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Abstract—We present herein a decoupled multiuser acquisition and need to be estimated in a practical system. In this paper, we
(DEMA) algorithm for code-timing estimation in asynchronous address the problem of code-timing estimation. Given accurate

code-division multiple-access (CDMA) communication systems. code-timing estimates, there is a wealth of good methods for
The DEMA estimator is an asymptotic (for large data samples) . . '

maximume-likelihood method that models the channel parameters estimating the other.parameters (see, e_.g_.: [5]._[8])'

as deterministic unknowns. By evoking the mild assumption A standard technique for code acquisition is the correlator

that the transmitted data bits for all users are independently [9]. It is well known that the correlator coincides with the op-
and identically distributed, we show that the multiuser timing timal maximum-likelihood (ML) method for a single user in
estimation problem that usually requires a search over a multi- the presence of white Gaussian noise but its performance de-
dimensional parameter space decouples into a set of noniterative - . . .

one-dimensional problems. Hence, the proposed algorithm is .g.rades drastlca!ly ina ngar—far multiuser environment. A moq-
computationally efficient. DEMA has the desired property that, ified correlator-like technique was developed based on the min-
in the absence of noise, it obtains th@xactparameter estimates imum mean-squared-error (MMSE) receiver [10]. The MMSE
even with finite number of data samples which can be heavily timing estimator attains better near—far resistance at the cost
correlated. Another important feature of DEMA is that it exploits o some increased complexity. An alternative near—far resistant

the structure of the receiver vectors and, therefore, is near—far . . . . .
resistant. Numerical examples are included to demonstrate and code-timing estimator is the MUSIC algorithm [11], [12], orig-

compare the performances of DEMA and a few other standard inally proposed by Schmidt [13] for direction-of-arrival estima-

code-timing estimators. tion in array processing. Unlike the other techniques discussed
Index Terms—Code-division multiaccess, delay estimation, max- hereln_, Fhe MUSIC algorithm iblind in the ge_r_lse that it needs
imum-likelihood estimation, multiuser channel estimation. no training for the purpose of code acquisition. However, the

MUSIC timing estimator is computationally involved and its
subscriber capacity is fairly restrictive. While most code-timing
estimators are formulated in the time domain, Zhangl. pro-
IRECT-SEQUENCE code-division multiple accesgposed afrequency domain based technique for code-timing esti-
(DS-CDMA) has been considered among the mostation[14]. The key idea therein is to design training sequences
promising multiplexing technologies for cellular telecommuthat are orthogonal in the frequency domain so that different
nication services. A drawback intrinsic to DS-CDMA systemgser signals, after being Fourier transformed, can be separated
is the so-called near—far problem, i.e., the signal from a distfrem one another. In[15] and [16], Chang and Chen investigated
desired user is likely to be overwhelmed by the strong signdhe issue of joint code-timing and carrier phase estimation for
from nearby interferers. Many near—far resistant receivedpsS-CDMA systems.
have been proposed (see, e.g., [1]-[4] and references thereinMotivated by the work in [17], another interesting
most of which assume the exact knowledge of one or sevegade-timing estimator, which is referred to as the large
parameters such as the code timing, received power, and cas@nple maximum-likelihood (LSML) algorithm, was recently
phase for each user. These parameters are typically unkndatnoduced in [18]. LSML is found to be able to accommodate
more users than most existing methods while maintaining a
good acquisition performance and timing estimation accuracy.
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for all users. Note that assuming the knowledge of the codec,(¢)  spreading waveform.
sequences does not introduce any restriction in the reverse fhly ,
(mobile to base) link since the base station assigns the codes to cn(t) = Z (1Lt — nTe) 3)
the mobile users when they enter the cell. The knowledge of the n=0
transmitted data bits for all users may appear restrictive at a fiigtwhich ¢} (n) € {+1}, N = 7} /7., andll(¢) denotes a unit
sight. Yet, this can be achieved by using a training sequenegtangular pulse over the chip perigd7,).
for each new user whose timing is to be determined, similarFor the case of flat-fading, the received signal can be written
to the MMSE or LSML timing estimator. For the remaininggs
users which are in the stage of normal transmission and whose X
timing should be known to the base station, we may assume /
that t%eir data bits can be reliably detected (through 'xle use of u(t) = Z ot = i) + () “)
error-correction coding) at the base station and the estimated
data bits can be used by the DEMA algorithm as if they wemherea), andr, denote the fading coefficient and, respectively,
the true transmitted data bits. (The case of imperfect knowledije propagation delay for tHeth usern(¢) denotes the channel
of the data bits is also investigated in Section IV.) As a resuibise, assumed to be zero-mean white Gaussian. Similar to other
of using such (perhaps readily available) information, DEMAXisting timing estimators that utilize training sequences [10],
is extremely near—far resistant and allows a system to be full8], [19], itis assumed that the receiver and the transmitter have
loaded with little performance degradation. aligned their clocks roughly to within a bit interval, i.e;, €

The DEMA algorithm is derived by taking all users into ac{0,7;),k = 1,2,..., K. This may be achieved, for example, by
count so that the structure of the received signal can be fullging a side signaling channel for call setup [20]. It should be
exploited. With the assumption that the transmitted bits for aibted that in a picocellular or a quasi-synchronous (QS) CDMA
users are independently and identically distributed (i.i.d.), waystem where it is guaranteed that the propagation delay will be
show that DEMA is a decoupled algorithm which obtains theithin one bit interval (see, e.g., [21] and references therein),
timing estimates for all users simultaneously and efficiently. Wesing a side channel for initial synchronization is unnecessary.
also show that the DEMA algorithm is asymptotically (for large The receiver front-end consists of an in-phase quadrature (1Q)
data samples) equivalent to the optimal ML method. In the almixer followed by an integrate-and-dump filter (IDF) (see, e.g.,
sence of noise, DEMA yields thexactparameter estimates with[11]) with integration timeZ; = 7./, where the intege? >
finite number of data bits which may or may not be correlatellis called the oversampling factor. The received complex se-
with one another. quence{y(l)}, can be expressed as (with double frequency

The remainder of this paper is organized as follows. In Se@rms ignored)
tion Il, we describe the data model and formulate the problem X Lo
under investigation. In Section Ill, we derive the DEMA algo- o 0 !
rithm. Section IV contains the numerical examples. Finally, the v(D) ;1 eV Pie T, /(ll)ﬂ sk(t = m)dt + n(l),
study is summarized in Section V. 1=0,1,... MNQ—1 )

k=1

II. DATA MODEL AND PROBLEM FORMULATION wheref;, = 8, — w.m, n(l) denotes the zero-mean complex
white Gaussian noise with variane€, anda; is the fading
oefficient, which is modeled as zero-mean complex Gaussian
ssuming the stationary Rayleigh fading channel model [20].
For any algorithm that involves using the IDF, the choice of
the oversampling fact@p should be made by a tradeoff between
zi(t) = V2Psk(t) cos (wet +63), k=1,2,.... K (1) algorithmic performance and computational complexity. When
Q = 1,i.e.,the IDF outputis sampled at the chip rate, an integra-
tion interval ofZ; = 7. in general contains components from
two adjacent chips for each user since the the received signal

The system under investigation is an asynchroniugser
DS-CDMA system using binary phase-shift keying (BPS
modulation. The transmitted signal for thtéh user has the form

where
P, kth user’s transmitted power;

We - carner frequency; _ o is chip-asynchronous. Averaging over adjacent chips attenuates
& _random carrier phase uniformly distributed over thg,q high frequency components of the spreading waveforms,
_ interval [0, 2). _ _ leading to a signal-to-noise ratio (SNR) loss. A simple calcula-
s(t) in (1) is the baseband signal of tii¢h user having the {jon shows that the worst-case loss in SNR for a particular user
form is 3 dB when the timing misalignment for that useris7,,
M1 and that an average loss in SNRLi&log,,(3/2) = 1.76 dB,
se(t) = Z dy(m)er(t — mTy) ) assuming that the delay is uniformly d.istributed between 0 and
o T, (also see [12, p. 1010]). The loss in SNR can be remedied
by using@ > 1 (see Section IV for a numerical example com-
where paring the performance of choosing differént However, the
M number of bits considered for code acquisition;  size of the received data grows proportionallycasncreases,
1, data bit interval, and so does the computational complexity of the algorithm (see,

di(m) mth transmitted data bit; e.g., Section IlI-C).
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Let the received vector during theth bit intervaly(m) be thatthe code sequences and the data bits for all users are known.

defined as Let
y(m) 1\~
Ruys(M) = — s(m)st(m). (18)
= (mMNQ+1) y(mNQ+2) ... ymNQ+NQ)I" A4Z;
c CNQXI (6) L .
We assume the limiting matriRg, defined by
where(-)T denotes the transpose, and the noise venten,) € R,, = lim Ry, (M) (19)
CNe>1 pe similarly formed from{n(1)}. Let M—o0
; exists. We further assume that the data bits for all user are i.i.d.
e =[a(0) () ... aNQ-1]Te{£p¥Or T
()

wherecy(n) = (1/T;) f(’ﬁlm ¢r(t)dt. Then, the received vec- R = Lx. (20)

tors {y(m)} can be written as [11], [12], [18]

K

Finally, itis assumed tha{m) andn(m ) are uncorrelated, i.e.,

y(m) = Z/JkAk(Tk)zk(m) + n(m), ] 1 ML -
= Jim 7 37 stopmlin) =0,
m=0,1,....M—1 (8) , m=0
with probability 1 (w.p. 1.) (22)
where
where(-)! denotes the Hermitian transpose.
Br = apy/ P’ (9)  The problem of interest is to estimate; }/_,, or equiva-
Ar(r) = [aD(m) a@(m)] €RYO<2 (10) lently, {ps, s Y1, , from the measuremenfs (m)} -1
and [ll. CODE-TIMING ESTIMATION ALGORITHMS
zi(m) = [de(m — 1) dp(m)]" € {F1}2<L. (11) We relate our derivation of the DEMA algorithm to that of

the LSML method to shed more light on the properties of the
Note thatz (0) is not defined sincé, (—1) is unknown. We can two timing estimators. To that end, we briefly discuss the LSML
arbitrarily choosel;.(—1) = 0 or discard the observation vectorestimator before introducing the DEMA algorithm. A computa-
y(0), which will have little effect on the the estimator to beional complexity analysis of the two algorithms is also included
derived in the sequel #/ is nottoo small. Let;, = (px+ux)Z;,  in this section.

wherep, € {0, 1, ..., NQ — 1} and0 < u; < 1. Then,
a’(r,) anda(?) (73, in (10) are given by A. LSML

1) NOX1 Even though LSML was not derived specifically for multiuser
a; (1) = [(1 — ) Pi(pr) + 1 Pi(pr + D] er €R code-timing estimation, it can be used to solve this problem by
12) estimating one user at a time. Without loss of generality, we as-
and sume that the first user is the desired user. Then, we can rewrite

al? (mi) = [(1 = ) Pa(pr) + 1 Pa(pr +1)] x € RN (8)as
(13) K
whereP; (p) andPs(p) denote theVQ x NQ shifting matrices ~ ¥(m) =B1A1(71)z1(m) + > _ BrAr(7i)zx(m) + n(m)
k=2
Pi(p) £ {8 Id Pa(p) £ |:INZ 8} - (19 = f1A1(r)z(m) + e(m). (22)
=P

In the above, the observation noise and MAI are lumped to-
gether into arunstructuredterm e(m). The LSML algorithm
is derived by modeling(m) as the circularly symmetric com-

Hereafter], denotes the x p identity matrix. To facilitate our
derivation, we rewrite (8) more compactly as

y(m) = Bs(m) + n(m) (15) Plex Gaussian noise with zero-mean and unknown covariance
matrix Q that satisfies
where -
: : 3 N@x2K Ble(mi)et(m,)] = Qb @3)
B=han) foha(m) ... PrAr()]l€C where E[] denotes the expectation operator &g denotes
(16) the Kronecker delta. The covariance matgxis estimated in
and an unstructured manner in [18] so that a whitening process is

evoked to suppress MAI. Obviously, this unstructured approach
s(m) = [2T(m) zF(m) ... zL(m)]" € {£1}**1.  also facilitates the suppression of cochannel narrow-band inter-
(17) ferences, which can be includeded(vn) and be suppressed. As
The derivation of the DEMA algorithm in Section Ill makessuch, the LSML algorithm allows some additional flexibility in
use of a few additional assumptions. Specifically, we assunt®e applications over other existing technigues. Note that (23)
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implies thate(m;) ande(m;) are uncorrelated far# j. How-
ever, due to the asynchronous natw@n) ande(m + 1) are
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The key idea of the DEMA algorithm involves exploiting
the structure ofRgs = Ipx. Observe thatRs(M) is a

usually correlated with each other. LSML ignores this correldl/+/ M )-consistent estimate dRss[22]. Likewise, by using
tion for the sake of yielding a simple estimator. The penalty the assumption that the data bits and the noise samples are
that the estimation accuracy in general degrades. (See [18]iftdependent of each other, it is readily shown fBais also a

more details of the LSML method.)

B. DEMA

DEMA is a better approach to the problem of interest, as

described next. By treatingas,, Py, 0k, 7% } i, as determin-
istic unknowns and observing thatm) is circularly symmetric
complex Gaussian with zero-mean aBdn(m;)nt(m;)} =

(1/+/M)-consistent estimate @. It follows that
tr {(B —B)Ry,(M)(B — E)H}
= {(B-B)RW(B-B)1} +0 (M%), (29)

The above equality indicates that to within a second-order
approximation, Rss (M) in (28) can be replaced bR

a2Ingé; ;, it is readily shown that the ML solution is equiva-without affecting the asymptotic performance of the parameter

lent to

min

§ { L
AL
(Gomdie, (M

~ Bs(m)]y(m) - Bs<m>1H} (24)

= arg

wheretr{-} denotes the trace operator. Let

M-1

> s(m)y™(m)

m=0

Ry (M) = 4 @5)

and Ryy (M) be similarly defined from{y(m)}¥Z} as
Rys (M) is from {s(m)}MZ}. Minimizing (24) with respect to

m=0 "
B gives
B = Ry, (M)RG! (M) (26)

where we have assumed tHRf ' (M) exists. Next, we rear-
range the cost function in (24) as follows:

Y

— tr{Ryy(M) — BRyy (M) — R} (M)BY

1 M-1
= 3" [y(m) = Bs(m)]iy(m) — Bs(m)|"

m=0

+ BRSS(M)BH}
_— {Ryy(M) - ERSS(M)EH}

Fir {(B ~ B)Rys(M)(B — 1§)H} . @27)

Since the first term of (27) is independen®fminimizing (27)
reduces to

min

{Br, Y, = arg tr {(B-B)Rus(M)(B-B)"}.
{,ﬁk,‘l'k}le

estimates. Hence, the solution given in (28) is asymptotically
(for large A1) equivalent to

min
{8},

tr {Rss(B BB - 1%)}

(30)
where we have made use of the identiyAB} = tr{BA}
for any matricesA andB of compatible dimensions. Let

B=[B, B, (1)

(B, fiHe, = arg

BK]'

The fact thatRgs = Isx decouples (30) into a series &f
minimization problems

{Bk,'?k} = arggl}g OrAp(m) — EkHj«“ , k=12... K
(32)
where|| - || denotes the Frobenius norm [23]. Let
ag (1) = vec[Ax(7)] € RFN@x! (33)
and
by = vec[By] € C2NVOX! (34)

wherevec[-] denotes the operation of stacking the columns of a
matrix on top of one another. Then, minimizing the cost function
in (32) with respect ta;, and /3 yields

~ |2
‘af(n)bk

71 = arg max 35
= A AT (ro)an(z) (35)
and
3 = % 36
Pk = AT Ran() 5

As a by-product, the amplitude and the carrier phase can be
estimated a3, | andarg(/3:), respectively, oncé, andj; are
obtained [see (9)].

The maximization of (35) is simple to perform. We first
rewrite (10) as

Au(n) = [a7(m) aP(n)] = [Flm FPm.] 37)

The exact ML estimates of the unknown parameters are obtained
by minimizing the cost function of (28), which in general reWhere

quires a search over 3 -dimensional parameter space (note
that 3, is complex-valued) and is computationally prohibitive.
In the following we derive the DEMA algorithm which coin-

cides asymptotically (for largé/) with the exact ML method,
but at a significantly reduced computational complexity.

F;cl) =[Pi(pr)er Pi(py + Deg] € {0,:|:1}NQ><2
(38)

F\Y = [Py(pi)ex Palpr + Dex] € {0, £1}VP
(39)
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TABLE |
SUMMARY OF THE DEMA ALGORITHM

Step 1:

1) Rey(M) = % 2%;(} s(m)yH(m).
2) Res(M) = & %;01 s(m)sT (m)

= O(KMNQ) flops
= O(K*?M) flops

3) Compute B = RE (M)RZH(M) by solving

RE,(M) = BRus(M).

= O(K?) + O(K2NQ) flops

Step 2: Fork=1:K
1) Form By, according to (31) and by, = [By). = 0 flops
2) Let Sk be a null set.
Forp,=0: NQ -1
a) Obtain Fy, by (41). = 0 flops
b) Uy, = R(FTbybFy) and Vy, = FIFy. = O(NQ) flops
¢) Compute the coefficients of the polynomials
N(pr, pr), D(pr, p), and R(px, pur,)
by (42) and (45). = 0(1) flops
d) Include R(pg,0) in Sg.
e) Find the zeros, uj, and p,, of S(pk, ),
according to (45). = O(1) flops
£) If 0 < gy, < 1,4=1 or 2, then include
R(pk, py,,) in Sk.
end
3) Choose 7 = (P + fur)T. which corresponds to the
largest element of Sy.
end

and
pp = [1— e ]’ € RP (40)
It follows that
FO .
ar(T) = [Fgg)} by, = Frpy,. (41)
Insertion of (41) into the cost function in (35) yields
Rip ) 2 NPro1ix) o pi €L oibl Eym, i Uspsy
7 D(px, p) ui (ETFy) py, i Vi,
(42)
where
Uy =R (FEBkBEFk) € R2x2 (43)
and
Vi = FL{F, € 722 (44)

cancel out). Consequently, for eagh, unj, can be conve-
niently found by rooting a second-order polynomial. Note
that R(py, ;1) is generally not differentiable at the boundary
pointst, = pT;, px = 0,1,..., NQ — 1. Hence,S(py, 1ix)
evaluated at these point may be local maxima as well. It is
therefore guaranteed that the global maximun® @y, 1) is
attained at one of the stationary or boundary points and can be
located by evaluating and compari§@ps, 1) at these points
one by one. A summary of the DEMA algorithm is given in
Table I.

Remark 1: It can be shown that the DEMA algorithm is an
asymptotic (for larger’) ML estimator and asymptotically
achieves the Cramér—Rao bound (CRB) [17], the best perfor-
mance bound of any unbiased estimator. Furthermore, DEMA
is SNR consistent in the sense that, in the absence of noise,
the DEMA estimates of the parameters apeactas long as
Rss(M) has full rank. In that event, DEMA obtains the true
values of the parameters even with a finite number of data bits
(M > 2K) which can be heavily correlated with one another.
This is seen by observing thBt in (26) approaches the trig

In the last equality of (42), we have used the fact thafatrix defined in (16) wher? — 0.

x'S(H)x =

0 for any real-valued vectox and any Her-

Remark 2: The sufficient condition to apply the DEMA al-

mitian matrix H of proper dimensions. The maximization ofgorithm is the existence &' (M ). A necessary condition for
R(py, ) is similar to that in [18], as briefed next. Giventhe existence oR}(M)is M > 2K. Note thatR., is a sum

ka{O,l,-.

-, NQ — 1}, R(px, 1i,) may be a local maximum of A/ rank-1 matrices and, therefore, rdl.(M)) < M. If

over the intervalp:Z;, (pr + 1)1;) only if 1 is a stationary A7 < 2K, then DEMA will not be able to yield valid parameter

point, i.e.,u} is a zero of the polynomial

ON (px, 1)

D, 1ix
oo 1) £ Dipn, ) — 9D, pr).

(45)

estimates. One solution is to use the Moore-Penrose pseudo-in-
verse [23] to comput®_! (M ). An alternative one is to replace

R (M) with Ix, whenM < 2K, sinceRs(M) is a con-
sistent estimate dR.s = I>x. It should be stressed that either
way theB in (26) is no longer an ML estimate. Additionally, re-

Both N (px, px) and D(ps, ;1) are second-order polynomialsplacingRss(M ) with I, implies that the knowledge of the in-
of p, and so isS(px, s ) (Observe that the third-order termsterfering users’ data bits is not used, and the so-obtained timing
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estimator is reduced to some correlator-type method. SpecifEML cost function (see (31) in [18]) and maximize it, as op-
cally, one can show that when the training bits for itle user posed to theé>(NQ) flops in obtaining and maximizing a sim-
are 1's, replacindRss (M) with I in the DEMA algorithm ilar cost function, theR(py, 1) in (42), in DEMA. In the mul-

leads to tiuser estimation case, this LSML cost function is determined
. T 2 and maximizedK N @@ times, which gives rise to another com-
[aé )(Tk):| [ﬁ SMo y(m)} ‘ putational load ofD( K N3@?) flops.

e e aj, (m)an (") (49)
which is similar to the sliding correlator in [11].

Remark 3: For the sake of presentational simplicity, we have |n this section, we compare DEMA with two other methods
assumed rectangular chip waveforms in the above derivationiHét all require a training process, namely the LSML and
is known that rectangular chip waveforms have infinite bangAMSE-RLS timing estimators. MMSE-RLS stands for the
width and hence are not feasible in practical systems. HOWHMSE timing estimator driven by the recursive least squares
ever, the DEMA algorithm can be extended in a straightforwa(®LS) algorithm, which was found to significantly outperform
manner along the lines of [24] to the case of band-limited wavgre MMSE estimator driven by the least mean squares (LMS)
forms. The resulting DEMA algorithm will still be decoupledalgorithm [18]. The correlator is not considered herein because
with respect to different users and, therefore, be computationadly its well-known poor performance in a near—far multiuser
more attractive than the exact ML algorithm. The optimizatiognvironment; nor is the MUSIC timing estimator. The reader is
of the modified DEMA cost function, however, will no longerreferred to [18] for a numerical study of the correlator, LSML,
consist of second-order polynomial rootings. Some nonlineMSE-RLS, and MUSIC algorithms.
optimization routine will have to be used in general. Each user is assigned a Gold sequenc&o& 31. In the
following, the timing estimate for one particular user is eval-
uated and compared, whose transmitted povgr,is scaled

In the following, we briefly discuss the computational comso thatP; = 1. The other users are given a random received
plexities of the DEMA and LSML algorithms. Complexity anal{power with a log-normal distribution. The power of each inter-
ysis of other methods, such as the MMSE and MUSIC timinfgring signal has a meahdB (to be specified) above the desired
estimators, can be found, for example, in [18]. user and a standard deviation of 10 dB, if8,/ P, = 108+/10,

We list the numbers of flops involved in each step of the = 2,...,K, where¢, ~ N(d,100). The additive noise
DEMA algorithm in Table I. It is seen from Table | that forn(¢) is white Gaussian with zero-mean and power spectral den-
the case where only one user’s timing is desired, DEMA reity of Ny/2. The variance of the noise samples (normalized
quiresO(K? + K?M + K?NQ + KM NQ) flops. In a sim- as indicated aboveh (1) in (5), is thuse2 = NQNy/Ep,
ilar manner, we can show that the number of flops requiredhereL; is the energy per bit for the first user. The timing off-
by the LSML algorithm in the single-user estimation case &ets{r; }_, and the carrier phasds } | are uniformly dis-
O(N3@Q® + MN?Q?). If we assume thalV. ~ M ~ K and tributed overl0,7;) and, respectivelyj0, 2r). The fading coef-

N > @, then DEMA and LSML will have similar compu- ficients{as }¥£_; are modeled as circularly symmetric complex
tational complexities. Yet in most cases of interest, LSML i&aussian random variables with zero-mean and unit variance.
usually more involved than DEMA because of their differenthe transmitted data bits for all users are equally likely to be
constant factors. For example, in a scenario wh€re= 31, +1 or—1 with the exception that the first user’s training bits for
M =50, K = 10, and@ = 1, simulation results indicate thatMMSE-RLS are all 1's. (Note that we choose the MMSE timing
the number of flops required by LSML is about 4.5 times thastimator with all 1's training sequence because of its simplicity.
by DEMA. The MMSE timing estimator can be modified to work with arbi-

However, the difference becomes more striking for the muirary training sequence. See, e.g., [25].) In what follows, the pri-
tiuser estimation case. K -user timing estimation by DEMA mary performance measure used is the probability of correct ac-
requires onlyO(K N2?Q?) flops in addition to those required for quisition, which is defined to be the eveft — 71| < 7../2. An-
the single-user estimation case. (Hence, estimating the timioilper performance measure used is the root mean squared error
for one orK users by DEMA essentially has the same order gRMSE) of the timing estimate given correct acquisition. The
computational complexity.) On the other hand, LSML in the curesults below are based on 500 Monte Carlo trials. The data bits
rent case require9( K N3@Q?) flops and, therefore, is an orderand the parametersr, 0., P, ax } for all users (with the ex-
of magnitude more involved than DEMA. To see this, recall thaeption that? = 1 and the previous exception for MMSE-RLS
LSML estimates one user at a time. It treats all users other thjast mentioned) are changed from one Monte Carlo run to an-
the desired one as “colored noise” whose covariance matrix, thi@er.

Q in (23), needs to be estimated. As su€his estimated and  Performance Versud/: Let K = 10,d = 10, Ey;1/no =

its inverse is computed” times, which leads to a computationall0 dB, the oversampling factoff = 1, and the number of
load of O(K N3(Q?) flops. (For numerical stability, it has beendata bitsM be varied from 5 to 100. All the other parameters

a common practice to calculate a matrix inverse implicitly bgre as described above. Note that no timing estimates can be
solving some linear equation instead of calculating it explicitijormed by LSML, whenM < N = 31, nor by DEMA, when

The two approaches, however, have similar computational com- < 2K = 20. For the latter case, we replace the singular
plexity.) Additionally, it takesO(N2Q?) flops to determine the Ry, by (1/2)I,x. Fig. 1 shows the probability of correct ac-

IV. NUMERICAL RESULTS

C. Computational Complexity
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N =31,M =100,Q = 1,andE, /N, = 10 dB.
exception thatd = 100 and K is varied from 2 to 30. The

quisition asiM changes. As one can see, DEMA gives the bestsults are shown in Fig. 3. It is seen that the performance of
acquisition performance whel > 25. For small), all es- DEMA remains relatively unchanged, as opposed to the signif-
timators degrade significantly, with MMSE-RLS being slightlyicant degradation of LSML and MMSE-RLS, &Sincreases.
better than the others. Performance Versuk,,, /Ny: Fig. 4 shows the probability of

Performance Versus Near—Far Ratid’he near—far ratio is correct acquisition a%;,, /Ny varies from—10 to 20 dB. The
defined as the ratio of the mean of the random powers of the other parameters are the same as those in the first example. We
terfering users to that of the desired user. The parameters arestbe that DEMA gives the best acquisition performance for all
same as in the previous example exceptifat 100, K = 20, values ofE,, /N, considered.
and the near—far ratio (defined dsn decibels) is varied from RMSE, CRB, and BiasWe now compare the RMSE of the
10 to 30 dB. As seen in Fig. 2, the near—far problem appediming estimates with the CRB. The CRB for the timing esti-
to have little effect on DEMA, whereas the performances afiation problem is derived in the Appendix. Since the CRB is
the other two, especially MMSE-RLS, degrade rapidly as tlefunction of{r, 81, Px, ax } and the data bits for all users, all
near—far ratio increases. these quantities are fixed in the Monte Carlo simulation in this

Performance Versuk': In this example we investigate theexample (i.e., only the additive noise is varied). Fig. 5(a) shows
performance of the estimators as the number of usevaries. the RMSE of DEMA and LSML, and the CRB &4 varies. We
The parameters are similar to those in the first example with thensider two cases, corresponding to the oversampling factor
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formance bound for unbiased estimators. It would therefore
of interest to know if DEMA is unbiased. The empirical bias
of DEMA and LSML is shown in Fig. 5(b). Observe that in+ig 7. probability of correct acquisition versii when K = 10, N' = 31,
creasing? in general improves the performance of both DEMA = 1, M = 100, E, /N, = 10 dB, {, ~ N(10,100), and two users
and LSML in terms of RMSE and bias (except for the fluctudransmitidentical data sequences.

tion experienced by LSML for relatively smalf). Also ob-

serve that the CRB correspondingo= 2 is smaller than that bits are in error. As more data bits are estimated incorrectly, the
corresponding t@) = 1. It is seen that the bias of DEMA is degradation of DEMA becomes more significant. For example,
more than an order of magnitude smaller than its RMSE andhen 5% of the estimated bits are in error, the probability of
hence, DEMA appears to be unbiased even for fidifelt is correct acquisition drops to 0.774.

M (bits)

also seen that for moderately smadl (such as whed/ = 50), Correlated Data Bits: The derivation of DEMA uses the as-
the RMSE of the DEMA timing estimates are very close to theumption that the data bits for all users are i.i.d. Conceivably,
CRB for both@Q = 1 and@ = 2. if the data bits transmitted by different users are heavily corre-

Data Bits Known Imperfectlyln the derivation of the lated (which, however, seldom happens in practice), the perfor-
DEMA algorithm, we have assumed that the data bits for athance of DEMA could degrade considerably. This problem can
users are known perfectly. In this example we consider the cdmesolved under certain conditions, as explained in the sequel.
when some of the data bits from users in normal transmissibman asynchronous systems where users enter and leave a cell
are estimated incorrectly. We change the percentage of incasynchronously, most active users will typically be in normal
rect data bits from 0.1% to 10% and repeat the first exampteansmission and only a few new users will need training. Since
The results are shown in Fig. 6. We see that DEMA perforntse number of new users is unlikely to be very large, it is pos-
reasonably well when only a small number (e.g., 1%) of dasible to choose a training pattern so that the training bits are
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not or moderately correlated. The training bits transmitted lmgains relatively unchanged over the time interval of code ac-
the new users and the data bits transmitted by users in normaisition, it would be of interest to see how they perform in
transmission may be correlated. The effect of this correlatientime-varying Rayleigh fading environment. To that end, we
can be made small by exploiting the SNR consistency propergpeat the first example by replacing the time-invariant fading
of DEMA (see Remark 1 in Section Ill) and directing the newoefficients with time-varying ones and keeping the other pa-
users to increase the transmitting power for training. The datmeters unchanged. The fading process is simulated by gener-
bits transmitted by users in normal transmission may or maying zero-mean complex gaussian random process whose spec-
not be highly correlated. This correlation, however, has little efral density is adjusted based on the Doppler rate according to
fect on the code-timing estimation for the new users. We shdie Jakes model (see, e.g., [20] for details). A mobile cellular
this using an example. The example is similar to the first esystem is simulated, where the carrier frequency is 900 MHz,
ample except that the data bits for the second and third userstheedata rate is 10 Kb/s, and all mobiles move at a constant speed.
identical (completely correlated) all the time. SifRg, (M) is  Fig. 8(a)—(d) shows the probability of correct acquisition versus
always rank deficient in this case, we use the moore-penrdgewhen the mobile speed is 16, 56, 80, and 97 km/h, respec-
pseudo-inverse to compul_!(M). The results for the first tively. The normalized doppler rates, definedfasl;, for the
user are shown in Fig. 7. If we compare Figs. 1 and 7, we skair situations are 0.0013, 0.0047, 0.0067, and 0.008, respec-
that the correlation between the second and third users almtatly. It is seen that DEMA works quite well for low mobile
has no effect on the timing estimates for the first user. speeds but degrades considerably as the mobile speed increases.
Time-Varying Rayleigh Fading ChannehRlthough all three Thisis not surprising since DEMA relies more on the data model
timing estimators under discussion assume that the channeldescribed in Section Il than the others. When the model reflects
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the received data reasonably well, DEMA is able to yield theelow since the former assumes less prior information than the
most accurate timing estimates; otherwise, it may suffer frolatter.

a considerable performance degradation. On the other hand, byet y = [yT(0) ... yT(M —1)]' e CMNOxL et
assuming a less structured data model, LSML is less sensitiyec {£1}?4*1 andn € CMY@*! pe similarly formed from

to model mismatch than DEMA. This advantage, however, g (m)}Y -5 and {n(m)}}Z}, respectively. Theny can be
achieved at a loss in estimation accuracy when the channel isapitten as (for notational simplicity, we henceforth drop the de-
proximately time-invariant during code acquisition. It should bpendence oA (73 ) on %)

noted since the time-invariant assumption made by the three es-

timators is significantly violated in Fig. 8(c) and (d), increasing K
the length of data bits may or may not improve the acquisition y= Z [Ty @ (BrALR)] 21 +n 2 w+n, 47)
and a performance fluctuation happens. Note also that when the k=1

mobile speed exceeds 50 mi/h, all methods under study degrade
significantly and, hence, it is not advisable to use them in fashere © denotes the Kronecker product [23]. Let
fading channels. r=[n ... ] B=[A ... Bx].B=RP), and
B = 3(B). We denote the unknown parameters in (47) by
V. CONCLUSIONS

In this paper, we have investigated the problem of mul-1=[02 +T B° BT]T 2102 ¢"]" e REEHDXL
tiuser code-timing estimation in DS-CDMA systems. A new , (48)
code-timing estimation technique, referred to as the DEMMote thatw is solely parameterized by € R**** and will be
algorithm, has been presented by assuming that the charfififioted byw(¢) hereafter. Next, observe that
is roughly time-invariant during code acquisition. It has been
shpwn that D_EMA 1) _is decoupled and compu?ationally 2(0—2) N [nnH] :giIMNQ_ (49)
efficient; 2) coincides with the ML method and achieves the
CRB asymptotically (for largelf); and 3) obtains thexact
parameter estimates in the absence of noise even with fi
number of data bits which can be heavily correlated.

Although we have only considered flat fading in the study, 5% ( 2) 5% ( 2)
DEMA can be straightforwardly extended to frequency selectivFCRB—l(n)] —{r [g—l (o2) 9= 9n) 51 (a2) ¢}
multipath channels. An analysis similar to that in Section IlI pa anp g
indicates that the DEMA algorithm will be decoupled between
different users, but not between the different paths of the same
user. Hence, ah,-dimensional search over the parameter space

will be needed, wheré&;, is the number of paths for thgh user. Sinces? and¢ do not share any common elements, it follows

Even so, the DEMA algorithm in this case will still be muchpat cREy) is block diagonal and the block that corresponds
simpler than the exact ML method, which in general requires@ e signal parameter vectgris given by

search over &1, 3L;-dimensional parameter space.

While DEMA works reasonably well for slow fading chan-
nels, it degrades significantly when the channel becomes highly CRB™!(¢) = 2R [
time-varying. In a recent study, the LSML algorithm was
extended to the case of using a multiple-antenna-based receiver S o
[26]. By exploiting spatial diversity, the proposed aIgorithn’NEXt- we evaluate the partial differentiation in (51) as follows:
therein appears to be able to better deal with time-varying
fading channels. However, the derivation of that algorithm still ow(¢)
assumed a time-invariant channel and it will collapse ultimately opr
when the motion of the mobile is relatively high. Apparently,
competitive code-timing acquisition techniques for fast fadinghere
channels are yet to be discovered.

By using the Slepian—Bangs formula (see, e.g., [22]), the CRB
trix for the problem under study is given elementwise by

+ 2R [av(;H (¢) -1 (0721) ow(¢)

p 3nq}' 0

¢ o
=[Ir g Jg] (52)

Jr=[[Im®(BiD1)]z1 ... [Inm @ (BrDx)lzr] (53)
APPENDIX

CRAMER—RAO BOUND
and

The CRB is a lower bound on the variance of the estima-
tion error. Itindicates the best performance that can be achieved _ N
by any unbiased estimator. We derive herein the CRB for the =[Iv @A)z (In ® Ag)zi ). (54)
parameter estimates corresponding to the data model in (8). It _ _ o
should be noted that the CRB derived in [18] is based on a difl'® matrixDy, in (33) is given by
ferent data model, as discussed in Section IlI-A. Moreover, the
CRB in [18] is in general a higher bound than the CRB given Dy = [F"k FPk] € R¥NO*? (55)
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wherek = [—1 1]". Using (52) in (51) yields [8]

Jrr JTﬂ jJTﬂ

% Ji J jJ [9]
CRB(¢) = [® | Trp  Ipp Ipp (56)

—irp g Ipp [10]
where [11]

M-1
Jrr =38y = ) Z%(m)CHCZ(m) 67 12

m=0
M-1 13
I,p=Tg=3 Z"m)C"AZ(m) (58

m=0
[14]

and
M-1 [15]
Jgg = JgJ B= ZO ZH(m) AN AZ(m). (59)  [16]
The matricesA, C, andZ(m) in (57) —(59) are defined as [17]
A=[A, ... Ax]eRN@x2K 60)
C=[4D: ... BxDg]e Nk (61) 9]
and [20]
zl(m) 0 [211
Z(m) — c {:l:].}QKXK. (62)
[22]
0 zr(m)
[23]
[24]
ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers for
their constructive comments which led to a significant improvei25]

ment of the manuscript.
[26]

REFERENCES

[1] S. Verdd, “Minimum probability of error for asynchronous gaussian
multiple-access channeldEEE Trans. Inform. Theorwol. IT-32, pp.
85-96, Jan. 1986.

[2] R. Lupas and S. Verdu, “Near—far resistance of multiuser detectors in
asynchronous channeldEEE Trans. Communvol. 38, pp. 496-508,
Apr. 1990.

[3] Z. Xie, R. T. Short, and C. K. Rushforth, “A family of suboptimum de-
tectors for coherent multiuser communicationg&EE J. Select. Areas
Commun,.vol. 8, pp. 683-690, May 1990.

[4] S.L.Miller, “An adaptive direct-sequence code-division multiple-acces
receiver for multiuser interference rejectionPEE Trans. Commun.
vol. 43, pp. 1746-1755, Feb./Mar./Apr. 1995.

[5] H. V. Poor, “On parameter estimation in DS/CDMA formats,” Aul-
vances in Communications and Signal ProcessWgA. Porter and S.
C. Kak, Eds. New York: Springer-Verlag, 1989.

[6] Z. Xie, C. K. Rushforth, R. T. Short, and T. K. Moon, “Joint signal de-

A. M. Slonneger and D. V. Sarwate, “Noncoherent parallel acquisition
of PN sequences in direct-sequence spread-spectrum systeftin
IEEE 2nd Int. Symp. Spread Spectrum Techniques Applicati®®2,

pp. 31-34.

R. L. Peterson, R. E. Ziemer, and D. E. Borthtroduction to Spread
Spectrum CommunicationsEnglewood Cliffs, NJ: Prentice-Hall,
1995.

R. F. Smith and S. L. Miller, “Code timing estimation in a near—far en-
vironment for direct-sequence code-division multiple-accessPrac.
1994 |IEEE Military Communication Confl994, pp. 47-51.

E. G. Strom, S. Parkvall, S. L. Miller, and B. E. Ottersten, “Propagation
delay estimation in asynchronous direct-sequence code-division mul-
tiple access systemslEEE Trans. Communvol. 44, pp. 84-93, Jan.
1996.

S. E. Bensley and B. Aazhang, “Subspace-based channel estimation for
code division multiple access communications systentt<EE Trans.
Commun,.vol. 44, pp. 1009-1020, Aug. 1996.

R. O. Schmidt, “Multiple emitter location and signal parameter estima-
tion,” IEEE Trans. Antennas Propagatol. AP-34, pp. 276-280, Mar.
1986.

P. Zhang, R. T. Short, and X. X. Chen, “Fast timing estimation
for CDMA waveforms in a near—far environment,” ifroc. |IEEE
GLOBECOM Nov. 1996, pp. 1799-1803.

C.-M. Chang and K.-C. Chen, “A new interpretation to DS-CDMA mul-
tiuser synchronization,” iffroc. IEEE PIMRC Sept. 1999.

——, “Joint linear timing and carrier phase estimation of DS-CDMA
multiuser communications [EEE J. Select. Areas Communrol. 18,

pp. 87-98, Jan. 2000.

J. Li, B. Halder, P. Stoica, and M. Viberg, “Computationally efficient
angle estimation for signals with known waveform$EZEE Trans.
Signal Processingvol. 43, pp. 2154-2163, Sept. 1995.

D. Zheng, J. Li, S. L. Miller, and E. G. Strém, “An efficient code-timing
estimator for DS-CDMA system[EEE Trans. Signal Processingol.

45, pp. 82-89, Jan. 1997.

S. E. Bensley and B. Aazhang, “Maximum-likelihood synchronization
of a single user for code-division multiple-access communication sys-
tems,”IEEE Trans. Communvol. 46, pp. 392-399, Mar. 1998.

T. S. RappaportWireless Communications: Principles and Prac-
tice. Englewood Cliffs, NJ: Prentice-Hall, 1996.

R. A. lltis, “Performance of constrained and unconstrained adaptive mul-
tiuser detectors for quasisynchronous COMAEE Trans. Commun.

vol. 46, pp. 135-143, Jan. 1998.

P. Stoica and R. L. Moses])ntroduction to Spectral Anal-
ysis Englewood Cliffs, NJ: Prentice-Hall, 1997.

G. H. Golub and C. F. Van LoanMatrix Computations 3rd

ed. Baltimore, MD: Johns Hopkins Univ. Press, 1996.

T. Ostman and B. Ottersten, “Near far robust time delay estimation for
asynchronous DS-CDMA systems with bandlimited pulse shapes,” in
Proc. IEEE 48th Vehicular Technology Cardttawa, ON, Canada, May
1998, pp. 1650-1654.

U. Madhow, “Adaptive interference suppression for joint acquisition and
demodulation of direct-sequence CDMA signals,’Hroc. 1995 IEEE
Military Communication Conf.1995, pp. 1200-1204.

Z.-S. Liu, J. Li, and S. L. Miller, “An efficient code-timing estimator for
receiver diversity DS-CDMA systemsiEEE Trans. Communvol. 46,

pp. 826-835, June 1998.

Hongbin Li (S'98-M'99) received the B.S. and
M.S. degrees from the University of Electronic
Science and Technology, China, in 1991 and
1994, respectively, and the Ph.D. degree from the
University of Florida, Gainesville, in 1999, all in
electrical engineering.

From July 1996 to May 1999, he was a Research
Assistant in the Department of Electrical and
Computer Engineering at the University of Florida,

| Gainesville. Since July 1999, he has been an

]
) Assistant Professor in the Department of Electrical

tection and parameter estimation in multiuser communicatidBsE  and Computer Engineering, Stevens Institute of Technology, Hoboken, NJ. His

Trans. Communvol. 41, pp. 1208-1215, Aug. 1993. current research interests include wireless communications, statistical signal
[7] K. K. Chawla and D. C. Sarwate, “Parallel acquisition of PN sequencgsocessing, sensor array processing, and radar imaging.

in DS/SS systemsJEEE Trans. Communvol. 42, pp. 2155-2164, May  Dr. Li is a member of Tau Beta Pi and Phi Kappa Phi. He received the 1999

1994. Sigma Xi Graduate Research Award.



1436 IEEE TRANSACTIONS ON COMMUNICATIONS, VOL. 49, NO. 8, AUGUST 2001

Jian Li (S’87-M'91-SM’97) received the M.Sc.
and Ph.D. degrees in electrical engineering from Th
Ohio State University, Columbus, in 1987 and 1991
respectively.

From April 1991 to June 1991, she was an
Adjunct Assistant Professor with the Department o'
Electrical Engineering, The Ohio State University,
) Columbus. From July 1991 to June 1993, she wa where he was an Assistant Professor from 1988

an Assistant Professor with the Department o through 1993 and an Associate Professor from
‘ Electrical Engineering, University of Kentucky, Y Ak 1993 through 1998. In August 1998, he joined the
Lexington. Since August 1993, she has been with ; Electrical Engineering Department at Texas A&M

the Departmentof Electrical and Computer Engineering, University of Floridaniversity. He has also held visiting positions at Motorola Inc., University of
Gainesville, where she is currently a Professor.Her current research interéiigh, and UCSD. He has taught courses at both the graduate and undergraduate
include spectral estimation, array signal processing, and signal processingldéoel on such topics as signals and systems, engineering mathematics, digital
wireless communications and radar. and analog communications, probability and random processes, coding,

Dr. Li is a member of Sigma Xi and Phi Kappa Phi. She is currently an Asaformation theory, spread spectrum, detection and estimation theory, wireless
sociate Editor for IEEE RANSACTIONS ONSIGNAL PROCESSINGand a Guest communications, queuing theory and communication networks. He has
Editor for Multidimensional Systems and Signal ProcessBige received the published over 75 refereed journal and conference papers on a variety of topics
1994 National Science Foundation Young Investigator Award and the 1996 @f-the area of digital communication theory. His current research interests are
fice of Naval Research Young Investigator Award. in the area of wireless communications with a special emphasis on CDMA
systems.

Dr. Miller is an Editor for the IEEE RANSACTIONS ONCOMMUNICATIONS.

Scott L. Miller (S'87-M'88-SM'97) was born in
Los Angeles, CA, in 1963. He received the B.S., M.
S., and Ph. D. degrees in electrical engineering from
the University of California at San Diego (UCSD) in
1985, 1986, and 1988, respectively.

He then joined the Department of Electrical and
Computer Engineering at the University of Florida,




