decisions are made
on the output of the linear transform. The decorrelating
linear receiver removes all cross correlations between users
by selecting the transform as the inverse of the spreading
sequence correlation matrix. Chen and Roy [11] showed
how the decorrelating receiver could be realized adaptively.
It was demonstrated that the decorrelating receiver has
optimum near–far resistance. This means that performance
is not sensitive to disparities in user signal power and
relaxes the requirement to know all user powers. Using a
simple inverse transform introduces potential problems. In
some cases, the correlation matrix may be singular, in which
case a generalized inverse may be substituted [9]. This was
shown to also be optimally near–far resistant. In a manner
analogous to zero-forcing equalization, noise enhancement
may be a problem. Lupas generalized the decorrelator to
the optimum linear receiver [9], in which a different linear
transform is applied to the matched filter bank output. A
means of calculating the transform based upon maximizing
asymptotic efficiency [3] was described. In some cases,
computing the optimum linear detector is still exponentially
complex in the number of users. This presents a problem
in nonstationary environments, as the calculation must be
performed repeatedly. A large amount of information about
all active users is still required.

An alternative is to select a transform to reduce the
total mean square error (MSE) at the receiver output, thus
alleviating the problem of noise enhancement. This has
led to the development of the minimum mean square error
(MMSE) receiver for CDMA [4], [12], which has also been
shown to be near–far resistant [13], [14]. Under low noise
conditions, the MMSE receiver becomes equivalent to the

decorrelation detector, so both receivers exhibit the same
asymptotic efficiency [9].

Multistage receivers [sometimes called parallel interfer-
ence cancellation (PIC)] and successive interference cancel-
lation (SIC) are alternative techniques involving the explicit
detection and cancellation of each user’s signal from the
other users [15]–[20]. Such techniques also require accurate
knowledge of channel parameters and may incur excessive
complexity.

The above approaches all assumed a bank of well-
synchronized matched filters. Numerous authors have ap-
proached this as a channel estimation problem [21]–[24].
With accurate channel estimation and user parameters, it is
feasible that a bank of matched filters may be synthesized.
Nevertheless, simultaneously and accurately estimating all
user parameters, especially in nonstationary environments,
remains a daunting task. Accurate amplitude estimates are
critical to the performance of multistage and SIC schemes.
With incorrect ordering of user powers, a successive inter-
ference canceler can lead to degraded performance [25]. It
is important to consider the impact of imperfect parameter
estimation [26]. In a cellular environment, a base station
receiver may only have information about its own cell
users, i.e., the in-cell interferers. Information about intercell
interferers may be unavailable, or at best inaccurate and
incomplete. The only protection against such interferers
is their decreased power due to propagation loss and the
spreading gain. Multiuser receiver performance can be
very sensitive to having an incomplete set of interferer
statistics [27]. Adaptive techniques are certain to play a
role in channel estimation for multiuser receivers, but this
approach will not be explored further in this paper.

The adaptive MMSE receiver [13], [28]–[32] may solve
the assumed knowledge and complexity problems simul-
taneously. As matched filtering is a linear operation, it
can be shown that an equivalent MMSE structure can be
formulated by directly processing samples of the received
signal. The matched filter bank can be eliminated. In
practice, the receiver span must be made finite by truncating
the response of the ideal MMSE filter. This can usually be
done with negligible impact on performance. The number
of coefficients in the MMSE receiver is thus related to
the spreading gain rather than the number of active users.
Directly processing samples of the received signal at chip
(or subchip) intervals, the adaptive MMSE receiver operates
like an adaptive equalizer. It implicitly realizes a filter
that both is matched to the desired user’s channel-affected
signal and suppresses interference from other users. This is
achieved by minimizing an MSE cost criterion adaptively.
The minimization may be performed over all users or for
each user individually. It can easily be shown [33] that these
approaches are equivalent. The components of the MSE to
be minimized include the effects of MAI, ISI, AWGN, and
possibly narrow-band interference (NBI). Furthermore, with
adequate filter span, the adaptive MMSE receiver acts as
a RAKE receiver [34], [35]. It can combine energy from
all multipath components of a user’s signal without the
extra complexity of separate synchronization and tracking
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Table 1 Assumed Knowledge for Multiuser and Adaptive Receiver Structures

stages for each multipath. Thus, the approach is very
flexible for the elimination of many forms of distortion
present in the received signal. The idea was suggested for
cross-coupled wire lines [5] for which decision feedback
equalizers (DFE’s) and linear equalizers were shown to
suppress cyclostationary interference. At the time, gen-
eralization to other applications was also suggested. As
interference in DS-CDMA is clearly cyclostationary (for
a stationary channel, and approximately so for a fading
channel with long coherence time), MMSE equalization
is ideally suited. The only knowledge required by the
receiver is a training sequence for the user of interest. As no
knowledge of other users is required, the MMSE receiver
can be considered asingle-user receiverstructure capable
of multiuser interference suppression. Reception can be
decentralized, which is an important practical advantage.
Synchronization is required to within approximately one
symbol interval, depending upon the receive filter time
span. The imposition of a training sequence implies some
system overhead, but it is likely that this would be incurred
by pilot tones, preamble or midamble sequences in an
approach utilizing channel estimation. Some authors [36]
have explored blind techniques to eliminate the training
sequence. This was proven feasible, given some constraints
on the degree of distortion introduced by the channel.
Furthermore, the technique has been shown to be effective
for the elimination of NBI [37], [38] while concurrently
suppressing MAI [39], [40].

The use of subchip sampled input is attractive, as this fur-
ther reduces the synchronization requirements. In analogy
with the fractionally spaced equalizer, the sampling instants
within each chip interval are no longer critical. Increased
quantity of taps in the filter implies increased complexity
and potentially impaired convergence speed [41]. In addi-
tion, there is the possibility of poorly constrained coefficient

adaption, though this may be overcome using a tap-leakage
algorithm [42].

Each receiver structure considered in this paper requires
different knowledge about the user of interest and the
interfering users. This is summarized in Table 1.

Section II will define a mathematical framework for the
system description. Common performance measures for
multiuser CDMA receivers will be defined in Section III.
The measures for the conventional CDMA receiver and
the optimal receiver will be given to facilitate compari-
son with other structures. The generic linear receiver will
be described in Section IV. The MMSE receiver will be
described in Section V, including a catalog of adaptive
techniques that may be used to realize this important
class of receiver. Blind algorithms are considered in this
section. Adaptive decorrelating receivers are treated in
Section VI. Adaptive forms of multistage and successive in-
terference cancellation are discussed in Section VII. Some
comparisons will be made based upon numerical studies in
Section VIII before conclusions are drawn.

II. SYSTEM MODEL

A discrete baseband equivalent DS-CDMA signal model
is used. A stationary channel and chip-matched filtering are
assumed. The standard baseband model for a set of asyn-
chronous DS-CDMA transmitters over stationary distorting
channels is shown in Fig. 1. The equivalent form of Fig. 2
is more general and leads to easier analysis. The vector of
samples at the output of the chip-matched filter that are used
to detect theith transmitted symbol can be written [13]

r(i) =
LX

j=1

p
Ejbj(i)pj + n(i) (1)
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Fig. 1. DS-CDMA transmitter and channel. Equivalent baseband
representation. For a synchronous system, all time offsets�i are
equal. Vectorshi represent channel impulse responses.

Fig. 2. Generic baseband representation of DS-CDMA system
with symbolsfbig spread by vectorsfpig. One or more of the
symbol estimates^bi may be formed.

wherer(i) 2 <M , <M is theM -dimensional real number
field, andM is the receive filter length. Since the MMSE
filter is time invariant, the dependence on symbol intervali

will be omitted. Attention is limited to a finite observation
time, though optimal detection would in general require
an infinite observation interval.fpjg is the set of unit-
energy vectors which are modulated by the users’ data
symbolsfbjg 2 f�1; 1g. The restriction to binary phase
shift keying (BPSK) implied by the last statement is not
a necessity, though it simplifies analysis. For higher level
quadrature modulation,r can be defined overCM , the
complex number field. The scalarEj is the received energy
corresponding to symbolbj. This baseband model is general
enough to facilitate analysis of both synchronous and
asynchronous DS-CDMA systems over ideal and linear
time-invariant channels. An asynchronous system can be
treated as a synchronous system with additional users.
Note that the effects of channel distortion, pulse shaping,
sampling instant, and phase rotation can be included in the
definition of vectorspj. Vector n 2 <M comprises noise
samples.L is the number of bits contributing to the received
signal in the time interval of interest.

For synchronous CDMA in an AWGN channel with a
receiver filter spanning exactly one symbol, thepj represent
the baseband-sampled received spreading codes, andL =
K the number of active users. Hence, for coherent reception
over an AWGN channel

pj = sj (2)

the normalized spreading sequence used for the transmis-
sion of symbolbj.

Fig. 3. Conventional asynchronous DS-CDMA receiver bank.
Equivalent discrete baseband representation. For a synchronous
system, all time offsets�i are equal.

Define matrices

P = [p1p2 � � � pK] (3)

E = diag(E1; E2; � � � ; EK) (4)

and the vector of symbols transmitted during the time
interval of interest

b = (b1b2 � � � bK)T : (5)

Hence, the received signal can be written

r = P
p
Eb+ n: (6)

The output of a bank of synchronized MF’s, in the con-
ventional receiver of Fig. 3, is a vector ofK components
given by

y =PHr (7)

=H
p
Eb+ ~n (8)

where ~n is a vector of colored noise samples. The Her-
mitian transpose operator2 is denoted(. )H . Matrix H

comprises the normalized spreading sequence auto and
cross-correlation values

H = PHP: (9)

Similarly, define

G =
p
EH

p
E (10)

as the matrix of unnormalized sequence correlations.
The conventional detector makes decisions

b̂ = sgn(y): (11)

Many multiuser receiver structures usey as an input to
subsequent signal-processing stages. Verd´u showed thaty
formed a sufficient statistic for optimal detection [3].

If a receiver was designed to spanM symbols, then the
number of bits affecting the received signal at any given
time is L = MK. For example, withM = 3, the matrix
of data spreading vectors is

P =

2
4
s1 s2 � � � sK 0 � � � 0 0 � � � 0

0 0 � � � 0 s1 � � � sK 0 � � � 0

0 0 � � � 0 0 � � � 0 s1 � � � sk

3
5 (12)

and

E = diag(E1; E2; � � � ; EK ; E1; � � � ; EK;
E1; � � � ; EK) (13)

2Complex conjugate transposeAH = (A�)T .
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b =(b1;�1b2;�1; � � � ; bK;�1; b1;0; � � � ; bK; 0;

b1;1; � � � ; bK;1) (14)

wherebk; i represents the bit from userk with relative time
offset i. 0 is a zero vector with the same length assi. The
general vector representation of (6) still applies.

In practice, spanning multiple symbol intervals would
only be of benefit to control ISI. In that case, thesi should
be substituted by the vector representations of the channel-
distorted spreading sequences. We will still refer topi as
the spreading vectors to indicate that an equivalent system
as in Fig. 2 could be constructed using these sequences in
the transmitters with transmission occurring over a simple
AWGN channel. Hence

pi = si � hi (15)

where the� operator represents convolution andhi is a
discrete baseband representation of the channel response
for symbol i.

In an asynchronous DS-CDMA system, each interfering
user may contribute interference from multiple bits, so
that L > K. In an AWGN channel,L � 2K � 1 if the
receiver filter is chosen to span one symbol and is perfectly
synchronized to the symbol from the user of interest.

For the asynchronous case, a matrixP similar to (12) can
be defined, except that the structure will not be as regular.
For example, a two-user system with a spreading gain of
seven and with the second user offset by three chips relative
to the first may have

PT =

2
4s11 s12 s13 s14 s15 s16 s17
s24 s25 s26 s27 0 0 0
0 0 0 0 s21 s22 s23

3
5 (16)

where skj are the elements of the spreading sequence
for user k after appropriate scaling to ensure thatpk
are unit energy vectors.3 Received signal and MF output
representations (1), (6), and (8) still apply.

It will be assumed throughout that it is required to form
an estimatêb1 of b1. A single-user linear CDMA receiver
can form this estimate via

b̂1 = sgn
�
cHr

�
(17)

wherec is a vector of filter coefficients. The conventional
CDMA receiver setsc equal to the spreading code. The
decorrelating receiver selectsc to eliminate multiple-access
interference, and the MMSE receiver selectsc to minimize
the total mean squared error.

Let Q = PEPH . Then the covariance matrix of the
received vector is

R =E
�
rrH

�
(18)

=
LX
l=1

Elplp
H
l + �2nIM (19)

=Q+ �2nIM (20)

3In practice, carriers would not be coherent, so the effect of carrier
phase would have to be applied to each spreading vector.

where �2n is the noise variance in the sampled received
signal andIM is the M � M identity matrix. Indepen-
dent data symbols have been assumed. Note that due to
the cyclostationary character of the received signal,R

is Hermitian, but it isnot Toeplitz. This has important
implications when considering fast adaptive algorithms to
process the received signal. Many such algorithms rely
upon the unit time-shifting property of the received signal
manifested by a Toeplitz correlation matrix. That is, they
depend upon the stationarity of the signal statistics. A DS-
CDMA signal is cyclostationary in character. If the receiver
is designed to spanM symbol periods, then the correlation
matrix will be block Toeplitz [43], i.e.,

R =

2
664

R(0) R(1) � � � R(M� 1)
R(1)H R(0) � � � R(M� 2)

...
. . .

...
R(M� 1)H R(M� 2)H � � � R(0)

3
775

(21)
whereR(j) are square Hermitian matrices of size equal to
the number of samples per symbol.

III. PERFORMANCE MEASURES

To compare the various forms of CDMA receivers, three
important performance measures will be defined.

A. Asymptotic Efficiency

Asymptotic efficiency is a measure of the influence
interfering users have on the bit error rate (BER) of the
user of interest. A single user with energyEk on an AWGN
channel using BPSK modulation with noise variance�2 has
a probability of bit error

PkSU = Q

 r
Ek

�2

!
(22)

whereQ(x) = 1=(
p
2�)

R
1

x
e�u

2=2 du, the unit Gaussian
tail probability.

With interfering users, the probability of error may in-
crease. Define theeffective energyek(�) as the energy that
would be required for a single user in AWGN to achieve
the BER that is observed in the presence of other users.
Thus, the efficiency is given by the ratio of the energy
required in the single-user system to the energy required in
the multiple-user system for the same BER performance

�k(�) =
ek(�)

Ek
: (23)

The asymptotic efficiency is defined as the limit in the high
signal-to-noise-ratio (SNR) region

�k = lim
�!0

ek(�)

Ek
: (24)

�k lies between zero and one, with a value of one indicating
that the user of interest is not affected at all by the presence
of other users.
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The asymptotic efficiency of a synchronous DS-CDMA
system with a conventional receiver is [1]

�k = max2

8<
:0; 1�

X
j 6=k

r
Ej

Ek
jHjkj

9=
; (25)

whereHjk is the element from matrixH representing the
normalized cross correlation between spreading vectors for
bits j andk. The asymptotic efficiency of Verd´u’s optimal
multiuser receiver is given by [1]

�k =
d2k;minp
Ek

(26)

wheredk;min is half of the minimum energy of the differ-
ence between two modulated signals that differ in the bit for
userk (with the other bits unconstrained). For a two-user
system, this becomes

�1 = min

(
1; 1 +

E2

E1

� 2jH12j
r

E2

E1

)
: (27)

B. Near–Far Resistance

The near–far resistance quantifies the robustness against
unequal user powers. Power inequality can cause a near–far
effect whereby a weak user is swamped by interference
from a strong user. The near–far resistance is defined as the
worst case asymptotic efficiency measured over all relative
user energies

�k = inf
Ej>0

j 6=k

�k: (28)

The near–far resistance of the conventional receiver in a
synchronous channel is

�k =
n
1 if Hjk = 0; j 6= k

0 otherwise.
(29)

That is, the conventional receiver is not near–far resistant
unless the spreading sequences are orthogonal. This is
intuitive, as with finite cross correlation between sequences,
the response due to an interferer in the correlator of the user
of interest may be made arbitrarily large by increasing the
interferer power.

The near–far resistance of the optimum multiuser receiver
is

�k =

8>><
>>:

1

H+
kk

if kth user signal is independent

0 if kth user signal is in subspace spanned
by other signals

(30)
whereH+ is the Moore–Penrose generalized inverse ofH

[9], equal to the inverse ifH is nonsingular. In the two-user
case

�k = 1�H2
12 (31)

implying that the receiver is near–far resistant unless the
spreading sequences are linearly dependent.

C. Probability of Bit Error

The ultimate goal in most communications systems is
to decrease the probability of bit error. For a conventional
synchronous system, the BER can be expressed

Pk = 21�K
X

b2f�1;1gK

bk=�1

Q

0
BB@
p
Ek �

X
j 6=k

p
EjHkjbj

�n

1
CCA:
(32)

There is no simple closed-form expression for the optimum
detector. Bounds on BER performance were given in [1]
and [3]. The simplest bound is the single-user bound.

IV. L INEAR RECEIVER

Many adaptive DS-CDMA detectors are based on the
linear multiuser receiver. The symbol decisions are made
using

b̂ = sgn(z) (33)

where

z = Ty (34)

y is the output from the matched filter bank andT is a
matrix representing a linear transformation. This is given
in a multiuser form. It is also possible to define a single
user form for userk

b̂k = sgn(zk) (35)

where

zk = tH
k
y (36)

= cHk r (37)

recognizing thaty is a linear transform of the input from
(8) and so the matched filtering and the transformT can be
combined. VectortH

k
is row k of matrix T. ck represents

the coefficients of an equivalent filter operating directly on
the received signal.

Selection ofT or ck is made by minimizing some cost
criterion. The minimization can be made over all users for
(34) or by just considering one user using (36).

The form given by (34) is convenient, as it can represent
many linear receivers, as follows.

1) T = IK : The conventional DS-CDMA receiver.

2) T = H�1: The decorrelating receiver, so that

b̂ = sgn(Ty) (38)

= sgn
�p

Eb+ P�1n
�
: (39)

It is clear that this detector has decoupled all users’
signals and is near–far resistant. The detector of [11]
is an adaptive approximation of this receiver.

3) T = (G + �2nIK)�1: The MMSE receiver that
minimizesE[(z�b)H(z�b)]. The MMSE receivers
proposed in [13], [28], and [31] are adaptive forms
of this receiver.
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4) The optimum linear multiuser receiver, described by
Lupas [9], whereT is chosen to maximize asymptotic
efficiency.

V. THE ADAPTIVE MMSE RECEIVER

The linear MMSE receiver defined by

T = (G+ �2nIK)�1 (40)

in the previous section would require knowledge ofG and
a bank of synchronized matched filters. Thus, it appears to
suffer the problem of large assumed knowledge in common
with many multiuser receivers. Repeated matrix inversions
would be necessary if the channel was nonstationary, so
the technique would also be computationally expensive.
The advantage of this receiver is that it can be well
approximated by an adaptive finite impulse response (FIR)
filter. Indeed, it can be treated exactly as an adaptive
equalization problem with an MSE criterion [44].

An important feature is that the MSE can be minimized
on a user-by-user basis, leading to

b̂k = sgn
�
cHk r

�
(41)

where

ck =(Q+ �2nI)
�1
p
Ekpk (42)

=P[(G+ �2nIK)�1]k (43)

where[. ]k represents the extraction of rowk from a matrix.
The form of (42) can be derived from straightforward
Weiner–Hopf theory [45], with

ck = R�1���k (44)

using the correlation matrixR from (20) and the cross-
correlation vector

���k =E[rb�k] (45)

=
p
Ekpk (46)

for independent noise and user data random processes.
Equation (43) comes from a combination of (40) and (8).
The equivalence of (42) and (43) can be shown using
Woodbury’s identity.4

The near–far resistance of the MMSE detector, for the
first user, is given by [13]5

� = 1� ���THI
�1��� (47)

4Woodbury’s identity(or thematrix inversion lemma[45]). For positive
definite square matricesA,B, andD related byA = B�1+CD�1CH ,
the inverse ofA is given byA�1 = B�BC(D+CHBC)�1CHB.

5A similar expression exists whenHI is singular [13].

whereHI is the matrix of correlations between interferers,
i.e.,H without the first row and column. Vector��� contains
the correlations between the first user and other users, i.e.,
the first column ofH without the first entry. The MMSE
receiver is near–far resistant provided the spreading vector
for the user of interest is not linearly dependent on other
spreading vectors.

An expression for the BER performance of the MMSE
receiver can be calculated. The filter output is

zk = t
H

k
H

p
Eb+ t

H

k
P
H
n (48)

with mean

zk = t
H

kH

p
Eb (49)

and variance

�2zk = �2nt
H
kHtk: (50)

To find the probability of error, it is necessary to sum
the Gaussian tail probability function over all possible data
vectors using the above expressions for mean and variance.
Thus, see (51) at the bottom of the page. This can be seen
as a specific instance of the expression given for the linear
receiver described by Lupas [9].

A simpler approximation can be derived by character-
izing the distribution for zk, conditioned onbk = 1.
Assuming the user data to be zero-mean, independently
distributed, and invoking the central limit theorem,zk may
be considered a Gaussian distributed random variable. The
mean filter output is given by

zk =E[zkjbk = 1] (52)

= cHk ���k (53)

= 1� Jmink : (54)

Jmin is the minimum MSE value for userk, given by

Jmink = 1����Hk R
�1���k: (55)

The variance of the filter output is

�2zk =E
�
(zk � zk)

2jbk = 1
�

(56)

= zk � z2k (57)

= Jmink (1� Jmink ): (58)

Hence, an approximation to the BER performance for the
ideal MMSE receiver of userk is

Pk � Q

 s
1� Jmink
Jmink

!
: (59)

Previous publications [31], [46] dealing with asyn-
chronous DS-CDMA systems have used a simpler Gaussian

Pk = 21�L
X

b2f�1; 1gL

bk=�1

Q

0
BBBBB@

p
Ektkk +

p
Ek

X
j 6=k

tkjHjk +
X
i6=k

p
Eibi

LX
j=1

tkjHji

q
�2nt

T
k
Htk

1
CCCCCA: (51)
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Fig. 4. Single-user adaptive MMSE receiver for userk based on a transversal FIR filter.

assumption, centered on thebk 2 f�1; 1g signal points,
giving

P 0

k � Q

 
1p
Jmink

!
: (60)

It is apparent from (54) that in low SNR cases, the
mean of the Gaussian distribution is significantly closer to
zero, and hence the BER is higher than given by (60). To
evaluate either bound, onlyJmink need be known. From
(20), (46), and (55), this requires knowledge of all spreading
sequences, powers, and the noise variance.

Decision feedback structures have been proposed for
adaptive MMSE receivers. Abdulrahman [29] described a
single-user decision feedback structure. This approach was
found to be no more effective than a feed-forward filter
in suppressing MAI [28], though it is of benefit to counter
ISI. Multiuser decision feedback is effective for suppression
of MAI, as analyzed by Klein [4] for a fixed filter with
optimum coefficients. Due to the causality constraint on the
feedback filter, only symbols from previously detected users
may be fed back, making the multiuser decision feedback
filter conceptually equivalent to successive interference
cancellation. Adaptive forms have been considered [35],
[47] and will be described in Section VII.

Rapajic [48] showed that the normalized MMSE receive
filter coefficients would make a better choice for spreading
sequence than the original sequence. Thus, an adaptive
transmitter–receiver structure was derived, in which the
transmit spreading sequences were adapted in concert with
the receiver filter coefficients. This leads to lower MAI and
was proven to give decreased MMSE. System capacity is
improved, as will be shown in Section VIII.

It is well known [45] that the MMSE filter can be approx-
imated adaptively by many algorithms. The application of
some of these algorithms will be described in the following
subsections.

A. Least Mean Squares (LMS)

The LMS algorithm approximates the method of steepest
descent. It operates by taking small steps on the quadratic
error performance surface in the direction of negative gradi-
ent. Instantaneous gradient estimates are used. Coefficient
updates follow

ĉk(n + 1) = ĉk(n)� �r
�
jek(n)j

2
�

(61)

= ĉk(n) + �E[rk(n)e
�

k(n)] (62)

� ĉk(n) + �rk(n)e
�

k
(n) (63)

where the indexn indicates the time epoch (and will be
omitted where no ambiguity arises). Assuming knowledge
of the bit to be detected, the error is defined by

ek(n) = bk(n) � zk(n): (64)

Scalar � is a step size, bounded by the conflicting re-
quirements of stable operation and acceptable convergence
speed.

Fig. 4 shows the structure of an adaptive MMSE CDMA
receiver for a single user, realized by direct processing of
the sampled received signal. This highlights that a major
advantage of the adaptive MMSE approach is simplicity.
Implementation may be by a simple tapped delay line filter
with appropriate tap update mechanism. Accurate synchro-
nization and multiuser processing stages are unnecessary.

The adaptive MMSE approach can similarly be applied
to a multiuser reception structure, as initially proposed
by Xie [12]. Fig. 5 illustrates one implementation of the
multiuser MMSE receiver whereby the matched filter bank
output is processed by a simple transversal adaptive FIR
filter. The multiuser approach has the disadvantage of added
complexity, with the requirement of a bank of synchronized
correlators. An advantage is that a shorter filter may be
used to process the output of the fixed correlator bank.
This potentially delivers more rapid filter convergence
[41]. By vectorizing the filter coefficients, detection can be
centralized for all users, a useful attribute in a base-station
receiver.

The use of a finite, nonzero step size in the adaptive
algorithm implies that the coefficients wander, so there will
always be some filter misadjustment. The mean squared
error above the MMSE is termed excess mean squared error
Jex. The misadjustment is defined by [45]

M =
Jex(1)

Jmin
(65)

=
MX
i=1

��i=(2� ��i) (66)

whereJex(1) is the excess MSE after complete conver-
gence and�i are the eigenvalues of the autocorrelation
matrixR of sizeM by M . In a nonstationary environment,
tracking lag will also result in excess MSE.
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Fig. 5. Multiuser adaptive MMSE receiver for userk based on a transversal FIR.

For nonideal filter coefficients, the MSE at the receiver
output is given by

Jk = 1� c
H
k �������Hck + c

H
k Rc (67)

when the desired signal has unit variance [45]. Thus, using
(53)

zk;1 = 1� Jk � ���Hck + c
H
k Rc: (68)

If the misadjustment ofck is small so that

���Hck � c
H
k Rck (69)

then

zk;1 � 1� Jk: (70)

Likewise, the variance

�2z = c
H
k Rck � z�k;1zk;1 (71)

and so invoking (69)

�2z � Jk(1 � Jk): (72)

Thus, for small misadjustment, the BER of the adaptive
MMSE receiver can be written

Pk � Q

 r
1� J

J

!
: (73)

Related expressions were given in [13] and [30]. A
very good Gaussian fit to the conditional receiver output
probability distributions, using the means and variances
derived above, has been confirmed by extensive computer
simulations. In an environment with high noise or interfer-
ence, it is necessary to disable decision-directed operation;
otherwise, a reversal can occur in the filter output (the filter
trains to the opposite of the desired signal in the bipolar
case), and the conditional probability distributions no longer
fit the above parameters.

A variation of the LMS algorithm given in (63) is
the normalized (N)LMS algorithm, which is attractive in
practice. The step size is chosen by the algorithm to be
equal to the inverse of the instantaneous input signal power
[45]

� =
�

a+ kr(n)k2
(74)

where � is a constant, which can be used to adjust the
convergence speed, anda is a small constant to ensure
stability when the input signal energy is small. Nominally,
� is chosen equal to unity. This short-term average is
an approximation to the optimal step size for quickest
convergence.

The filter would normally require an initial training
period, during which the error signal used for the update
is generated as the difference between the FIR filter output
and a stored copy of the known transmitted sequence. After
training, the coefficients may be locked, be applicable for
a stationary environment, or continue to adapt and track
channel variations in a decision-directed manner. In that
phase of operation, the error is formed using

ek(n) = b̂k(n)� c
H
k
r: (75)

Occasionally, retraining may be necessary due to channel
perturbations, or changes such as users’ arriving or depart-
ing. The most significant problem with the adaptive LMS
form of the MMSE receiver is inadequate convergence
speed and tracking capability. Slow convergence implies
long overhead during training and retraining periods, during
which time no useful data may be sent. This is an active
area of research [30], [49]–[52].

The major influences on the convergence speed of the
LMS filter are the filter length [41] and the eigenvalue
spread of the input correlation matrix

� =
�max

�e�
(76)
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where �max is the maximum eigenvalue ofR and �e�
is the effective mean eigenvalue (allowing for fractionally
spaced structures, where insignificant eigenvalues need not
be considered [44]).

With large spreading gains, receive filters may become
very long. Various authors have proposed ways to over-
come this, included the cyclically shifted filter bank of
Madhow [13] and the dimensionality reduction schemes of
Ström [53]. Oppermann [54] considered parallel adaption of
multiple filters with differing step sizes and repeated filter
training over the same data. These measures were shown
to improve the stability, convergence speed, and tracking
ability of a system employing the LMS algorithm.

Rapajic [28] proposed a fractionally chip-spaced struc-
ture. This has the advantage of simplifying synchronization.
The sampling instant within chip periods is no longer im-
portant. A major disadvantage of this approach is increased
filter length, and thus increased complexity and potentially
slower convergence. The synchronization requirements of
the single-user MMSE receiver are regardless much less
stringent than most multiuser receivers, as only one user
needs to be synchronized and tracked, so the motivation to
use a fractionally spaced structure may be diminished.

The main benefits of the LMS algorithm are its simplicity
and its robustness to noise. The algorithm complexity is
O(M), where the “big O” notation is used to indicate that
the algorithm complexity is proportional toM , the length
of the tapped delay line. Considering the expression for
complexity in more detail, letM = Mp, whereM is the
symbol span of the filter andp is the number of samples
per symbol. The complexity can now be writtenO(Mp).

B. Recursive Least Squares

Application of the recursive least squares (RLS) al-
gorithm to the linear MMSE CDMA receiver has been
considered by numerous authors [31], [55], [56]. It min-
imizes the cost function based upon the sum of squares

JLS =
nX

i=1

�n�ije(i)j2 (77)

and typically provides much more rapid convergence than
the LMS algorithm. Furthermore, the convergence rate is
independent of the eigenvalue spread of the correlation
matrix.

A major impediment to using the RLS algorithm is
its computational complexity,O(M2p2). There have been
numerous “fast” RLS algorithms proposed [45], [57] for use
in system identification and equalization applications. These
algorithms are termed “fast” because in conventional appli-
cations they implement the RLS algorithm with much lower
complexity. As the receiver is grossly fractionally spaced
relative to the data symbols, these algorithms provide no
computational advantage [31], [49]. The fast algorithms
typically exploit the case when only a small amount of new
data is introduced into the receiver at each symbol interval,
which is clearly not the case for DS-CDMA, when each
new symbol is represented by many sample values. The

complexity becomesO(Mp3) [58], with p typically much
larger thanM.

It is well documented [45] that the standard RLS al-
gorithm is prone to numerical instability and divergence
problems. This is of particular concern in the DS-CDMA
system with low background noise, as the number of sig-
nificant eigenvalues of the correlation matrix can be much
less than the filter dimension. The insignificant eigenvalues
lie near the noise floor and so may cause the correlation
matrix to be ill conditioned [59].

Due to the quicker convergence of the RLS algorithm,
it would be attractive to believe that it could also be more
effective in tracking nonstationary channel conditions. It is
known [45], [60] that this is not necessarily the case. The
simpler, standard LMS algorithm may be just as effective,
depending upon the exact environment under consideration.
The tracking behavior of these algorithms will be compared
with an example later in this paper.

Yoshida [34] demonstrated improved performance in fast
flat fading channels by using differential coding of the
user data symbols. This reduces the adaptive algorithm’s
requirement to track the channel phase variations. The
error fed back to update the MMSE filter coefficients
is computed after the differential decoder, so that phase
changes significantly slower than the symbol rate do not
have to be tracked. The filter coefficients can thus adapt
more effectively to achieve interference cancellation. Honig
[52] proposed a differential least squares (DLS) algorithm
to cope with flat fading channels. A similar approach by
Zhu and Madhow [50] further relaxes the channel amplitude
tracking requirement. Systems with differential encoding
were shown by simulation to be much more effective in
tracking fading channels compared to the standard RLS
algorithm. Further investigations considering performance
over frequency-selective channels are anticipated.

C. Transform Domain LMS (TRLMS)

The potential problems with the RLS and standard LMS
algorithms motivate the search for alternative adaptive algo-
rithms for this application. The goal of TRLMS techniques
is to orthogonalize the receiver input signal, thus increasing
the LMS algorithm convergence speed [61]–[63].

A fixed transform, represented by matrixX, is applied
to the input signal

rn ! Xrn (78)

in an attempt to diagonalize the correlation matrixR

RX =XRXH (79)

� diag[�1; �1; � � � ; �M ] (80)

where�i are the eigenvalues ofR. The equality is exact
if X is the Karhunen–L̂oeve Transform. With an approxi-
mately diagonal correlation matrix, the LMS algorithm can
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use multiple, optimal step sizes, one for each filter tap

cn+1 = cn + �

2
664

�̂1 0 � � � 0
0 �̂2 0
...

. . .
...

0 0 � � � �̂M

3
775

�1

��nrn (81)

where �̂j is an estimate of the eigenvaluej of RX made
by a sliding average of the energy at filter tapj. This is
a form of the Newton–Gauss update algorithm [60], [63],
[64]. The convergence of the algorithm is now dictated by
eigenvalue spread of the matrix

diag[�̂1; � � � ; �̂M ]�1RX = R̂�1

X
RX (82)

� IM: (83)

Ideally, the eigenvalue spread is now unity, so convergence
can be expected to be much more rapid. The time constants
for each mode of convergence have been optimized.

The principle problem with using the TRLMS technique
is choosing a suitable fixed transform that will give sig-
nificant convergence improvement to justify the increased
complexity. This is especially the case on nonstationary
channels. Generic transforms such as the discrete Fourier
transform and discrete cosine transform can be considered
[61], [63], [65], though in practice, these have been found to
give little or no benefit for this application [66]. Addition-
ally, due to the fractional nature of the filter, the numerous
small eigenvalues can cause numerical divergence when
inverted in update (81). A mechanism to disable updates on
taps corresponding to such eigenvalues may be employed.
While preventing algorithm divergence, such an approach
may impair convergence speed.

Transforms can be used for dimensionality reduction.
The high dimensionality of the received signal and filter
may be a significant impairment to algorithm convergence
speed. Typically, there will be a large number of small
eigenvalues near the noise floor, indicating modes for which
convergence may be slow. Transform matrixX is selected
of sizeL �M , whereL < M is the reduced dimension.
Ström [53] derived conditions for the optimum transform.
It was shown that the transform was not unique. It requires
knowledge of all user spreading sequences and delays. By
using the Cram´er–Rao bound, it was shown that no decrease
in performance can be expected from using the optimum
dimensionality reduction [67]. In practice, the optimum
transform is complex to compute, so suboptimal approaches
have been proposed. Another approach is to project the
received vector onto a lower dimensional subspace spanned
by the eigenvectors of the received correlation matrix
corresponding to the largest eigenvalues. These correspond
to the principle, or highest power, components of the
received signal. This approach was shown to give superior
performance to the cyclically shifted filter bank of [13].

Lee [59] presented an adaptive orthogonalization tech-
nique based on the structure of Fig. 6. The coefficients are
derived from the Cholesky factorization of the correlation
matrix. The result is the set of backward prediction er-
rors that are well known to form an orthogonal set. Lee

demonstrated that with such prefiltering, convergence of an
LMS MMSE filter for CDMA was rendered insensitive to
eigenvalue spread.

D. Lattice Algorithms

Lattice preprocessing provides an adaptive way of re-
alizing the orthogonalization attempted by the TRLMS
technique, thus improving convergence of the final transver-
sal stage at a cost of having to adapt extra coefficients
within the lattice. A lattice with appropriate reflection
coefficients performs a Gram–Schmidt orthogonalization of
its input signal [45], [60], [68].

An adaptive lattice filter was employed by Jitsukawa and
Kohno [69], [70] with multiuser MMSE receivers. This was
extended to spatial and temporal filtering for DS-CDMA
[71], [72].

This approach promises to give improved convergence
speed with good numerical stability [73], [74]. The generic
structure of one form of the lattice receiver, a multichannel
joint process estimator, is given in Fig. 7. The function
of the lattice section, in the upper half of Fig. 7(a), is to
generate mutually orthogonal backward prediction errors
eb(m), which are used as inputs to a multiple regression
filter [45]. Due to its decorrelated input, good convergence
speed for the lower section of Fig. 7(a) can be achieved
even with a simple LMS update algorithm. The lattice
reflection coefficients arep � p matrices, wherep is the
number of channels, i.e., samples per symbol. The multiple
regression filter coefficients are vectors ofp elements.

The optimum values for the lattice reflection coefficients
can be computed using a multichannel form of the well-
known Levinson–Durbin algorithm [60], [68]. However,
this requires knowledge of the received signal’s autocor-
relation properties.

In practice, the correlation parameters are not known,
so the filter coefficients must be estimated adaptively.
Either an MSE or least squares (LS) cost criterion can be
used to derive such an algorithm. A multichannel gradient
adaptive lattice (GAL) algorithm using an MSE criterion
was proposed [73], as this should result in lower complexity
and similar performance to the LS approach. Updates can
be computed using an error feedback approach or by the
correlation quotient method. The latter method is concep-
tually easier, as updates of prediction error autocorrelations
and cross correlations are formed using weighted-sum aver-
aging, and a new estimate of the lattice coefficient is made
at each iteration by taking the quotient. Nevertheless, this
method is more prone to numerical difficulties [60], so an
asymmetric form of the error feedback form may be used.
Furthermore,a priori error values must be used to derive the
feedback during decision-directed operation, as the desired
response is unknown until after the filter has produced a
data estimate. The multichannel lattice algorithm described
has been shown to give good performance and numerical
qualities [73]. The corresponding cost is high computational
complexity ofO(Mp3).
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Fig. 6. Structure for adaptive Gram–Schmidt orthogonalization of received signal [59].

E. Blind Adaptive MMSE Receivers

A major impediment to the use of the adaptive MMSE
receiver is the requirement for a training sequence. This
implies extra coordination between the receiver and trans-
mitters as well as system overhead. Time is spent training
the receiver rather than sending useful data. Blind adaptive
techniques can eliminate the need for a training sequence
[75]. The method proposed by Honiget al. [36] requires the
receiver to know the spreading sequence and timing of the
user of interest. The adaptive receiver’s impulse response
is decomposed into two orthogonal components. For user
k, the vector representing the receive filter coefficients is

ck = sk + xk: (84)

The first component,sk, is the spreading sequence used
for userk and is nonadaptive. This provides an anchor for
the receive filter updates. The second component,xk, is
adaptive. Updates are constrained to be orthogonal to the
anchor vector. The optimization criterion is to minimize
output energy (MOE). It is shown that this converges to
the MMSE filter coefficients.

The above approach assumes that the spreading sequence
for the user of interest is known exactly at the receiver. In
practice, an estimatêsk of the actual received spreading
vector sk is used as a filter anchor. In the event of a
mismatch, as would be the case in the presence of channel
distortion, further constraints onxk must be imposed. The

receive filter’s excess energy, defined by� = kxkk2, must
be allowed to grow large enough to effectively cancel
interference, yet is bounded so as to prevent complete
cancellation in the direction ofsk. It is required that the
estimatêsk be closer to thesk than to the space spanned
by the interferers [36]. If this is not the case, no suitable
range for� can be found.

It was shown that the blind algorithm convergence was
quite noisy compared to a training-based approach. This
problem is more pronounced when mismatch betweensk

and ŝk is large. It was suggested that initial convergence
be accomplished via the blind, constrained MOE algorithm
[36]. This can be followed by a decision-directed MMSE al-
gorithm once the signal-to-interference ratio at the receiver
output has grown sufficiently large, implying that decision
errors are infrequent.

Madhow [76] has extended the idea to allow joint timing
acquisition and demodulation of DS-CDMA in a near–far
tolerant manner.

Wang [77] developed a blind multiuser receiver based
on projection of the received signal onto signal and noise
subspaces. The signal subspace is spanned by the user
signature sequences. The basis for the noise subspace
comprises the eigenvectors of the correlation matrix corre-
sponding to the eigenvalues equal to the noise variance. The
decorrelating and MMSE receive filter coefficients were
recast in terms of projections onto the signal subspace. As
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(a)

(b)

Fig. 7. Multichannel lattice receiver.

only the received signal correlation matrix and the desired
user’s spreading sequence are required, either receiver can
be determined in a blind manner. Subspace estimation
and tracking is simplified by using a recursive subspace
tracking algorithm. Total complexity is less than the MOE
algorithm [36]. Furthermore, the subspace algorithm was
shown to perform better under conditions of signature
mismatch. Only the component of the mismatch within
the signal subspace contributes to performance degradation.
An efficient algorithm for joint channel estimation and
multiuser detection for multipath channels was presented.

VI. A DAPTIVE DECORRELATING RECEIVER

The multiuser decorrelating receiver structure described
in [9] multiplies the output of a bank of unit-energy
normalized signature-matched filters by the inverse of the
signature cross-correlation matrix

b̂k = sgn(H�1y): (85)

The asymptotic efficiency and near–far resistance of the
decorrelator is given by

�
k
= �k

8>><
>>:

1

H+

kk

if kth user signal is independent

0 if kth user signal is in subspace
spanned by other signals.

(86)

Thus, the near–far resistance is identical to the optimal
multiuser receiver of Verd´u.

Chen [11] proposed the signal reconstruction filter of
Fig. 8 to realize the decorrelator adaptively. The approach
is to find the vector of coefficientsc, which multiply

the spreading sequences to form the best estimate of the
received signal. An AWGN channel is assumed. At the start
of each symbol interval, the filter coefficients are zeroed and
then updated once per sample interval. The optimum filter
coefficients at iterationn can be computed according to

c(n) = R�1(n)���(n) (87)

where, employing a least squares approach, the sampled
correlation matrix can be determined iteratively by

R(n) =
nX

m=1

�n�m[S]Hm[S]m (88)

and

���(n) =
nX

m=1

�n�mrm[S]
H

m
(89)

where � is a memory decay constant between zero and
unity. Setting � < 1 allows tracking of nonstationary
channels.

The final optimal filter values are

c(M ) =
p
Eb+R(M )�1� (90)

where � is a zero-mean Gaussian process and infinite
algorithm memory is assumed, in which caseR(M ) =
H. M samples per symbol have been used. Comparison
with (39) confirms that this is an adaptive form of the
decorrelating receiver.

Decisions are made according to the signs of the filter
taps at the end of the symbol period, i.e.,

b̂ = sgn[c(M )]: (91)
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Fig. 8. Adaptive decorrelator receiver for userk [11].

The mean ofc(M) is

c = E[c(M )] =
p
Eb: (92)

The variance of each coefficient is determined from the
diagonal elements of the covariance matrix

�2
c
=
�
�2c1�

2

c2
� � � �2cK

�H
(93)

=�2ndiag
�
H
�1
�

(94)

where� = S
H
n and the assumption of independent noise

samples has been used.
Thus, the probability of error for userk using the adaptive

decorrelator can be expressed

Pk = Q

�p
Ek

�ck

�
: (95)

The idea was further extended to multipath fading chan-
nels. In this case, the delays of each resolvable multipath
component must be found and the amplitudes estimated.
This problem was discussed in [23]. In effect, each multi-
path component is detected in a manner analogous to the
AWGN channel case. The size of vectorc is increased to

KX
k=1

Nk (96)

whereNk is the number of resolvable paths for userk.
The results from all the multipath components for each
user are combined as for a RAKE receiver. The approach
was demonstrated to be effective under the assumption
of accurate channel estimation. Complexity is increased
markedly as the number of multipaths increases. Each path
for each user entails a channel estimation problem as well
as a least squares adaption.

An alternative adaptive scheme was proposed by Myers
[78] to compute the coefficients of the decorrelating detec-
tor without the need for matrix inversions. The technique
was based on efficient calculation of a Gram–Schmidt
orthogonalization of all the spreading vectors.

VII. A DAPTIVE SUCCESSIVE INTERFERENCE

CANCELLATION

Multistage [18], [79] and successive interference cancel-
lation [19] rely upon making decisions about the interfering

bits and using this information to cancel interference from
the bit of interest. This may involve reconstruction of
the modulated interfering signal in order to subtract it
from the congregate signal. Adaptive algorithms may be
utilized to achieve this [16], [80]. Accurate estimations
of time offsets and powers must be made. Much of the
work published in this field concerns receivers with fixed
coefficients, calculated off-line, or those that only utilize
adaptive algorithms for channel estimation purposes. This
paper will not address these issues.

Alternatively, interference can be removed from the
output of a bank of matched filters without regeneration.
Siveski proposed an adaptive means of achieving this, as
shown in Fig. 9 [81]. A weighted sum of the estimated
interferer bits is subtracted from the matched filter out-
put corresponding to the user of interest. This forms the
decision variable

zk = yk �wT
k b̂ (97)

whereyk is the matched filter output for userk andwk
T =

[wk;1; � � � ; wk; k�1; 0; wk; k+1; � � � ; wk;K ] is a vector of
adaptive filter coefficients. The estimated interference bits
from the output of the decorrelator are represented by
b̂
T = [b̂1; � � � ; b̂K ]. The final decision is

^̂
bk = sgn(zk): (98)

A gradient algorithm is proposed to minimize the output
energyE[z2k]. It is important to note that elementwk; k
in wk is equal to zero, so the system is being driven to
cancel only the interference. This technique requires no
training sequence but does require much knowledge of all
the users on the system in order to implement the matched
filter bank and form the initial interference estimates in the
decorrelator.

Chen and Roy [11] proposed the adaptive decorrela-
tor described in Section VI. They also showed how the
decorrelator could be used in each stage of a successive
interference cancellation, or decision feedback, structure,
as shown in Fig. 10. The first-stage decorrelator is used to
estimate the bit for the highest power user. The modulated
signal for that user is then regenerated and subtracted from
the original received signal. The second-stage decorrelator
uses this signal to detect the next strongest user, whose
influence is then also subtracted from the congregate signal.
Successive cancellation continues in order of decreasing
user power until all users are detected. Significant per-
formance improvement was demonstrated over an AWGN
channel, assuming good synchronization and knowledge of
spreading sequences. With equal power users, performance
was close to the single-user bound. Robustness to poor
power control was also observed.

Baines [82] proposed a hybrid detector. It used an adap-
tive multistage receiver [83] to cancel intracell interference,
about which a reasonable knowledge of spreading se-
quences may be assumed. A blind MMSE approach was
used to cancel intercell interference for which the multistage
receiver has no knowledge and is thus unable to cancel. A
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Fig. 9. Adaptive interference cancellation scheme from [81].

Fig. 10. SIC using adaptive decorrelators at each stage [11].
Users are subscripted one toK from strongest to weakest.

significant improvement in receiver convergence speed was
demonstrated. Performance was uniformly better than either
of the constituent structures alone.

Another hybrid detector was proposed by Cruickshank
[84]. A MMSE filter was used to derive the first symbol
estimates in a parallel interference receiver. Significant
performance improvement was demonstrated compared to a
system with a matched filter bank to provide initial symbol
estimates.

The adaptive multiuser decision feedback receiver men-
tioned in Section V [47] is a form of successive interference
cancellation for synchronous CDMA systems. It does not
require regeneration of a CDMA modulated signal. It is
a development of the fixed structures discussed in [4] and
[85]. A block diagram is given in Fig. 11. Two matrix filters
F andB are used. The forward filter operates directly on
the received signal samples and outputs preliminary symbol
estimatesFr. It may be a fixed matched filter bank [85],
though an adaptive MMSE filter was proposed [47]. The
backward filterB is constrained to be lower diagonal. In
this way, it operates to successively cancel interference
due to already detected symbols. It was shown that in the
absence of error propagation, the minimum output MMSE

Fig. 11. Multiuser decision feedback receiver.B is constrained
to be strictly lower diagonal, so that the backward filter performs
interference cancellation.

can be written

Jmink(DF)
= 1� pH

k
R�1
U
pk (99)

where RU is the correlation matrix forr ignoring the
signal components from already detected users. This is very
similar to the expression for the linear MMSE receiver
given in (55), except that the backward filter has perfectly
cancelled interference due to already detected users. A
simple gradient approach for the filter coefficient updates
was proposed.

VIII. N UMERICAL RESULTS

This section will present results of numerical studies,
comparing the various forms of the MMSE receiver and
other adaptive receivers discussed above.

Fig. 12 shows the performance of the ideal MMSE,
decorrelating, and matched filter receivers for synchronous
systems using Gold sequences of length 31 with equal
power users. Results were derived both from theory and
through Monte Carlo simulations. The equivalence of the
single-user and multiuser form of the MMSE receiver is
confirmed by the close agreement between the Monte Carlo
simulation results. The step when the fourth user is added
is due to the relatively poor cross-correlation properties of
the second and fourth sequences.

The immunity of the multiuser receivers to the near–far
problem is illustrated in Fig. 13. System parameters are
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Fig. 12. Receiver performances withEb=No = 7 dB for each user. Average over all users. Equal
power users spread by Gold sequence of length 31. Lines represent theory and points represent
Monte Carlo simulation results.

identical to the previous example, except that the first user’s
power is increased by 20 dB. Fig. 13 shows that the error
performance of the weak users is much worse with the
matched filter receiver but not much affected by the stronger
interferer when a multiuser receiver is used.

Fig. 14 shows the output SNR of the ideal MMSE and
the conventional matched filter receivers as a function
of the number of users in the system and theEb=N0.
An asynchronous system using Gold sequences of length
31 and transmitting over an AWGN is considered. The
conventional receiver is clearly interference limited, as
observed by the rapid performance degradation as the users
are added. The MMSE receiver is noise limited until the
user population reaches a certain value, termed the critical
number of users (CNU) [28]. At that point, the MMSE
filter is not able to suppress additional interference effec-
tively. The improved performance of an ideal combined
adaptive transmitter/receiver system [48] is also illustrated
in Fig. 14.

Fig. 15 shows the effect of using an adaptive approxi-
mation to the MMSE filter with a finite training interval.
An asynchronous system with a spreading factor of 31 was
investigated. A stationary ISI channel with chip-sampled
impulse response

h = [0:25 1:00 0:25] (100)

is assumed. To present results independent of packet size,
receive filter coefficients were fixed at the conclusion of
the training interval. In practice, decision-directed oper-
ation would permit further reduction in MSE. The slow
convergence of the NLMS algorithm is evident by its poor

performance with a short training length. Thus, it can only
support a reduced number of users. The RLS algorithm
performs the best of the three proposed algorithms with
short training lengths, especially when the noise level
is low. When the training length is increased, the GAL
and RLS algorithms perform very similarly. In all cases,
the performance is more dependent upon the level of
interference than the ideal MMSE receiver.

MSE convergence profiles are given in Fig. 16 for a
system with spreading ratio of 31, three active transmitters
of unit power, and thermal noise variance of 10�3 over the
spread bandwidth. The ISI channel of (100) is assumed.
Three forms of adaptive algorithm are used to approximate
the MMSE receiver. The performance of the fixed, optimum
MMSE receiver is given for comparison. Each receiver
spans three input symbols. It is apparent that the initial
convergence speed of the GAL algorithm is better than
the NLMS algorithm. Satisfactory MSE convergence is
observed in around 30 iterations, compared to about 70 for
the NLMS. The RLS algorithm converges more quickly but
is prone to numerical problems, as can be seen by the di-
vergence at around 100 symbols. This can be controlled, to
some extent, by varying the initialization condition and the
LS decay constant used in the algorithm. These parameters
affect the conditioning of the correlation matrix, especially
during the initial convergence period. The tradeoffs may
be decreased initial convergence rate and reduced tracking
capability in nonstationary channels.

An important limitation of the LMS-based algorithms is
their ability to track nonstationary channels. A system was
simulated with the four-path Rayleigh frequency-selective
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Fig. 13. Receiver performances in presence of near–far problem.Eb=No = 7 dB for all but the
first user. User 1 is 20 dB stronger. BER is averaged over all low power users. Gold sequences
of length 31.

Fig. 14. Receiver output SNR with increasing number of users.
Curves are parameterized byEb=N0 . The conventional MF re-
ceiver, optimal MMSE receiver [28], and adaptive MMSE trans-
mitter/receiver system [48] are considered.

fading channel model shown in Fig. 17. Each path was
characterized by a continuous Rayleigh-fading variable
generated using Jake’s model [86]. The data rate was set at
9600 BPSK symbols per second, an appropriate symbol rate
for mobile voice traffic. Fig. 18 shows MSE convergence
for a synchronous three-user system with a spreading gain
of seven. A maximum Doppler frequency of 10 Hz was
used. The NLMS algorithm displays difficulty in tracking
the fading environment, with MSE generally no better
than 10�2. The GAL and RLS algorithm convergence is
roughly 10 dB better, and these algorithms are much better

able to track the channel variations. Although the initial
RLS convergence is better than the GAL in this case,
tracking capability appears equivalent. Further experiments
have shown that increasing the fade rate to 50 Hz renders
system performance unsatisfactory when the data rate of
9600 bps is retained. Other authors have reported improved
performance in flat fading channels with faster fade rates
when differential coding is used [50], [52].

An alternative approach is to combine CDMA with time
division multiple access in order to increase the symbol
rate. Multiple users can share the spreading sequence by
time multiplexing. Each user must then transmit symbols
more rapidly, over a short burst of time. Thus, the relative
fade rate, defined as the ratio of the channel Doppler
frequency to the symbol rate, decreases. This parameter
is significant when considering the convergence speed of
adaptive algorithms rather than the absolute value of the
Doppler frequency. The channel appears to be almost
stationary over a larger number of symbols. This approach
was investigated in [56] and found to be effective in lifting
capacity of a terrestrial cellular mobile system.

These results have shown that the adaptive MMSE re-
ceiver is an effective means of increasing system capacity
and is suitable for use on stationary and slow fading
channels. Applicability to channels with faster fade rates is
an active research area. The theoretical BER expressions
given in Section V were based on convergence to the
optimum MMSE coefficient set. Thus, these expressions
form a lower bound on the expected performance of the
adaptive MMSE receiver. The bound becomes closer as
the adaptive algorithm training length increases.
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(a)

(b)

Fig. 15. Effect of finite training length and choice of algorithm for adaptive MMSE receiver.
Curves are parameterized byEb=N0 . (a) Short training length, 64 symbols. (b) Long training
length, 128 symbols.

Fig. 19 compares the BER performance of the ideal
matched filter receiver, the adaptive decorrelator [11], the
ideal linear MMSE receiver, and the multiuser decision
feedback MMSE receiver with fixed optimum coefficients.
A synchronous CDMA system supporting 25 users with
a spreading gain of 31 was considered. Results are av-
eraged over many runs using randomly generated binary
spreading sequences. The performance of the first user
in the multiuser decision feedback receiver matches the
linear MMSE receiver, as this user gains nothing from
decision feedback. The final user benefits from interference
cancellation of all other users. Almost all of the gain from
interference cancellation is achieved by the time the first
half of the users are detected. As sequences were chosen
at random, with no regard for correlation properties, the
decorrelator and matched filter receivers perform poorly.
The decorrelator delivers significantly worse performance

than the linear MMSE receiver due to noise enhancement
when the correlation properties of the spreading sequences
are poor. Under such high load conditions, the matched
filter fails to deliver satisfactory performance, highlighting
the motivation for multiuser reception to maximize capacity
of CDMA systems.

IX. CONCLUSION

The conventional matched filter DS-CDMA receiver of-
fers system capacity well below the channel capacity. In ad-
dition, such systems are near–far sensitive, requiring careful
power control and spreading sequence design. This has
motivated research into multiuser detection algorithms in
order to eliminate or reduce the interference between users.
Adaptive algorithms provide an attractive and feasible way
to implement many of the proposed multiuser receiver
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Fig. 16. MSE convergence profiles. Synchronous system with three users and spreading gain of 31.

Fig. 17. Four-path Rayleigh-fading channel model.

structures. The adaptive MMSE receiver is particularly
appealing, as it can be operated as a single-user receiver,
requiring no explicit knowledge of the interfering users, and
is capable of multiuser interference suppression. Reception
can be decentralized, which is often an important practical
advantage. The adaptive decorrelator may be attractive
for centralized applications where good knowledge of the
interferers may be attainable. Performance is impaired
slightly compared to the MMSE receiver due to noise
enhancement. Adaptive successive interference cancellation
could be considered where accurate information about the
most significant interferers in a system is available. The
decision feedback MMSE receiver combines the advantages
of the linear MMSE receiver with those of successive
interference cancellation and thus is particularly attractive.

Fig. 18. Convergence and tracking of adaptive receivers in
four-path, 10-Hz, Rayleigh-fading channel. Three users with
spreading gain of seven. Average over 20 independent runs.

The potential for significant improvement in communica-
tion systems capacity through the use of adaptive forms of
multiuser receivers has been demonstrated. The selection
and implementation of practical CDMA receivers is an
area for ongoing research. Outstanding issues include en-
suring adequate performance from the adaptive algorithm.
Increased convergence rates or improved performance of
blind algorithms are desirable to reduce system overheads.
Algorithm tracking capability should be improved to enable
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Fig. 19. Receiver BER comparisons. Twenty-five synchronous users with random spreading
sequences of length 31. AWGN channel.

operation in rapidly changing channel environments, typical
of wireless mobile communication systems. Accurate and
reliable system parameter estimation is required for effec-
tive and stable implementation of successive interference
cancellation and matched-filtering-based approaches. With
improved algorithm performance there is typically a cost in
increased computational complexity. These issues ensure
that adaptive multiuser receivers, and their implementation
in real-world environments, continue to be a dynamic and
interesting research field.
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