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ABSTRACT

We propose a receiver diversity based code-timing esti-
mator for DS-CDMA systems. The systems are assumed
to work in a flat fading and near-far environment, where
an arbitrary antenna array is used at the receiver of the
system to achieve the spatial diversity. The algorithm is
derived by modeling the known training sequence as the
desired signal and all other signals including the multiuser
interfering signals and the additive noise as unknown col-
ored Gaussian noise so that the knowledge of the number
of active users is not required. We show that by utiliz-
ing the information collected via multiple antenna sensors,
the length of the training sequences can be greatly reduced.
We also show that the algorithm is an asymptotic maximum
likelihood estimator. As a result, the mean-squared error
of the code-timing estimates obtained by the algorithm ap-
proaches the Cramér-Rao lower bound (CRB) as the length
of the training sequence increases. Moreover, the algorithm
does not require the search over a parameter space and the
code-timing is obtained by rooting a second-order polyno-
mial, which is computationally very efficient. Simulation
results show that the algorithm is quite robust against the
near-far problem and requires a much shorter training se-
quence than the existing estimators.

1. INTRODUCTION

The ability to achieve code synchronization in a near-far
DS-CDMA (direct-sequence code division multiple access)
environment has been determined to limit the capacity of
communication systems [1]. As a result, code-timing esti-
mation has received much attention in recent years. Several
estimators have been proposed in the literature [2]. How-
ever, all of these estimators are developed based on a single
antenna sensor. The problem of estimating the code-timing
of a desired user for a receiver diversity DS-CDMA system
that uses multiple antenna sensors at the receiver has not
been well studied. In [3], we have proposed a code-timing
estimation algorithm for receiver diversity DS-CDMA sys-
tems. The algorithm was developed by using the informa-
tion collected by an arbitrary antenna array consisting of
multiple antenna sensors and is referred to as MASE (Mul-
tiple Antenna Sensors based Estimator).

The MASE algorithm is designed for the system where
the number of antenna sensors is relatively small. Typically,
a few sensors are used for a system with 20 to 30 active
users. The performance of MASE cannot be significantly
improved by further increasing the number of antenna sen-
sors when, for fair comparisons with a single antenna based
methods, we assume that the noise variance is proportional

to the number of antenna sensors used in the receiver. In
this paper, we propose another code-timing estimator when
a relatively large number of antenna sensors is used in the
receiver. This new algorithm takes further advantage of
the spatial diversity and is referred to as REDIVE (RE-
ceiver DIVersity based Estimator). Both MASE and RE-
DIVE are asymptotic maximum likelihood estimators and
are derived by modeling the known training sequence as
the desired signal and all other signals as unknown colored
Gaussian noise. Also, both algorithms do not require the
search over the parameter space. The code-timing estimates
are obtained by rooting a second-order polynomial. How-
ever, the specifics of the data model used in REDIVE are
different form those in MASE. Simulation results show that
the amount of computations required by REDIVE is about
the same as that required by MASE. The length of train-
ing sequences required by REDIVE is significantly shorter
than that required by MASE, but at a cost of more antenna
Sensors.

2. PROBLEM FORMULATION

Consider an asynchronous BPSK (binary phase shift key-
ing) DS-CDMA system. The kth user transmits a signal of
the form

Tr(t) = \/ﬁgk(t) cos(wct—l—ék), (1)

where Py is the user’s transmitted power, w. is the car-
rier frequency, 9 is a random carrier phase uniformly dis-
tributed between 0 and 2=, and $x(t) = Zfz_ol dr(m)ér(t—
me) with M being the number of the data bits consid-
ered, T; denoting the data bit duration, di(m) € {-1,+1}
denoting the value of the mth data bit, and & (t) =

ZnN:_ol ck(n)Ilr, (t — nT.) being the spreading waveform in
which cx(n) € {-1,41}, N = T3/T., and I1,(¢) denoting
a unit rectangular pulse over the chip period [0, T¢).

We use an arbitrary antenna array consisting of L an-
tenna sensors at the receiver of the system. We consider
the case of flat fading, where for each user, the time-delay
differences due to multipath are negligible. For this case,
we model the signal received by the lth sensor as

K

B(t) = anie(t—m) +a(t), 1=1,2---,L (2)

k=1

where K is the number of users, a; is the fading coeffi-
cient, 7 is the propagation delay, and 7;(t) denotes the
channel noise. Given sufficient physical separation among
the constituent antennas, the fading coeflicients {a;x} can
be modeled as mutually independent random variables [4].



We assume that {az,;} are also independent of the random
carrier phase {ék} and the channel noise {7;(¢)}. In ad-
dition, we assume that the transmitter and receiver have
aligned their clocks to roughly within a bit interval. This
could be done, for example, on a side “signalling channel”,
where a call is initially set up. Hence, we consider only the
relative propagation delay, that is, 7 € [0 T3).

Assume that the receiver front-end consists of an IQ-
mixer followed by an integrate-and-dump filter with inte-
gration time 7.. The equivalent received complex sequence
of the Ith sensor, yi(7), is described as

K

. 1
yi(1) = Zal,k PkejekT/

k=1 € JE-1)Te

1T

§k(t—Tk)dt+nl(i), (3)

where 6, = 05 — WeTk, nl(z) denotes the noise term assumed
to be zero-mean complex white Gaussian with variance o2,
and a; % is the fading coefficient assumed to be zero-mean
complex Gaussian with variance o2.

Let 7 = pxTc+ 6k, wherep, € { 0, 1, ---, N—-11}
and & € [0,T¢). The integration in the right-hand side of
(3) is then given by

A 1 1Te
Tk(l) = T gk(t—Tk)dt
¢ J-1)T.

= (1—=6x/Tc)cn(i —miN — pr — 1)di(m1)
—|—(5k/Tc)Ck(l —maoN — pr — 2)dk(m2), (4)

where m1 and mo are integers such that 0 < ¢ — mi N —
pr—1<N—-Tand 0<s—maN —pr —2< N —1. Let

=[N =1) e(N=2) - e(0) ] (3)

and
ri(m) =[ re(mN + N) re(mN+1) T (6)

where (-)T denotes the transpose. We then have

re(m) =[ ai(re) az(m) Jza(m) = A(ri)zi(m), (7)

where
T
ze(m) = [ 57(m) 2P (m) ]
4 m 77— m)— m— T
2 [ di( )+;lk( 1) dx(m) ;lk( 1) ] , (8)
bk (px) bk (pr+1)
a1(Tk): [(I_T) J+1 +TJ+1 Cg, (9)
and
_ [ kY ye) o Ok y(mtn)
aQ(Tk) = 1 T J_1 =+ T J_1 Ck, (10)
with ;
(p) _ 0 N—p _
3P = [ i ] s =1, (11)

in which I, denotes the p x p identity matrix. Let

yi(m)=[ y(mN + N) w(mN+1) 17 (12)

and

n;(m) =[ ni(mN + N) m(mN+1) 17, (13)

Without loss of generality, assuming that the first user is
the desired user, we can rewrite (3) as

vi(m) =ai; Piel¥rpy (m) + ei(m), (14)

where
K

el(m) = aiuv/Pee’*ri(m) + ny(m) (15)

k=2
denotes the sum of the MAI and the additive noise. Let
Bi=aiiVPre’’t. (16)
We then have
yi(m) = BuA(r)s (m) + er(m),
The problem of interest herein is to estimate 7

from {{yl(m)}le}le assuming that {ci(n)}" ! and

n=0

1=1,2,---,L.  (17)

{di(m)}¥Z) are known. Since the integer p; has only N
possible values {0,1,---, N — 1}, which can be obtained by
trying these values one by one, the problem becomes to

estimate p 2 81/T. with p; being given.
3. THE REDIVE ALGORITHM

To utilize the receiver diversity, we arrange the output sam-
ples as follows:

yi(1) yi(2) yi (M)
Y = : : : , Lx(MN).

yi(1) yi(2) YL (M)
(18)
Let

Zi = z1(0) z:1(1) z1(M—-1) ], 2xM, (19)

and E be defined similarly to Y. We have
Y = fvec” {A(m1)Z:} + E, (20)
where § = [ [ B2 Bz 17 and vec(X) =
[ xI' x¥... x% )7 with {x,})_, being the columns of

matrix X. Let u=[1—p p]7. Then (20) can be written
as

Y = pu”X + E, (21)

where
J(ff)cl J(-|f711-l-1)c1 ’

X =
J(_pll)c1

J(p11+1)C1 (Z,: ®In). (22)

Note that for a given p;, X is completely known. Let y;, x;,
and e; denote the sth columns of Y, X, and E, respectively.
Then

yi:(ﬁuT)xi—l—ei, i=1,2,--,(NM), (23)

NM .

where {Xi}i=1 are known for a given p;. Due to the central
limit theorem, we assume that e; is independent of the de-
sired signal and is a circularly symmetric complex Gaussian

random vector with zero-mean and arbitrary covariance ma-
trix Q; that satisfies

E{eie]} = Q.6 (24)



where the unknown covariance matrix Qs models both ther-
mal noise and all other interference signals including MAT.
It follows that the log-likelihood function is proportional to:

-1 1H
{Q Nl Z — Cxi][y: — Cxi] } ,
(25)
Minimizing (25) with respect to Q. yields the ML estimate

Qs of Qs

Q. = NM Z —Cxi][y: — Cxi]™. (26)

Inserting Q. in (26) into (25), we note that the estimate c
of Cis determined by minimizing the following cost function

HH
Cy NM Z —Cxi]lyi—Cx]"|. (27
Let
. _ 1 H
=1
1 NM
=1
1 NM
Ry, = NM Z}H‘Yﬁ (30)

The matrix in the right-hand side of (27) can be described
as

>

= [c- RH Rm] R.. [C-RIR;]"
+R,, —RERIIR,,. (32)

Hence, the unstructured ML estimate of C, which does not
use the structure of C, is given by

C=RIR;. (33)

Using the C in (33), we obtain the unstructured estimate

QS of Qs:
Q. =R,, —-RERIR,,. (34)

Consider now the structure of C. The C; in (27) can be
rewritten as
¢i = |(C-C)Ra(C-C)F

A7(C - OR.(C- ©)F. (35)

Minimizing €1 in (35) with respect to the unknown parame-
ters in C requires a multidimensional search over the param-
eter space, which is computationally prohibitive. Hence,
instead of determining the exact ML estimates of the un-
known parameters, we determine the large sample approx-
imate ML estimates as follows. By neglecting the second-

and higher-order terms in the Taylor expansion of the gra-
dient of In(C1) with respect to the unknowns, we can show
that minimizing In(Cy) is asymptotically (for large N M)
equivalent to minimizing [5]

Cy =t [Raa(fu’ = C)7 QI (pu” - )] . (36)

Note that the number of known samples here is N M, which
is easily much larger than L for a moderate M when L is
about the same as N.
Let
L1
t=RZu=[m @ ], (37)

and
1

C=CRz2[& & . (38)
Then (36) can be written as
~ H ~, -]
¢: = (p-Cu/lal?) Jul Q" (5 - Cu/fall’)
- NH . .
_ ((:a) Q- (Cﬁ) /@ + constant,  (39)

where (-)* denotes the complex conjugate. The minimiza-
tion of C5 is achieved when

" P T uTReeu
and
TR AH A—1 AP
fi = argmax u R..C 95 SUSEL ) (41)
w u’R..u

which is obtained by rooting a second order polynomial.

4. CRB OF THE PARAMETER ESTIMATES
Let .
n=1[np ReT(B) Im”(B) |, (42)

where Re(X) and Im(X), respectively, denote the real and
imaginary part of X. The CRBs for the parameter esti-
mates of  can be written as

F%M F.s ]:FM/B -
CRB(n) = | 2Re Fos Fss  JFpp ,

—1F.s —1Fss  Fpp

(43)
where
Faw = { I ]M}ﬁHQfﬁ,MQ
e=1
NM T
FMﬁ = {i_l XlH |: _ul;« ]Xz
[ 87Qc' - pFQTYiL |, (45)
and
NM
Fgs = {ZXzHWt Xz}QZl (46)
e=1
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Figure 1. Probability of correct acquisition as a
function of M for K = 20 users, N = 31 chips/bit,
Ey/No = 10dB, and log-normally distributed inter-
fering powers with a mean 10 dB above the desired
signal and a standard deviation of 10 dB.

5. NUMERICAL EXAMPLES

It has been shown in [2] that among the correlator [6],
MMSE [7], MUSIC [8], and LSML [2], the performance of
the correlator is the worst. Of the other three approaches,
the MMSE estimator is the best when M is smaller than NV,
while when M is larger than N, LSML is the best. Since
we study the situation where M is small in this paper, we
only compare our estimator with MMSE.

Figure 1 shows the code acquisition probability for MASE
and REDIVE with different L along with the MMSE esti-
mator. It is seen that MMSE performs poorly. It is also
seen that REDIVE is significantly better than MASE. Yet
the average numbers of MATLAB flops required by RE-
DIVE with I = 20 and 30, respectively, are about 0.8 and
1.5 times as much as those required by MASE.

In Figure 2, the performance of the REDIVE algorithm
is compared with the MASE algorithm and the CRB as a
function of M. It is seen that as M increases, the per-
formance of the REDIVE algorithm approaches the CRB.
The RMSE (root mean-squared error) of REDIVE is much
smaller than that of MASE.

6. CONCLUSIONS

We have proposed a code-timing estimator for receiver di-
versity DS-CDMA systems. The systems are considered
working in a flat fading and near-far environment. The al-
gorithm has been derived by modeling the known training
sequence as the desired signal and all other signals includ-
ing the multiuser interfering signals and the additive noise
as unknown colored Gaussian noise so that the knowledge
of the number of active users is not required. We have
shown that by utilizing the information collected via multi-
ple antenna sensors, the length of training sequences can be
greatly reduced. The algorithm is an asymptotic maximum
likelihood estimator. As a result, the mean-squared error
of the code-timing estimates obtained by the algorithm ap-
proaches the Cramér-Rao lower bound as the length of the
training sequence increases. Moreover, the algorithm does
not require the search over a parameter space and the code-
timing is obtained by rooting a second-order polynomial,
which is computationally very efficient. Simulation results
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Figure 2. Comparison of RMSEs obtained by

MASE and REDIVE with those of the CRBs as
a function of M, when N = 31 chips/bit, K = 20
users, L = 30 antenna sensors, F,/No = 10dB, and
log-normally distributed interfering powers with a
mean 10 dB above the desired signal and a standard
deviation of 10 dB.

have shown that the algorithm is quite robust against the
near-far problem and requires a much shorter training se-
quence than the existing estimators.
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