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Abstract

Conventionally, code acquisition with antenna array employs a correlator bank and the serial-search technique. Due to
the inherent properties of correlators and serial search, mean acquisition time of the correlator-based approach is large,
especially in strong interference environments. Recently, an adaptive-filtering approach has been applied to code
acquisition. This method simultaneously performs beamforming and code-delay estimation with a spatial and a temporal
filter. Its performance is significantly better than that of the correlator-based approach. However, its computational
complexity will be high when the code-delay uncertainty is large. In this paper, we propose a low-complexity adaptive-
filtering scheme to solve the problem. Incorporating a serial-search technique, we are able to significantly reduce the size of
the temporal filter, so does the computational complexity. We also analyze the proposed algorithm and derive closed-form
expressions for optimum solutions, mean-squared error, and mean acquisition time. Simulations show that while the
proposed system somewhat compromises the performance, the computational complexity is much lower that of the

original adaptive-filtering approach.
© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Direct-sequence/code-division multiple access
(DS/CDMA) is a promising technique for wireless
mobile communication. It is well known that the
main performance bottleneck for a CDMA system
is multiple access interference (MAI). MAI not only
affects data detection, but also code acquisition.
Code acquisition is the first operation that a CDMA
receiver has to perform. It attempts to align the
local code sequence and the received desired signal
with a difference less than a chip duration. After

*Corresponding author. Tel.: +8863 5712121x54529.
E-mail addresses: hualungyang.cm90g@nctu.edu.tw
(H.-L. Yang), wrwu@faculty.nctu.edu.tw (W.-R. Wu).

successful code acquisition, other operations such as
channel estimate, code tracking, and data detection
can follow. Thus, code acquisition is a critical task
in DS/CDMA systems.

Code acquisition for single antenna systems has
been extensively studied in the literature [1-11] (and
reference therein). The correlator approach [1-4] is
most well known. However, the correlator is only
optimal for the single-user case. Its performance
degrades significantly when MAI presents [4]. Sub-
space- and matrix-based methods [5,6] have been
developed to solve the problem. The advantage of
subspace-based approaches is that no training
sequences are required and the performance is
much better than that of the correlator approach.
However, these methods usually have to estimate,
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decompose, or inverse the autocorrelation matrix.
This often requires high computational complexity,
especially for systems with large processing gains.
Recently, adaptive-filtering technique has been
introduced to code acquisition [7-11]. It is claimed
that [7], the adaptive-filtering approach can provide
higher acquisition-based capacity [3] compared to
the correlator methods. The acquisition-based
capacity indicates the maximal number of users
that a system can tolerate with a given acquisition
error rate. One problem with the adaptive-filtering
scheme [7] is that its computational complexity
grows linearly along with the code-delay uncertainty
range. A low-complexity scheme was then devel-
oped in [11].

It is well known that antenna arrays can
significantly enhance acquisition performance
[12-14]. In [12], each array element is equipped
with a correlator, and the correlator outputs serve
the inputs of a beamformer. When directional MAI
presents, matrix inversion is required to derive the
beamformer weights [12]. In [13], an adaptive
beamformer is used to avoid the problem. However,
in the presence of directional M AL, it requires a long
adaptation period and the acquisition is slow. To
solve the problem, an adaptive-filter-based array
system was then proposed [15,16]. This system
simultaneously performs adaptive beamforming
and code-delay estimation with a spatial and a
temporal filter. The code delay can then be
estimated with the peak position of the temporal
filter. It has been shown that the approach
significantly outperforms the correlator-based sys-
tem in [13].

Similar to the conventional adaptive-filtering
acquisition, the computational complexity of the
temporal filter in [15] grows linearly along with the
uncertain range of the code delay. When the range is
large, the computational complexity may be high. In
this paper, we propose a low-complexity adaptive
array code acquisition scheme to solve the problem.
The main idea is to divide the whole delay
uncertainty range into several (delay) cells, and then
sequentially search for the code delay of the desired
user among those cells. This is essentially a serial-
search-technique, being able to shorten the filter
length of the temporal filter. As a result, the
computational complexity can be reduced. As that
in [15], the proposed system employs a criterion such
that both filters can be simultaneously adjusted by a
constrained least-mean-square (LMS) algorithm.
However, the acquisition process is more involved

than that in [15]. This is because one additional
decision has to be made before the code delay can be
estimated. For each tested cell, filters are first
adapted for a period time to determine if the code
delay falls into the cell’s delay region or not. If it
does, the spatial filter will act as a minimum mean-
squared error (MMSE) beamformer and the tem-
poral filter as a code-delay estimator. Thus, the code
delay can then be estimated with the peak position
of the temporal filter. If not, the next cell is tested
and the process is repeated. Note that if the code
delay does not fall into the tested cell’s region, the
spatial filter will act as a signal blocker with its
weighs all being zeros. This property is then used to
derive an index for the cell testing. With the choice
of the number of cells, we can have an easy tradeoff
between performance and complexity. In many
cases, however, the complexity reduction is large,
but the performance loss is still acceptable. In this
paper, we only consider flat-fading channels for
simplicity. It is straightforward to extend the
proposed algorithm to multipath environments.
Also note that with the proposed architecture, we
can also apply other types of adaptive algorithms
such as the recursive least-squares (RLS) algorithm.
In this case, the overall performance can be greatly
enhanced, but the computational complexity is also
significantly increased.

This paper is organized as follows. Section 2
develops the proposed algorithm. Section 3 discusses
issues of adaptive implementation, and Section 4
carries out performance analysis. Section 5 presents
simulation results demonstrating the effectiveness of
the proposed scheme. Finally, Section 6 draws
conclusions. Throughout this paper, we use L, || - ||,
and E{-} to denote an identity matrix, a vector two-
norm, and a statistical expectation operator, respec-
tively. Also, let i=+/—1 and (-)*, ()T, and ()"
denote the complex conjugate, transpose, and
Hermitian operator, respectively.

2. Proposed low-complexity code acquisition

Consider that there are K users in a mobile cell
and each user is given an aperiodic pseudo-noise
(PN) code sequence with a period much longer than
a symbol period. The transmitted signal of the kth
user in baseband can be expressed as

00 U-1
xi0)= Y di() Y e (hp(t = ITe —jUT,), (1)
=0

Jj=—00 /
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k=1,...,K, where di(j) is the jth BPSK symbol of
the kth user, ¢ ;(/) the /th chip of the spreading
signal for di(j), p(t) a unit-amplitude rectangular
chip-pulse with a chip-duration 7, and U the
number of chips in a symbol. At the receiver, a
uniformly linear array with M sensors is placed and
the element spacing is assumed to be half a
wavelength of the carrier. Then, the chip-rate
sampled received signal vector in baseband can be
represented as

K

r(n) = Y agogxi(n — i) exp(—ily) + n(n), 2
k=1

where code delays 1, k=1,...,K are assumed
to be integers between [0,U), and #n(n) is an
M x 1, complex, and zero-mean Gaussian noise
vector with a covariance matrix ail. Also, ay, oy,
and 0, stand for the steering vector, the ampli-
tude, and the -carrier-phase offset, associated
with the kth user, respectively. Note that 0 is
uniformly distributed over [—=m,7) and a; is
given by a; =[1,exp(—imsin ¢y), ..., exp(—in(M—1)
sin ¢,)]", where ¢, denotes the direction-of-arrival
(DoA) of the kth user’s signal. Without loss of
generality, the first user is seen as the desired user.
We also assume that d(j) = 1 during the acquisi-
tion period.

As described, the whole delay uncertainty U is
divided into cells. Let Q =[U/M,], where M,
denotes the filter length of the temporal filter.
Among these Q cells, the actual code delay only falls
into the delay region of a certain cell. Let the cell
whose delay region includes the desired code delay
be the inphase cell and others be outphase cells.
Thus, we have one inphase cell and Q — 1 outphase
cells.

Fig. 1 illustrates the block diagram of the
proposed system. As seen, the spatial filter w?
combines M array outputs into a single output,
where ¢ =0,...,0 — 1 denotes the cell index. The
temporal filter w{ uses x;(n—gM,) as its input
signal and the spatial filter output as its reference
signal, where x;(n) is the desired user’s PN sequence
[since d;(j)=1]. As far as an inphase cell is
concerned, the system is the same as that in [16].
From Fig. 1, we can see that the spatial filter can act
like a beamformer to reject interference, while the
temporal filter can be a code-delay estimator. In
other words, the optimum temporal filter will have a
unique peak weight whose location corresponds to
the code delay [16]. However, for the outphase cells,

No advance code-phase
> by M, chips
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Fig. 1. System diagram of the proposed system, where
Z4 = [WiN)I?, ¢ =0,..., 0-1

there is no correlation between the input and the
reference signals. The optimum spatial filter will
become a signal blocker (all weights are zeros).
Using the characteristic, we propose to perform cell
detection with the magnitude of the spatial filter
weights. If ||w§"||2 exceeds a preset threshold, then
the ¢'th cell is considered as the inphase cell. Once
the inphase cell is identified, the peak weight in
w/ 3/21’

where W?;] with 0< A<M, denotes the (4 + 1)th

element of wi’r. Then, the code delay can be
estimated with %, = ¢’ M, + A.

As shown, the difference between these two-filter
outputs forms the error signal from which we can
perform minimization. The cost function to mini-
mize is the same as that in [16]. For each cell, we let

T = E(IIw{1"x"(n) — w{"r(n) %) (3)
q=0,...,0—1, where w{&L[w! .. .,WZ,M_I]T,
iy 'y and X9 L (n— gMy),
xi(n—qM,—1),...,x1(n —qgM, — M+ 1)]". From
(3), it is simple to observe that a minimum J¢ (which
is zero) occurs at w{ = 0 and w? = 0, and this is an
undesired trivial solution. To avoid that, we have to

make a constraint on the solution. Here, we pose a
unit-norm constraint, i.e.,

Iw/I?2wifwi =1, ¢=0,...,0—1. @)

Thus, minimization of (3) turns out to be a
constrained optimization problem. We use the
Lagrange multiplier method [17] to transform the
constrained optimization problem into an uncon-
strained one. From (3) and (4), we have an

can be located. Let the peak weight be w

N
wi=[wip, .-
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equivalent cost function as

J4 = E{|[w{1"x9(n) — [w™r(m)*} + {1 — [w{]"w{}

= [w{]"RIw{ + [wT" KW + W K w
+ [WIPR W+ E4(1 — [wiTwl), (5)
where
Kth x M) — Ex/(mr" (n)}, (6)

R uan) 2 E{r(mr (n)},

Rx(MlxM )= 2 Ex(n)[x/(m]"},

and &7 denotes the Lagrange multiplier for the gth
cell. Differentiating (5) with respect to [wf]* and

[w{]* and setting the results to be zero-vectors, we
obtain

oJ1

T [K'w! + Rw! =0, (7
oJ4

—a[v{”]* = RiIw{ + KIw! — &fw{ = 0. (®)
t

Since R, is a full rank matrix, its matrix inversion
exists. From (7), we have

w! = —R7Kw, )

S
Substituting (9) into (8), we have
{R? — KR, '[K"}w{ — &w! = 0. (10)

It is simple to observe that the solution of &7 in
(10) denotes the eigenvalue of RY — K7R; IKH,
while w{ is the corresponding eigenvector. Note that
an eigenvector w{ satisfies (4) automatically. Once
w{ is derived, w? can be found using (9). Multiplying
(10) with [w/], we obtain
& = WM (RY — KR (K )w{. (1)

Substituting (9) into (5) and using (11), we have
Jt = [wil"RIw{ — [w{]" (KR K" jw{

— w1 {(KIR K jw
+ Wi {KR; K] w{

= [W{"{R? — KR [K]" }w{

=&, (12)
which is identical to (11) exactly. Let solutions to
(7)—(8), which are optimum weights, be w?  and wt 0
and the corresponding minimum value of (12) be
Jﬁlm We then conclude that J?. is equal to the
minimum eigenvalue RZ — KR K" and wi, is

the corresponding eigenvector. Substituting wtq,0 into
(9), we can then obtain w{,,.

To simplify notations, we rewrite (2) as

K
r(n) = Y moux(n — ) exp(—id) +qn)  (13)
k=1

= a exp(—if)x(n —vM — A)

K
+ ) axeexi(n — ) exp(—ide) + n(n),  (14)
k=2
where we let a; =a, oy =1, ) =0, x;(n) = x(n),
and 7y =vM;+ 4. It is simple to see that the
inphase cell is the cell that ¢ = v.
We first consider the scenario of the inphase cell.
As mentioned, the proposed system is just the same
as that in [16]. From [16], we can have

fmm = J:mn =1- aHRr_la’ (15)

W, =10,...,0,1,0,...,0]" exp(ipy), (16)
A

wl, = R "aexp(—i[0 — 1)), (17)

where  is an arbitrary angle. From (16) and (17),
we can see that both filters do not have unique
solutions. This is not surprising since we only pose
the magnitude constraint. Also, note that wy, is just
the conventional MMSE beamformer (R,Tla).

Now, let us consider the remaining Q — 1 out-
phase cells. Since g#v, we have K? =0 [see (6)].
Then, (5) becomes

J9 = [wTR,w! + [w{"RIw! + E9{1 — [wi]"w{},
(18)

g#v, where R? =1 (the long-code assumption).
Also, (7)—(8) become

oJ1
Y _Rw! =0, 19
o s (19
oJ1
T =w{ — &wl =0. (20)

From (19), we have w{ =0, since R, is a full-
rank matrix. The spatial filter will block all signal
from entering the temporal filter. From (20), we
can see &/ =J!. =1, and there is no unique
solution for w{, either. Any vector satisfies the unit-

norm constraint can serve as an optimum solution.

3. Adaptive implementation and convergence analysis

In Section 2, we have proposed a low-complexity
code acquisition system modifying the system in
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[16]. Optimum weights of the filters are derived with
the eigen-decomposition technique. However, the
required computational complexity of eigen-decom-
position is on the order of (O(Mf). In addition, the
matrix inversion of R, is required in (10). To
alleviate these problems, we propose to use an
adaptive algorithm to derive the optimum filter
weights. The adaptive algorithm we consider is the
LMS algorithm which is well known for its
simplicity and robustness. As shown, we have a
unit-norm constraint on the temporal filter. Apply-
ing this constraint, we then obtain a constrained
LMS algorithm. In what follows, we will describe
the algorithm and examine related issues such as the
step size bound and steady-state mean-squared
error (MSE). Besides, we also analyze the output
SINR of beamformer [see y(n) in Fig. 1] for an
inphase cell.

3.1. Constrained LMS and convergence issue

Rewriting (3), we have

JU(n) = [Wim"RIWI(n), ¢=0,....,0—1, (1)

where

wim) & [w{ ], [w!m]'T",
Vi A ], —r )],
and
R! 2 E(v(m[v/(m]")
The gradient of (21) is by
0J4(n)
Wi (m]*
Using (22), we can apply a gradient decent
algorithm to obtain the optimum solution, denoted
as wl . However, RY needs to be estimated. The
simplest estimate of RY is to use instantaneous value
from v/(n)[v¢(n)]! and this yields a stochastic

gradient decent algorithm, called the LMS algo-
rithm [17]. We then can have the filter adaptation as

VM wim),  (23)

where u is the step size controlling the convergence
rate. Recall that we have the constraint ||w{(n)|| = 1.
This constraint can be easily satisfied if normal-
ization is performed on w{(n) at every iteration. The
overall adaptation procedure is given as

ef(n) = [wi(m)]"v/(n), 24)

= Riw{(n). (22)

wi(n+ 1) = wi(n) +

oo 1 I
i) = diag e wion e 1 ’
M,
(25)
wi(n + 1) = HI(m)wi(n) — p¥ (e’ (n)]", (26)

n=0,1,....,N—1; ¢g=0,...,0 — 1, where diag{-}
denotes a diagonal matrix consisting of the argu-
ments that it includes, and N the iteration number
for each cell. As we can see, H/(n) normalizes w(n)
at every iteration. After training, we have to detect
the inphase cell first. To do that, we propose to
compare ||w§’(N)||2 with a preset threshold. If
||w‘sf(N)||2 is larger than the threshold, the cell is
deemed as the inphase cell. Then, the peak location
of w/(N) is located and the code delay is estimated.
Otherw1se, we go to the next cell and start the
process all over again. To guarantee convergence, u
has to be selected properly. Here, we perform the
mean convergence analysis to derive a step size
bound. Subtracting wi = = [[w{,]", [wfg{o]T]T from
both sides of (26), we have

Awl(n+ 1) = Awl(n) + [HY(n) — Ilwi(n)
— )W)}
— AW{(n) + [H(n) — [wi(n)
— W VO] AW) + W]
— {1 — w* )V ()" ) AW ()
+ [H(n) — IIw{(n) — pv!(n)led(n)]",
27
where ¢4(n) 2[w! ]"v(n) and Aw!(n)2wi(n) — w!
Taking the statistical expectation of (27), applying
the direct-averaging method [17], and using the
orthogonality principle, we then have
E{AW!(n + 1)) = [l — uRIE(AW!(n))
+ [E{HY(n)} — IE{w{(n)}.  (28)
Let A? =diag{Z!,,..., 4!, ) with 2!  being an
eigenvalue of RY, and U? be a matrix cons1st1ng of
the eigenvectors of RY. Multiplying (28) with (Ut
and letting g?(n) = [Uq]HE{Awi{(n)}, we obtain
g'(n+1) =1 — uA]g(n)
+ UM [E(HY ()} — IE(W!(m)}.  (29)
Since w{(n) is normalized at every iteration and the

step size is usually small, it is reasonable to assume
that HY(n) ~ I and the second term in the right-hand
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side of (29) can be ignored. Iterating (29), we obtain

g’(n) = [I — uA’"g?(0). (30)
Thus, for (29) to converge, the following condition
must be satisfied:

O<pu< - q2 , (31)
v,max

where f . denotes the maximum eigenvalue of R.

This result is the same as that of the conventional

LMS algorithm [17]. From (30), we can also see that

g?(oc) = 0. In other words, E{wi(n)} = w?_, when

n— oo.

Note that while the conventional LMS algorithm
requires 2(M 4+ M) multiplications per iteration,
the constrained LMS algorithm developed here
needs extra M multiplications for calculation of
[wi(n)|| and extra M, divisions for normalization
[see (26)].

0,0°

3.2. Steady-state MSE analysis

We now derive the steady-state MSE of the
constrained LMS algorithm. Invoking the direct-
averaging method [17] and using (27), we can
write the correlation matrix of the tap-weight error
vector as

Pi(n+ 1)2 E{AW!(n + D[AW!(n + 1)]"}
= [I — uRYIPY(m)[I — uRY] + p2J. RY

+ E{[HY(n) — IIw{(n)

x[wl(m)]"[H(n) —1]}. (32)
As stated, w{(n) is normalized at every iteration and
the step size is usually small. Thus, H?(n) ~ I and
the last term in the right-hand side of (32) can be
ignored. Let P/(n)2[U"P(n)U? and observe that
[UY]"RYUY = A?. Pre-multiplying and post-multi-
plying both sides of (32) with [U/" and UY,
respectively, we have
PUn+ 1) = [T — pAP/m)[T — puA] + 12T, A

(33)

Let the jth element on the diagonal of PY(n) be p;](n)
Then,

P+ 1) = (1= w2l Y’ pn) + 20,2 (34)

min” v,/

j_l .M+ M. When n— oo, pl(n+1)=
(n) From (34), we derive

ﬂJmm
2 — ur!

v

pj(c0) = : (35)

The additional MSE due to the use of the LMS
algorithm is generally referred to as the excess MSE,
denoted as JZ (oo). From [17], we then have

M+M M+M q

ng(oo) Z p_/q(oo)/%/ = Jmm Z 2 — 'uili :

(36)

Denote the steady-state MSE of the LMS adapta-
tion as JX. Finally, we have

JL =T 4 J9 (c0). (37)

min

3.3. Output SINR at beamformer for an inphase cell

Now, let us analyze the output SINR of the
beamformer. We consider the inphase cell (g = v),
and the output is by

p(m) £ [wy(m)]r(n) (33)
= [W(m]" (@ exp(—i0)x(n — vM, — A) + 2(n)),

(39)

where z(n) consists of MAI and noise. Using (17),

we can find the output SINR of the optimum
beamformer, denoted as SINR,, as

[w! R w!

SINR, = —3> —27s0 (40)
° [wg,o]Hleg,o
HR-IR R!
S (41)
aR'R.R'a

where Ry = aa" and R.£ E{z(n)z'(n)}. Since we
use adaptive filter-weights to approximate the
optimum weights, we have to include the excess
MSE in the SINR calculation. Thus, we can rewrite
(41) as
a'R-'R, R 'a

aHR'R.R'a + J! (00)’
where J (o0) is from (36).

SINR, =

(42)

4. Performance analysis

The performance of acquisition is generally
measured with the mean acquisition time, which is
the averaged time for correct acquisition. The mean
acquisition time of the proposed system is a
function of the probability of false alarm, the
probability of missing (denoted as Pyp), and the
probability of correct acquisition (denoted as Pp).
In this section, we will first derive these probabilities
and then calculate the mean acquisition time.
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4.1. Mean acquisition time

As mentioned, the proposed scheme performs
sequential cell testing. Since there are Q possible
cells, there are Q possible states in the system. Label
these states as {sp,...,sp—1} in the circular state
diagram [1], as shown in Fig. 2. In the figure, the
state labeled as ACQ indicates the state of correct
acquisition. That labeled as FA is the state of false
alarm. Using this diagram, we can evaluate the
averaged time reaching the ACQ state, i.e., the mean
acquisition time. Without loss of generality, we
assume sp_; being the state of an inphase cell, and
thus it is connected to the ACQ state. Also, let
ZI24||wi(N)||*>. As described in Section 2, the
optimum w{ , for outphase cells are all-zero vectors,
and the corresponding Z? should be small. On the
other hand, Z7 of the inphase cell should be large.
Using this property, we set a threshold { for the
detection of the inphase cell. Thus, the acquisition
problem can be seen as a hypothesis testing problem.
Note that correct acquisition means that the inphase
cell is correctly detected and at the same time the
optimum peak-weight location (4) is also correctly
estimated. There are two types of false alarm. We
name the false alarm occurring in an inphase cell as
an inphase false alarm, which means that the inphase
cell is correctly detected but the peak location is not
(ie., A#4), and the false alarm occurring in an
outphase cell as an outphase false alarm.

From Fig. 2, we can see that the transfer function
(TF) between sp—1 and ACQ can be expressed as
Hy(z) = PpzV*! [1,8,9], where N + 1 denotes the
time for iteration and cell detection, and z the unit-
delay operator. The probability of missing, Py, is
defined as the probability of Z2~! <. Thus, if only

mTmoD oW >
T
Q

Fig. 2. Circular state diagram of the proposed system.

the missing is considered, the TF between sp_; and
so can be expressed as H,(z) = Pyz'*!. The
probability of the inphase false alarm, denoted as
Pgi, is equal to Pg; =1 — Pp — Py. On the other
hand, if only the inphase false alarm is considered,
the TF between sp_; and FA can be expressed
Hy(z) = PrizM*'. Note the system has to stay T
chips once it enters the FA state. The quantity 7'y is
generally referred to as the penalty time [1]. The TF
between the input and the output of the FA state
can be described as H;(z) = z”». Thus, we can have
the TF between sg_; and sy as H,(2)2H,(2)+
Hy(z)Hq(z). The TF between any s, ¢ =0,1,...,
0O — 2, and the FA state will be H.(z) = Pp,z" "',
where P, is the probability of outphase false alarm.

If the outphase false alarm between two con-
secutive states, s, and s,41, ¢=0,1,...,0—2, is
not considered, then the TF between these two
consecutive states can be described as H,.(z) =
(1 — Pgo)zV*!. Thus, we can have the TF between
any two consecutive states, s, and 5,41, ¢ =0,1,...,
0 -2, as Hy(2)2 H.(2) + H(2)H (2).

Using the TFs derived above, we now can redraw
the diagram in Fig. 2 as that in Fig. 3. In what
follows, we use Fig. 3 to calculate the mean
acquisition time. We define the probability of
correct acquisition starting from time zero and
ending at time n as Pacq(n). Then, its z-transform is
given by

Paco(2) = Y Paco(n)Z, (43)
n=0
which can be the generating function of acquisition

time. Denote the mean acquisition time as 7'yq and
it can be derived from [1]

d
Tacq £ EPACQ(Z)E:L (44)
Note that the unit of (44) is chip. Assuming that we
can start searching at any state in {so, ..., sp—1} with
Hy ()
Sa-2 Sos So
O— Hy(2)

Hg(2)
Q-2
Hy (2)

Fig. 3. Simplified state diagram.
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equal probability 1/Q, we rewrite (43) as

1L
Pacq(2) = QZPq,ACQ(z) (45)
q=0
1 =
=5 Hy2)>  Pyo1(2). (46)
q=0

where P, acq(z) denotes the TF between s, and
ACQ states, and P, o_1(z) the TF between s, and
so—1. Using Fig. 3, we can have

HE '7(2)

= h . 4
Pao-@ =17 H,2)H? ' (2) “7

Substituting (47) into (46), we obtain

1 H@ =
TR

“1(z)

(48)
_1 Hy@)[1 - H(2)] . 49)
Q1 — Hy2H? ' @)1 - Hy(2)]
Using (49) in (44), we finally obtain
Toeg = PLD{ {1 - 1)2_PD](N+ D
{PFI +@- P 2T D} Tp}- (50)

Observing (50), we find that a large Pg, and a small
Pp can enlarge T'ocq significantly. It should be noted
that Pg, is more harmful to T'aeq than Pg;. This is
because there are Q — 1 outphase cells and only one
inphase cell. For an ideal situation that Pp = 1 and
P]:,' = PFo = 0 we have

Q+1

Tacq,LB - (N + 1) (51)

which can serve as the lower bound of (50).

4.2. Probabilities derivation

Since Z? is random, we have to characterize its
statistical properties. It is mentioned in [18] that
when an adaptive filter approaches the steady state,
its weights have a Gaussian distribution. From the
analysis in the previous section, we see that in the
steady state (N — oo), w/(N) has a mean vector of
wi and w{(V) has a mean vector w{,. We denote
their covarlance matrices as C"AE{[W‘/(N)
[(W(V) = wE, 1) and CY2 E(w!(V) - w! o][w'(N>
wto] 1, respectlvely As a common practice, the step

size is usually small. Thus, we can use the Taylor
expansion to expand 1/(2— ui! ;) in (35) with
respect to ,uiq. = 0. Then, we can derive

1 1

q
2— }‘1 2 4 Wl 52

From (33), it can be seen that the matrix PY(n) will
become diagonal as n — oco. Using this property
and truncating the terms higher than the first-order
in (52), we then have

() = g]fnml—i— 4anmAq (53)

Pre-multiplying and post-multiplying both sides of

(53) with U¢ and [U"]H, we obtain
Hoq
Pq(n) 2 Jl’{]lnl + 4 lelnRi[ (54)

Note that the M x M, upper-left submatrix of
P?(n) corresponds to C{ and the M x M lower-right
submatrix of that can be C{. Thus, we can write

Je

C=J {“1+ R} Fin, (55)

2 q

wy o u
/= L Z}I ~Eopin, (56)
where J?. is the MMSE evaluated in Section 2. For
notational clarity, we let o¢72puJ’. /2 and
o2t /2, g#v. From (55)~(56), we can see that

these filter weights are approximately independent
and identically distributed (i.i.d.).

Let us calculate Pp now. Since w{, = 0 for g#v,
we find that Z9, g#v is chi-square distributed with
M degrees of freedom, while Z" is noncentral chi-
square distributed with M degrees of freedom.
Thus, the probability of Pg, is given by

Pt exp((- o5 ),
0

(57)

o 1
Pro=[ —
o [ s 212\ )2)

where I'() stands for the gamma function [19], and
is usually selected on some level to prevent a large
Pg, (e.g. Pro = 0.01). Let Pc be the probability of
correct inphase cell detection. Then,

SRR 24 p
A
e [ (E) e e

x (JE%) dg, (58)
1
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where s22(lwy [|I*> and Iy;/-1() the (M/2— 1)th
order modified Bessel function of the first kind [19].
Next, we evaluate the probability of A=A, say Py.
Let Y; = |w} (N)|* forj =0,..., M — 1. When N is
large enough, Y, has a noncentral chi-square
distribution with two degrees of freedom, whereas
Y;, j#4, has a chi-square distribution. The
corresponding probability density functions can be

shown as
Wil + Wy ol
PYA()’)=2%CXP<—020% Iy ﬁ 00% 5
(59)
y .
pY/O}) _2 (_F)a y>05 J#As (60)
01 01

where wy, , denotes the (4 + 1)th element in wy,
with |th|2 = 1. With (59)—(60), P, is given by

Py = PI‘(Yj< YA) (61)

00 B M—1
/0 [/0 py,(ﬁ’)dﬁ’] Py (BB, 4,
()

where the i.i.d. property has been applied in (62).
Finally, we can have Pp = PcPy, Py =1— Pc,
Pgi =1 — Pp — Py. Then, (50) can be evaluated.

5. Simulation results

To demonstrate the effectiveness of the proposed
system, we report some simulation results in this
section. First, we set common parameters used in
simulations as follows: U =256, M =8, K =28,
T, = 100U chips, o7 =1, u =3x 1077, wi(0) =
and w{(0) = (1//M)[1, ' for ¢g=0,...,0—1.
Also, for convenience, the DoAs are ﬁxed to be
{pre)X_, =1{0.41,0.56,0.78, —0.20, —0.52, —1.12, 1.12,
0.94} (radians) in all simulations.

In the first set of simulations, we examine the
convergence behaviors of the proposed adaptive
system. This includes the MSE convergence of
the system, the SINR convergence behavior of the
spatial filter, and the weight convergence of the
temporal filter. All experimental results are derived
from an average of 400 trials. In these experiments,
we let M =38, the array input SINR be —10dB
(¢ = 1), and the powers of jammers be equal. Fig. 4
shows the MSE convergence curve for the proposed
system with the inphase cell (¢ = v). It can be seen
that the steady-state MSE value approaches to the

theoretical value 0.28 around n = 1300. The theore-
tical MSE value is calculated from (37). In the same
figure, we also show the MSE with an outphase cell
(g#v). It is apparent that the experimental MSE is
more fluctuating. This is because that J?. | g#v, is
much greater than J};, making the corresponding
excess MSE larger. Fig. 5 illustrates the SINR
convergence curve for the beamformer output [see
y(n) in (38)]. The SINR starts from —11dB and
eventually reaches the optimum value 4.18 dB. The
theoretical value is derived from (42) and is shown
with the horizontal line in the figure. We omit the
results for g#v, in which the experimental SINR is
around —10dB. This indicates that the spatial filter
cannot suppress interference for outphase cells.
From the figure, we conclude that the adaptive

1.5

|
|
| [
I |
‘ »‘ o
)

*W‘,' m ‘ M‘w l

i L d“ )‘IW‘% wd'}r '«H ”«f‘l 'wh;!‘”';*

\

i i
1.0 i ]
—— Experimental, g =v
'C-',J) =+ Theoretical, q = v
s — - Experimental, q #v
Theoretical, g #v
0.5

0 500 1000 1500 2000
Iteration

Fig. 4. Convergence curve for MSE when pu=3 x 107* and
M, = 8. Theoretical value is from (37).

SINR dB

- —— Experimental | |
10

0 500 1000 1500 2000

Iteration

Fig. 5. Convergence curve for SINR of y(n) at an inphase cell,
u=3x10"% and M, = 8. Theoretical value is from (42).
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spatial filter can effectively suppress interference
when it operates in the inphase cell. Fig. 6 presents
several experimental beam patterns calculated from
w(N). Here, we let N = 2000. The optimum beam
pattern, derived from (17), is also shown. Note that
the arrow signs indicate the signal DoAs and only
the DoA of the desired user, ¢, is labeled. As seen,
the spatial filter, acting as a beamformer, can
steer the main beam to the incident direction ¢,
and put nullities in the directions of interference.
The convergence behavior of the temporal filter
weights is shown in Fig. 7. We can see that the
tap weight whose indices correspond to the code
delay, [wy A(n)|2, converges to unity, while other
weights, |W¥,j(”)|23 j#A4, converge to a very small
value (only one weight is shown in the figure).

In Figs. 8 and 9, we can see that the theoretical
results calculated using derived formulas all match
the simulated ones very well. Then, we calculate the
mean acquisition time of the proposed system.
Before that, we have to evaluate related probabil-
ities. Fig. 8 shows the comparison of experimental
and theoretical Pg, (versus (). Here, the array input
SINR is set as —10dB. As we can see, Pg, decreases
rapidly as the threshold increases. The experimental
results with M = 8 match the theoretical results [in
(57)] better than those with M = 16. We also see
that the experimental results for N = 1000 and N =
2000 are close. Fig. 9 shows the similar comparison
for Pc. Here, experiment and theoretical results
agree very well for N = 2000. However, they agree
poorly for N =1000. This is because the spatial

o,
100 | 1 ot BRI
—— Experimental
—— Theoretical
<
£ 107" |
(]
e
S -
I Z
@
1072
1073

-15 -10 -05 0 0.5 1.0 15
DoA in radian

Fig. 6. Experimental and theoretical beam patterns for an
inphase cell (N =2000, M;=38, and M =38). Arrow signs
indicate the DoAs associated with all users. The labeled one,
¢, is the DoA of the desired user.
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107
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Fig. 7. Convergence curve for squared temporal filter weights
\wf’tVJ(n)l2 for j=0,...,M{—1 and M = 8. Theoretical value is
obtained from (16).

0.25 T T -
*  Experimental, M, = 16, N = 2000
—=— Experimental, M, =16, N = 1000
—— Experimental, M, =8, N = 2000
0.20 —e— Experimental, M, = 8, N = 1000
—&— Theoretical
0.15 |
£
o
0.10
0.05
0 — o o o
0.02 0.04 006 008 010 012 0.14

Threshold ¢

Fig. 8. Experimental and theoretical probabilities of outphase
false alarm Pg, versus threshold (.

filter has not converged with the given number of
iterations, and Z' tends to be smaller than the
threshold. This behavior is different from that in
Pr, calculation. From Figs. 8 and 9, we can see that
the best { is around 0.07. Using this value, Pg, can
be close to 0 and Pc to 1. The theoretical value of
P, is usually very close to 1. With 10* trials, we find
Py =1(N =2000, M; =8 or My = 16). As a result,
we can let Pc ~ Pp. Since the interference is mainly
suppressed by the spatial filter, Pg; is close to 0.
Substituting derived experimental probabilities into
(50), we can then calculate the mean acquisition
time. Fig. 10 shows the result. In the figure, lower
bounds derived from (51), are also shown. It is
simple to see that if { is too small, Pk, will be large,
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Fig. 9. Experimental and theoretical probabilities of Pc versus
threshold (.
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Fig. 10. Experimental mean acquisition time (chips) versus (.

leading to large mean acquisition time. On the
contrary, if { is too large, Py being equal to 1 — P¢
will be large, leading to large mean acquisition time
also. From the figure, we can observe that { can be
chosen in a wide range of value such that mean
acquisition times can approach lower bounds.
Finally, we conduct performance comparison for
the correlator-based scheme in [13], the adaptive
array system in [16], and the proposed system. We
let U = 256, 0% =1, « =1, and the powers of all
jammers be equal. As addressed in [13], the derived
theoretical threshold is not accurate enough to
guarantee that a designated probability of false
alarm (set as 0.01 here) can be achieved. Thus, we
experimentally search for the threshold, processing

10°

—e— Proposed, M, = 16
—e— Proposed, M, =8

—a-- Systemin [16]

- —-- Correlator-based

Mean acquisition time

-25 -20 -15 -10 -5
SINR (dB)

Fig. 11. Mean acquisition time comparison for U = 256.

period (for adaptation), and step size that gives the
minimal mean acquisition time (for each array input
SINR). To ensure a fair comparison, we also search
for an optimum set {u, N,{} that provides the
optimum performance for the proposed system
(M =8 or 16). Here, Pg, is set as 0.01. Similarly,
for the system in [16], the performance is optimized
over {u, N}. Fig. 11 shows the performance compar-
ison for these systems in various SINRs. From the
figure, we first can see that the correlator-based
system has the worst performance. This is because
the beamformer training cannot be accomplished in
a short processing period, especially in serious MAI
environments. The system in [16] exhibits the best
performance. It can outperform the correlator-
based system by an order of magnitude. Comparing
to that in [16], the proposed system somewhat
compromises the performance. However, its com-
putational complexity is much lower. For example,
with M, = 8, the temporal filter size is just 31—2 of that
in [16]. We also can see that for the proposed system
with M = 8 performs slightly worse than that with
M = 16. We can expect that the larger the M, the
smaller the performance loss. Thus, we can have an
easy tradeoff between performance and computa-
tional complexity.

6. Conclusions

In this paper, we proposed a low-complexity
adaptive array code acquisition scheme, especially
being suited to large-delay channel environments.
Applying the serial-search technique, we can
greatly reduce the temporal filter size, so does the
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computational complexity. The proposed scheme
also allows an easy tradeoff between performance
and computational complexity. With the special
designed structure, the proposed system is able to
suppress MAI and estimate code delay simulta-
neously. It can outperform the conventional
correlator-based system. We also analyze the con-
vergence behavior and the mean acquisition time of
the proposed scheme, and derive related closed-
form expressions. Simulations verify that theoretical
and experimental results agree well. In this paper,
we only consider the flat-fading yet integer chip-
delay channels. With minor modifications, the
proposed system can be easily extended to multi-
path yet fractional chip-delay channels [16]. This
issue may serve as a topic for further research.
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