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Abstract— Linear multiuser detectors for fregency-
selective fading CDMA channels are examined within the con-
text of multidimensional adaptive filtering. A blind adaptive
multiuser detector, which can suppress multiple-access inter-
ference and achieve multipath diversity gain simultaneously, is
then proposed. A channel estimator (carrier recovery) for a
coherent diversity combining is also presented. The only in-
formation required by the proposed detector is the signature
and timing of the user of interest. It is shown that the pro-
posed detector outperforms the decorrelating solution and is
comparable to the minimum mean-squared-error solution even
though the later two require more information.

1. INTRODUCTION

The capacity of direct-sequence code-division multiple-
access (DS-CDMA) systems is primarily limited by the near-
far problem. This has motivated considerable effort to develop
near-far resistant multiuser detectors. In particular, for the re-
verse link (i.e., mobile-to-base), the optimal multiuser detector
[1] and various suboptimal multiuser detectors [2-4] were pro-
posed to jointly recover the user signals. These centralized
multiuser detectors require information about the signature
signals, timing, and sometimes received amplitudes of all ac-
tive users. For the forward link, however, often the informa-
tion of interfering users is not available at mobile units, which
precludes the use of centralized multiuser detectors. Recently,
attempts have been made to develop adaptive multiuser de-
tectors to eliminate the need for information about interfer-
ing users. A popular adaptive multiuser detector is the min-
imum mean-squared-error (MMSE) detector which minimizes
the mean-squared error (MSE) between the outputs of the de-
tector and the transmitted information data [5-6]. In [7], it
was shown that minimizing the output energy of a linear de-
tector under the constraint that the energy of the desired user
is maintained is equivalent to minimizing the MSE. A blind
adaptive detector, namely, the minimum mean-output-energy
(MOE) detector, was then derived to further eliminate the
need for training sequences. This blind adaptation mechanism
is of particular importance for fading channels where frequent
retraining is required by an adaptive detector.

In spite of considerable research effort on multiuser detec-
tion, little progress has been made on the development of
adaptive multiuser detectors for fading channels. In [g], the
MMSE multiuser detector was considered in a flat fading chan-
nel. Since the signal bandwidth in mobile radio and indoor
DS-CDMA channels is larger than the coherent bandwidth of
the channels, practical multiuser detection should also con-
sider frequency-selective fading channels. To combat multipath
fading, the RAKE receiver is employed in conventional DS-
CDMA systems. Like the conventional matched-filter receiver
(MFR) for additive white Gaussian noise (AGWN) channels,
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the RAKE receiver suffers from near-far effects in the presence
of multiple-access interference (MAI) [9].

Apparently, a possible way to obtain a near-far resistant di-
versity receiver for multipath channels is to employ a RAKE
structure where each finger is an MMSE adaptive filter in-
stead of a matched filter. As will be shown in the paper,
this MMSE solution requires information about the channel
coefficients which may not be available at the mobile receiver
even during the training period. Furthermore, minimizing the
MOE is not equivalent to minimizing the MSE and hence the
minimum MOE detector is not applicable. This observation
motivates us to develop a mew blind multiuser detector for
frequency-selective fading channels, which will be referred to
as the blind multipath (BM) detector. The proposed BM de-
tector consists of a bank of blind adaptive filters with each
adaptor anchored on a designated signal corresponding to a
resolvable path. The blind adaptors require only information
about the signature signal and timing of the desired user. Fol-
lowing each adaptor, a channel estimator is used to estimate
the channel coefficients. This channel estimator essentially re-
sembles the carrier recovery technique for the single-user sys-
tems proposed in [11], which was found to be more robust
than the conventional phase-locked loop. Having estimated the
channel coefficients, a diversity combiner can then be employed
to demodulate the data bits coherently and hence achieve fre-
quency diversity gain. The performance of the BM detector
is between those of the decorrelating detector and the MMSE
detector. Note however that either the decorrelating detec-
tor or the MMSE detector requires information that may not
be available in practice. Simulation results are included to
demonstrate the performance of the proposed detector.

II. SysTEM MODEL

Consider binary-phase-shift-keying (BPSK) transmission
through a frequency-selective multipath fading channel shared
by K users in a DS-CDMA system. Since a multiuser detec-
tor for synchronous systems can always be extended to asyn-
chronous systems [7], the system is assumed synchronous for
the sake of clarity of analysis. The channel for the kth user can
be modeled as a discrete wide-sense stationary uncorrelated
scattering (WSSUS) channel. Let the number of resolvable
paths be L = W * T, + 1, where W and T, with W > 1/
are the signal bandwidth and multipath spread, respectively.
The impulse response of the channel is given by

L

ex(r,t) = 3 era()olr — (1= 1)/W) ()

=1

where the channel coefficients ¢;»(t) are mutually uncorre-
lated, each of which is a complex-valued stationary random
process [11]. Assuming that the channel coefficients are con-
stant during one transmission interval, a channel coefficient



vector for the kth user at the nth transmission interval can
be defined as cx(n) = [ck,1(n) cr2(n) --- cr,1.(n)]T. Without
loss of generality, we assume that the desired user is user 1.
At the receiver, the received baseband signal during the nth
transmission interval of user 1 is of the form

K L
() = 3 Axbi(n)Y_cra(n)selt — (1 = 1)/W)+n(8) (2)

k=1 i=1

where A, br(n), sk(t) denote the amplitude, the nth bit, and
the normalized signature signal of user k, respectively, and n(t)
is complex AWGN of zero mean and power spectral density
No. In (2) we have neglected the intersymbol interference (ISI)
since the symbol duration T is usually much larger than Thn.
If we denote the critically sampled versions of sx(t), rn(t),
and n(t) by N-dimensional column vectors sx, r(n), and n,
respectively, then (2) can be expressed as

r(n) = A1b1(n)Sic1(n) + S2(n)b2(n) + n 3)

where

Sa2(n) = [S2¢z2(n) -+ Skex(n)]
= [A2b2(fl) e AKbK(n)]T

Sk 1s an N x L Toeplitz matrix whose first. column is s and
first row is [sk(1) O ---0], and n is a complex AWGN vector
of zero mean and covariance Nol.

I1I. LiNeaR DETECTION FOR MULTIPATH CHANNELS

In this section, we examine two popular linear multiuser
detectors, namely, the decorrelating detector and the MMSE
detector from a linear filtering point of view. A linear mul-
tiuser detector can be viewed as a linear time-dependent filter
followed by a sampler which samples the output of the filter
at ¢ = nT. For multipath channels, we treat each path signal
{c141(n)b1(n)} as a bit stream and employ an individual mul-
tiuser detector for its detection. Since the ISI can be ignored
in this case, the filter for the lth bit stream is an FIR filter of
length N. The coefficient vector of the filter, wi(n), can be
expressed as the sum of a vector in the space spanned by the
columns of S; and a vector orthogonal to the space, i.e.,

wi(n) = Siw(n) 4+ xi(n) (4)

subject to

where ui(n) is a complex weighting vector of length L, and
xi(n) is a complex steering vector of length N. From (3) and
(4), the output of the sampler at ¢ = nT" can then be expressed
as

wi (n)r = ui(n)Ryes(n)bi (n) + i’ (3)Raz(n)bz(n)
+ul (n)ST 0 + xF (r)S2(n)b2(n) + X (n)n (6)
where R; = STS; and Riz(n) = ST8,(n).

The decorrelating detector seeks to completely eliminate
MALI regardless of the presence of background noise. This so-
called zero-forcing (ZF) solution can be achieved if the equa-
tions

uf (mRaci(n) = ci(n)

ur’ () Raz(n) + x{ (n)S2(n) = 0
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are satisfied subject to the constraint in (5). If we introduce
the projection operator

P=I-8R;'sT (9)

which projects a vector onto the null space of ST, a solution
of (7} and (8) constrained by (5) can then be expressed as

w = Ri'e (10)
xi(n) = PS:(n)ATRE(n)RT e (11)

where
A1 = Rz ()RR (n) ~ Ro(n) ™ (12)

Ra(n) = §F(n)S,(n), and e, is the Ith coordinate vector. Note
that in (10), the time index n in wu;(r) is omitted since the
latter is constant over n. Clearly, in order to implement the
above decorrelating filter, knowledge of the signature signals
and the channel coefficients of all users is required. By (6), the
variance of the output noise is given by

Vi = Noel (R1 = Riz(n)Re(n) ' Riz(n)) 'er > No  (13)
which shows that the ZF solution is obtained at the cost of an
increase in noise power.

In contrast to the decorrelating detector, the MMSE de-
tector seeks to maximize the signal-to-interference-plus-noise
ratio (SINR). For the lth path, this is achieved by minimizing
the MSE

Efle11(n)by(n) ~ (x(n), wi(n))"] =
lere(m)I* ~ 2Re{Ele11(n) b1 (n){r(n), wi(n))]}

+E[I(x(n), wi(n)) ] (14)

where E is the expectation operation. Solving the above equa-
tion, the minimum MSE is found to be

ming \ _ Noferi(n)?
é‘l (n) = NO + cf](n)Azcl(n) (15)
where
Ds =R, + ng(n)[Rz(n) -+ NOI]“JR%(”) (16)

Unlike the MMSE detection for AWGN channels, the value
of the second term in the right-hand side of (14) depends on
wi(n). Hence, minimizing the MOE is not equivalent to min-
imizing the MSE and the minimum MOE detector is not ap-
plicable for multipath channels. )

IV. BM MULTIUSER DETECTION
A. Closed-Form Solution

In order to derive a linear multiuser detector which allows
blind adaptation, we make a compromise by fixing the weight-
ing vector u; as that given in (10) and optimizing x:(n) such
that the SINR at the output of the filter is maximized. By
doing so, a new detector named the BM detector is obtained.
Substituting (10) into (6), we have

Elc] 1(n)by (n){x(n), wi(n))] = 2lcii(n))? (17)

Hence, minimizing (14) subject to (5) and (10) is equivalent
to minimizing

El[{x(n), w2 (n))"] = E[l(x(n), R et +xi(n))]T]  (18)



The minimizer w;(n) of (18) can be obtained as
wi(n) = T(n)7'S1(STD(n)7!S1) e (19)

by using the Lagrange multipliers, where DI(n) =
E[r(n)r®(n)]. The MOE of the adaptive filter is then given
by

I

Mi(n) = E[i(x(n), %i(n))|’]

= e/ (STT(n)™'S1) e (20)

On comparing the BM detector with the decorrelating and the
MMSE detectors, we have the following propositions:

Proposition 1: The output SINR of the BM detector is lower
than or equal to the output SINR of the MMSE, but is higher
than the output signal-to-noise ratio (SNR) of the decorrelat-
ing detector.

Proof: The BM detector is obtained as a suboptimal so-
lution of (14) and hence its output SINR could not be higher
than that of the MMSE. At the output of the decorrelating
detector, only the variance of AWGN, which is given by (13),
needs to be considered since there is no MAI Substituting (17)
and (20) into (14), we obtain the MSE at the output of the
BM detector as

IR = Noel {R1 —Raz (n)[Ra(n) + NoI) 'R (r)} ler (21)

Comparing (13) with (21), we can see that the MSE at the
output of the BM detector is smaller than the average energy
of the output noise of the decorrelating detector. This proves
the proposition. | |

Proposition 2: Both the decorrelating detector and the BM
detector converge to the MMSE detector as the background
noise vanishes (No — 0).

We conclude this section with some comments on the im-
plementation of the BM detector. First, if the fading is suf-
ficiently slow, by (18) a blind MOE adaptor can be used to
adaptively search for the optimal filter coefficients. Further,
if the SINR at the output of the adaptor is sufficiently high,
a channel estimator can be employed to estimate the channel
coefficients adaptively. Using this estimated channel coeffi-
cients, a maximum-ratio combiner (MRC) can then be applied
to achieve the optimal diversity gain.

The structure of the BM detector is illustrated in Fig. 1.
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Fig. 1. Block diagram of the proposed blind multipath receiver.

B. Blind Adaptation

In order to obtain an adaptation rule, we extend the stochas-
tic gradient algorithm proposed in [7] to the problem at hand.
For the Ith path data, the adaptation rule can be obtained
from (18) as

zi(n) = wil(n - 1)r(n) (22)
wi(n) = wi(n — 1) — uPr(n)z/ (n) (23)

where p is the step-size parameter controlling the adaptation
speed and stability of the adaptive filter. Since w;(n) is not
equal to W;(n) in general, the MSE of the adaptor is no longer
given by (21).

In what follows, we examine the behavior of this blind adap-
tor. To simplify the analysis, assume that the channel is time
invariant. Thus, I'(n) and W;(n) are independent of n so that
we can drop the time index n in them. Defining the coefficient
error as

6[(71) = Wz(n) — Wy (24)
the MSE of the blind adaptor can be expressed as
Ji(n) = J™" + I (n) (25)

where
JEF(n) = ei(n)¥Tei(n) (26)

Since Pei(n) = ei(n), (26) leads to

E[Jf*(n)] = Eley(n)?PTPei(n)]

tr{PTPE[e:(n)" ei(n)]} (27)

where tr stands for the matrix trace. Now a coordinate ro-
tation operator Q¥ can be defined by means of taking the
singular value decomposition of PT'P, i.e,

PTP = QAQY (28)
where Q is unitary and A is a diagonal matrix whose diagonal

entries are the eigenvalues of PT'P. Defining the covariance
matrix of the rotated coefficient error as

Ki(n) = E[Q%ei(n)ei(n)Q) (29)

we obtain

E[J7*(n)] = tr[AKu(n)] (30)

It can be shown that

Ki(n+1) = Ki(n) + 4> Atr[AK (n)] — uKi(n)A
—pAK () + p* MiA (31)

Let di(n) be the ¢th diagonal entry of K;(n) and define
d(n) =[di(n) - dv(n)]" - (32)
Then (31) implies that
d(n) = Bd(n) + *M;A (33)

where

=~}
Il

I+ 2207 - 2uA (34)
A = diag A (35)



Since the difference equation (33) is exactly the same as that
for the conventional least-mean-square (LMS) algorithm, it fol-
lows from [12] that the adaptive filter described in (22) and
(23) is convergent in the mean square if and only if

0
<k< tr(A)

(36)

Notice that tr(A) is equal to tr(PI'P), which is the total energy
of the input signal at the null space of S¥. This result is clearly
different from that obtained in [7]. The steady-state excess
MSE can be derived as

ex J-“?Wl
= ——— 37
i (o) 2 — ptr(A) (7)
Let us now compare this blind adaptation algorithm to the
conventional decision-directed LMS algorithm. Recall that the
steady-state MSE of the LMS algorithm is given by
Q="+ & (38)
where £77 is the steady-state excess MSE of the LMS algorithm

which is given by

er __ L3

T2 T (T

When the user signature signals are nearly orthogonal as is
often encountered in practice, £ can be accurately approx-
imated by J™". Since M is usually much larger than J/™®,
by (37) and (39) the blind adaptation algorithm is noisier as
compared with the LMS algorithm. However, if 4 is small, the
values of & and J; will be dominated by the first terms in the
right-hand sides of (25) and (38), respectively, and their differ-
ence will be small. Notice that the results stated in (38) and
(39) for the LMS algorithm were obtained under the assump-
tion of perfect decision feedback. In practice, the performance
of the LMS algorithm can be even worse than that of the blind
adaptation algorithm due to the possibility of incorrect deci-
sion feedback. In summary, if the fading is slow such that a
small i is preferred, the blind adaptation algorithm can be
used throughout the data transmission; on the other hand, if
a large ¢ has'to be used, the adaptive filter should switch from
blind mode to decision-directed mode once the filter is close to
its steady state.

(39)

C. Channel Estimation and Diversity Reception

The use of a channel estimator is motivated by the potential
performance improvement of coherent combining as compared
to noncoherent combining. Since the output of the adaptive
filter can be fairly approximated as Gaussian [9], the tech-
niques used for channel estimation in single user systems can
also be used here. When the fading processes are Markov pro-
cesses, the optimal channel estimator is a Kalman filter. Under
the assumption that the fading process is wide-sense station-
ary, an MMSE estimator, which is asymptotically equivalent
to the Kalman filter; can be used for each path independently.
Let the autocorrelation function of the Ith fading process be
Rc(7). The coefficients of a pth-order MMSE estimator can be
derived as

a=(ATR. + JP D) A (40)

where R. is a p X p matrix with the (¢, j)th entry as

R.(4,7) = R(iT — 3T) (41)
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and v is a vector of length p whose ith entry is v; = R(~iT).
The channel coefficients at time n can then be estimated as

éru(n) = Zaiéu(n - p)

=1

(42)

where &1,1(n) = b,(n)zi(n) is the estimate of c1,1(n) by using
the decision feedback 51 (n). The MSE of this estimator is
given by

P = R.(0) — v¥a (43)

For the WSSUS model, the autocorrelation function of the
fading process is given by
1
Re(r) = S Ellc1,*1Jo(27 far) (44)
where fa is the Doppler shift and Jj is the zeroth-order Bessel
function of the first kind. The order of the estimator can
be determined by examining the singular values of the corre-
sponding R.. It was found that an order of 2 or 3 is usually
sufficient.
Having estimated the channel coefficients, an MRC can then
be applied, i.e.,
b1 (n) = sign[e¥ (n)Raz(n)] (45)
where z(n) = [27(n) -+ z5(n)]¥, and R, is the covariance
matrix of noise at the output of L adaptive filters and can be
estimated as diag[J7™™" ... JPnlL

V. NUMERICAL EXAMPLES

Extensive simulations have been conducted to study the be-
havior of the blind adaptation algorithm and evaluate the per-
formance of the proposed detector. In all simulations, there
were 9 interfering users, each had an energy 10 dB higher than
the energy of the desired user; the signature signals with arect-
angular chip waveform were selected from a family of 127-chip
Gold code, and the Rayleigh fading channel was simulated by
using the method proposed in [12].

As the first example, we compare the blind adaptation algo-
rithm with the conventional LMS algorithm for time-invariant
channels, Illustrated in Fig. 2 are learning curves for these
two algorithms. The learning curves for the LMS algorithm
were obtained under the assumption of perfect decision feed- -
back. Asis expected, the MSE of the LMS algorithm is always
smaller than that of the blind adaptation algorithm; the dif-
ference of their MSE’s is quite small when g is small (i.e.,
p/tr(T) < 0.1), and becomes significant when a large u is
used.

As the second example, we examine the performance of the
proposed detector. Differentially encoded signaling was used
in the simulation to eliminate the possible 180-degree phase
ambiguity. The bit-error rate versus SNR of the proposed de-
tector under two fading environments is shown in Fig. 3. In the
first fading environment, all users were assumed to be moving
at a speed of 96 km/hour which corresponds to a Doppler shift
of fa = 80 Hz; in the second fading environments, a speed of
20 km/hour (fa = 16 Hz) was assumed. In order to clarify
the effect of imperfect channel estimation, the performance of
the proposed detector under the assumption of perfect chan-
nel estimation is also presented. As expected, the BER of
the proposed detector is reduced as the user speed is reduced.
The effect of imperfect channel estimation is also clear from
the figure: Since the normalized variance of the channel es-
timation error will converge to the variance of the excitation



noise of the Markov channel model as SNR increases, an er-
ror floor is imposed on the performance of the detector. For
comparison, the performance of the MFR is also illustrated in
the figure. As can be seen from the figure, even though the
channel coefficients were assumed to be known to the MFR,
its performance is still poor and does not increase too much as
the SNR increases since the performance of the MFR is MAI
limited.
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VI. CONCLUSION

We have shown that for frequency-selective fading channels,
both the decorrelating detector and the MMSE detector re-
quire information that may not be available at the mobile re-
ceiver. Motivated by this observation, we have proposed a
new linear multiuser detector which requires only information
about the signature and timing of the desired user. This new
detector can be adapted blindly and its performance is com-
parable to those of the decorrelating detector and the MMSE
detector. A study of the output MSE and the stability condi-
tion of the blind adaptation rule has been conducted to clarify
several implementation issues. A robust channel estimator has
also been presented to achieve a coherent diversity combining.
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Fig. 3. BER of user 1 versus SNR in frequency-selective Rayleigh
fading channels, where “BM1” stands for the proposed detec-
tor with perfect channel estimation, and the SNR is defined as
A% x tr(EBlei(n)ef (n)])/No (fp = 80 Hz).
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