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This paper deals with the problem of robust adaptive array beamforming by exploiting the signal cyclostationarity. Recently, a
novel cyclostationarity-exploiting beamforming method has been proposed by J.-H. Lee and C.-C. Huang (2009) for dealing with
the situation of multiple signals of interest (SOI) based on the LS-SCORE algorithm. This method is referred to as the multiple LS-
SCORE (MLS-SCORE) algorithm. However, the MLS-SCORE algorithm suffers from severe performance degradation even if there
is a small mismatch in the cycle frequencies of the SOIs. In this paper, we evaluate the performance of the MLS-SCORE algorithm
in the presence of cycle frequency error (CFE). The output SINR of an adaptive beamforming using the MLS-SCORE algorithm
deteriorates like a sinc function as the number of data snapshots increases. To tackle this difficulty, we present an efficient method
to find an appropriate estimate for each of the cycle frequencies of the SOIs iteratively to achieve robust adaptive beamforming

against the CFE. Simulation results for showing the effectiveness of the proposed method are provided.

1. Introduction

For conventional array beamforming, the a priori informa-
tion required for adapting the weights is either the direction
vector or the waveform of the signal of interest (SOI) [1].
A signal with cyclostationarity has the statistical property of
correlating with either a frequency-shift (referred to as spec-
tral self-coherence) or a complex-conjugate version (referred
to as spectral conjugate self-coherence) of itself. For example,
spectral self-coherence is induced at multiples of the symbol
rate in PCM signals and spectral conjugate self-coherence is
commonly induced at twice the carrier frequency in BPSK
signals [2, 3]. By restoring those properties at a known value
of frequency separation, it is possible to extract the SOI and
suppress the signals not of interest (SNOI) and noise. Adap-
tive beamforming utilizing signal cyclostationarity has been
widely considered [3-5]. These cyclostationarity-exploiting
techniques do not need training signals, the knowledge of
array manifold, or noise characteristics. The least-square
spectral self-coherent restoral (LS-SCORE) algorithm has
been presented by [3] to deal with the problem of blind

adaptive signal extraction. As the number of data snapshots
approaches infinity, it has been shown in [3] that the
performance of the LS-SCORE algorithm approaches that of
the conventional beamforming methods developed by max-
imizing the output signal-to-interference plus noise ratio
(SINR). The a priori information required by the LS-SCORE
algorithm is only the cycle frequency of the SOI. Hence, its
performance is sensitive to the accuracy of the presumed
cycle frequency. However, the actual cycle frequency may not
be known very well in some applications due to, for example,
the phenomenon of Doppler shift. Accordingly, several
existing works deal with the cycle frequency error (CFE)
have been presented by [6—8]. The robust cyclostationarity-
exploiting beamforming methods presented by [6, 7] are
in conjunction with the SCORE algorithms. These methods
developed an iterative procedure to find an appropriate
estimate of the cycle frequency of the SOI. Recently, a robust
cyclostationarity-exploiting direction-finding approach [8]
adopts the average of the cyclic correlation matrices in
a presumed range of cycle frequencies including the actual
one to alleviate the performance degradation due to the CFE.
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Nevertheless, the aforementioned methods consider the case
of one SOI with CFE.

For many practical applications, such as satellite com-
munications [9], an antenna array is required to possess
the beamforming capability that receives more than one
SOI with specified gain constraints while suppressing all
SNOI. This goal can be achieved using an antenna array
with a multiple-beam pattern [9, 10]. Recently, a novel
cyclostationarity-exploiting beamforming method has been
proposed by [11] for dealing with the situation of multiple
SOIs based on the LS-SCORE algorithm. This approach
is referred to as the multiple LS-SCORE (MLS-SCORE)
algorithm. It has been shown in [11] that the solution of
the MLS-SCORE algorithm converges to the solution of
the conventional linearly constrained minimum variance
(LCMV) as the number of data snapshots approaches
infinity. In this paper, we first evaluate the performance
of the MLS-SCORE algorithm in the presence of CFE.
This results in an analytical formula that demonstrates the
behavior of the performance degradation for the MLS-
SCORE algorithm. It is shown that the output SINR
of an adaptive array beamformer using the MLS-SCORE
algorithm deteriorates like a sinc function as the number of
data snapshots increases. To overcome the CFE difficulty, we
then develop an efficient method to formulate the problem
as an optimization problem for reducing the CFE of the SOIs
iteratively. Finally, the convergence property of the proposed
method is evaluated. The effectiveness of the proposed
method is demonstrated by several simulation examples. It
is shown that the proposed method can effectively cope with
the performance degradation for the MLS-SCORE algorithm
to achieve robust capability against the CFE.

This paper is organized as follows: in Section 2, we
briefly describe the property of signal cyclostationarity, the
MLS-SCORE algorithm [11], and the performance analysis
of the MLS-SCORE algorithms under CFE. The proposed
method is presented in Section 3. The convergence analysis
of the proposed method is presented in Section 4. Simulation
examples for confirming the effectiveness of the proposed
method are provided in Section 5. Finally, we conclude the
paper in Section 6.

2. Preliminaries

2.1. Signal Cyclostationarity. Many man-made communica-
tion signals exhibit cyclostationarity with cycle frequency
equal to the twice of the carrier frequency or multiples of
the baud rate or combinations of these [2]. According to [2],
a signal s(t) is said to possess the second-order periodicity
with cycle frequency « if and only if the cyclic or the cyclic
conjugate autocorrelation function given by

(1)

res(a, T) = 711520 <s(t)5* (t — T)e—j2nat> -

or

7’55*(0(, T) = ’111_1.20 <5(t)$(t _ T)e—j2mxt>T (2)

does not equal zero at cycle frequency « for some time delay
7, where the superscript “*” denotes the complex conjugate
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and (-)7 = (1/T) [ -dt represents the finite-time average
operation. Moreover, s(t) is addressed as possessing the self-
coherent or conjugate self-coherent properties for ry(a, 7) or
15+ (a, T) does not equal zero at cycle frequency a. In matrix
form, the cyclic conjugate autocorrelation matrix associated
with the data vector x(¢) can be expressed as

Row (,7) = Jim (x(Ox(E = 7)) (3)

where the superscript “T” denotes the transpose operation.

2.2. The MLS-SCORE Algorithm. Consider that there are
total (K + d) far-field narrowband signals including d SOIs
and K SNOI impinging on an M-element antenna array.
Assume that the background noise is spatially white. The
received data vector x(t) is given by [1]

d K d
x(t) = > aisi(t) + > bje(t) +n(t) = > ais;(t) +v(t),
i=1 k=1 i=1

(4)

where s;(t) and ji(t) are the waveforms of the ith SOI and
the kth SNOI, a; and by, represent the direction vectors of the
ith SOI and the kth SNOI, and v(#) includes the SNOI and
noise, respectively.

Without loss of generality, we suppose that the SOIs
are cyclostationary and have the cycle frequencies «, where
o = {a;li = 1,2,...,d} denotes the set of cycle frequencies
of the SOIs. However, v(t) is not cyclostationary at « and is
temporally uncorrelated with the SOIs. Based on the MLS-
SCORE algorithm [11], the optimal weight vector is given by

Wons (@) = argmin (| y(t) — 2(@, 1)|*) (5)

where the array output y(f) = w'x(t), and the reference
signal z(a, t) is given by

d
z(a,t) = Mu(a, t) = Hx*(t — 1) e, (6)
i-1

where u(a,t) = x*(t — 7) Zil e/2mit denotes the control
signal and c a fixed control vector. Moreover, the superscript
“H” denotes the conjugate transpose. Let the sampling
interval be T;. The optimal weight vector of (5) with n data
snapshots (i.e., T = nT;) used is given by

Wints (@, 1) = Ry} (m)Ez (1), (7)

where Ry (1) = (x()x(1))7 and Fo. (o, 1) = (x(£)z* (o, £)) 7
are the sample autocorrelation matrix of x(¢) and the sample
cross-correlation vector of x(¢) and z(a,t), respectively. It
has been shown in [11] that Wys(a, n) converges to the
solution of the conventional optimum array beamform-
ing based on the linearly constrained minimum variance
(LCMV) criterion when T approaches infinity. We note
from (4) and (6) that Ty (a,n) = Ry (a,n)c, where the
sample cross-correlation matrix ﬁxu(oc, n) is defined as

d
Ralan) = (x(Ou(a,8)) = D Ree (a7),  (8)
i=1



EURASIP Journal on Advances in Signal Processing

where Ry (i, 1) = (x()xT(t — 7)e /2™ty is the sample
cyclic conjugate autocorrelation matrix of x(¢). We observe
from (7) that the a priori information required for comput-
ing the optimal vector Wys(a, 1) is only the cycle frequencies
of the SOIs. Hence, the performance of the MLS-SCORE
algorithm is sensitive to the accuracy of the presumed cycle
frequency for each of the SOIs. However, the actual cycle
frequency may not be known very well in some applications
due to, for example, the phenomenon of Doppler shift. Next,
we evaluate the performance of the MLS-SCORE algorithm
in the presence of CFE.

2.3. Performance Analysis under CFE. From (8), the sample
cyclic conjugate correlation matrix at the presumed frequen-
cies & is approximately equal to

d
Ra(@,n) = > Ty (83, )aia) + Ry (8, 7) (9)

i=1
as the number of data snapshots is large enough, where
oo (@i, 1) = (si(t)si(t — T)ei2mty 1 is the sample cyclic
conjugate autocorrelation function of the ith SOI, and
R, (&,7) = (v(OVI(t — 1) Z,il e~jzmaity. denotes the sam-
ple cyclic conjugate autocorrelation matrix of v(¢). In fact,
ﬁxu(&,n) also includes the sample cyclic cross-correlations
between the SOIs, the SOIs and the SNOI, the SOIs and
noise, and the SNOI and noise. However, they are negligible
when T is large enough. Due to the fact that the cyclic
spectrum of a cyclostationary signal is discrete in the cycle
frequency, the cyclic conjugate correlation function of the ith
SOl is given by

rost (@, 7) = D pin(1)8 (a4 — ay), (10)
1

where a;;’s are the cycle frequencies of ith SOI, p;;(7) denotes
the strength of the ith SOI at cycle frequency «;;, and &(-)
represents the Kronecker delta. According to (10), the sample
cyclic conjugate autocorrelation function of the ith SOI is
given by

Pt (80, 7) ~ D pia(t)sine((@; — a;) T), (11)
1

where sinc(x) = (sin(7x))/7x is a sinc function. Substituting
(11) into (9) yields

d
R (@,n) = > > pu(r)sinc((@; — aip) T)aa) + Ry (&, 7).
im1 1
(12)

Let the presumed cycle frequency of the ith SOI be denoted
by & = a1 + Aa; (i.e., @ = a + Aa), where a;; and Aa;
represent the actual cycle frequency and the amount of CFE
of the ith SOI, respectively. Then, (12) becomes

d
Ru(@,n) ~ Z{ﬁi,l(f)sinC(AociT) + zﬁi,z(f)siHC(&i,zT)}
i=1 I#1

x aal + R, (@, 1)
(13)

with &;; = &;; — a;; + Aa;. Equation (13) reveals that

d
T (O, n) = z{ﬁi,l(r)sinc(AociT) + Zﬁi,;(‘r)sinc(&i,zT)]»

i=1 I#1

X (cHa,»* )ai +R (& 7)c.
(14)

From (14), we note that the effect of the SNOI and
noise is negligible when Aa; = 0. Accordingly, T, (a,n) is
approximately equal to Z,il yiai, where y; = pi1(cfaf) is
a constant. It has been shown by [11] that Wys(a, ) of (7)
converges to the LCMV beamformer as long as c/a; # 0 for
all i. On the contrary, when Aa; # 0, we note that there exists
the effects of cycle leakage on T, (@, n) through a sinc window
due to the fact that sinc(Ae; T) = 0 when Aa; T equals to an
integer or T approaches infinity. Consequently, the output
SINR of an adaptive array beamformer based on the MLS-
SCORE algorithm exists periodic nulls as the number of data
snapshots increases. This leads to performance degradation
for the MLS-SCORE algorithm.

3. The Proposed Method

From (14), we observe that both of the sinc(Aw;T) and
sinc(@;;T) approach zero as T increases when CFE exists.
Hence, the performance degradation for the MLS-SCORE
algorithm becomes severer as T increases. To overcome the
difficulty, we present an efficient method in conjunction with
the MLS-SCORE algorithm to find an appropriate estimate
fora;,i=1,2,...,d.

First, we derive a squared error based on the solution
of the MLS-SCORE algorithm shown by (7) and replace
Winls (@, 1) with Wiis (@, 1) to obtain

Jis = (I3 (0 = 2@ %),
= Agls(aa n)ﬁxx(n)ﬁ'mls(&; l’l) - cHﬁ;I;Iu(aa n)ﬁ'mls(&a l’l)

— W (@, n)Ry, (& n)c + cRE (n)c

= R} (n)c — wH (@, n) Ry, (@, n)c,

(15)

where y(t) = @gls(&,n)x(t). We note that [ of (15)
is greater than or equal to zero. Hence, minimizing Jms is
equivalent to maximizing the second term of (15) which is
redefined as follows:

C(&n) = W, (& n)Ryy, (& n)c. (16)

We note that the objective function C(a,n) achieves its
maximum when a = a and decays to zero as the number of
snapshots increases when a # &. Therefore, (16) can be used
as an objective function for formulating an optimization
problem. Then, we resort to solving the following optimiza-
tion problem:

max C(a, n). (17)



Using the steepest descent method for solving (17), we take
the derivative of C(a, n) with respect to a as follows:

VaC(a,n) = aa { mls(oc,n)qu(oc,n)c}

_ R u(@m) g (MR (&, n)c
ox

+ HRH (&, MR (n )aR"“(“ 1)

= 29%{ aR’“”(A“ ”)Ax;( )Ry (@, n)c}
o

= 2R{MRH (@, 1) Wonts(@, 1)},
(18)

where PR{y} denotes the real part of y and ﬁ)’m(&,n) =

(0R,, (&, 1))/9&. In vector form, we can rewrite C(&,n) of
(18) as follows:

Ve C@nm] [ 298] cHRE @, m) W@ )} |
V4, C(@,n) Zm{CHﬁ;g(&z,n)ﬁ’mls(&,”)}
Ve, C@m | | 2R{MRE @4, m)Wints(Grm) ]

(19)

with R, (&, 1) = (0Rw (& n))/0&, i = 1,2,...,d, is given by

R, (@5,n) = (x(x"(t = 1)e 28 (= jamt)) . (20)
Accordingly, we update a at the time instant (n+1) as follows:

an+1) =aln) + (I)(I’l)V&C(&,n)\&=&(n), (21)

where ®(n) = diag{ui(n),u2(n),...,ua(n)} is a diagonal
matrix. The diagonal entries p;(n), i = 1,2,...,d, are
positive real-valued parameters referred to as the step-size
parameters. To ensure the convergence of the steepest-
descent algorithm used by (21), we set the ith step-size
parameter equal to

piln) = P [Re@ ), } ], (22)

where Ama {R} denotes the maximum singular value of
the matrix R, and P; is the appropriate positive real value
determined by experiment. Substituting a(n + 1) of (21)
into (7), the corresponding optimal weight vector at the time
instant (n + 1) is given by

R (n+ e @n+1),n+1).
(23)

Wmis(@(n+1),n+1) =

For practical implementation, we compute the required
sample correlation matrix Ry,(n) and the cross-correlation
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vector Ty, (a(n),n) by utilizing (24), where x(n) = x(nTj)
and Ly is a preset positive integer. Since @(n) becomes more
appropriate as n increases, we use Ly data snapshots to update
the corresponding correlations for increasing the effect on
the estimates of the considered correlations shown by (24)

Ra(m) = (1= JRecln = 1)+

! x(n) x(n)
n

LS Xz @, forn < Ly
I=1
tam,m = { (1) Joel@n -1, -1)
+! > x(Dz*(a), ), forn > Ly
I=n—Lo+1
(24)
4. Convergence Analysis

Here, the convergence property of the proposed method is
evaluated. For simplicity, we set 7 = 0. The objective function
C(a@,n) of (16) can be rewritten as

C(@,n) = MR (&, n)R.! (n)Ry (&, n)c

{ zx*(l)xH(l)zeﬂm’lT]’ L)

i=1

r d
X ‘{,11 zx(k)XT(k) z ej2n&kas}c

k=1 m=1
(25)

1
~ e

M~

d n n
H_ * T
zzz c'x*(Dx" (k)¢

1m=1]=1k=1 A

—

i

—j2m (k@ —la;) Ty
>

x A xT (DR (n)x(k) te
A

where the term A; in (25) can be expressed as

d (4 !
= CH‘{ZaiSi(l) +V(l)]’ { Z A (k) +V(k)} ¢

i=1 m=1

d
~ zs?‘(l)si(k){cHa*aTc} +cHv*(DvT (k).
i=1
(26)
We note from (26) that the cross-terms disappear due to
the assumed uncorrelation between s;(t) and s,,(t). As to the
term A,, we have

d
Z F(Dsm(k) {2l R (ma | + v (DR (m)v(k)

ZZ
T Ms:.

U

~ 2 (Dsi(k) {al’ Ry} ()i} + v (DRG] (m)v(k).

(27)
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The approximation is obtained due to a’ R} (n)a,, ~ 0 when
i#m as the number of data snapshots n is large enough.
According to (26) and (27), we have

d
AAy = YA} (0 {al Ry (ma |
i=1 (28)

+ v (DV (DR (n)v(k)vT (K)c.

Substituting (28) into (25), we obtain an approximation for
C(a,n) as follows:

d n n

n? zz z { {S%(l)e*ﬂﬂ&,lTs}* {S%(k)eszn&,vkn}

i=ll=1k=1

C(a,n) =

cHaf

X {af’ﬁ;;(n)a,-}

+cH {V(l)vT(l)Zf{:wﬂ”af’T‘ } .

xR (n) [v (kv (k) zi e L o]

2
cHaf|

M&

Tost (0(,,0)’ { al'R; l(n)a,}

i=1

x RE.(&,0)R_! (n)R,+ (&,0)c.

(29)

We note from (29) that the last term vanishes asymptotically
due to & (note that @ = a(n)) becomes more appropriate as
n increases. Accordingly, the ith entry V4 C(@, n) in (19) can
be further expressed as

3|7 @,0)|°
0a;

V& C@,n) ~ {2l R (m)a;] | caf

(30)

For binary phase-shift-keying (BPSK) signals, we assume
that

si(t) = g/ttt (31)

where 0; and y;(f) denote the amplitude and the random
phases equal to +7/2 for the ith SOI, respectively. Conse-
quently, we have

Tost (@3,0) = —afsinc((@; — o) T). (32)

5
Consider the case of &; = &; + Aa;. Then, (32) leads to
075+ (i, 0) _ 2 osinc(Aw; T)
o0a; B i JA«;
_ 2 nAo; T cos(mAe; T) — sin(mAo; T)
! m(Aa;)*T ’
R 2
0 Ts;sf (ai, 0) ‘
N = 20sinc(Aa; T)
a(x,’
nAo; T cos(mAa;in) — sin(mwAw; T)
(AT
(33)
Therefore, (30) becomes
Vs C(@,n) ~ 20{lsinc(A0ciT){a,’»{ﬁ;;(n)a,-} cHaf
y mAo; T cos(mAe; T) — sin(mAw; T)
m(Aa;)* T '
(34)

Next, substituting (31) into (20) and performing some
algebraic manipulations, we have

ﬁ)’m(&i; n) ~ o2 aAo; T cos(mAa; T) — sin(mAo; T) a zT
n(Aa)*T
+ SNOI-related terms.
(35)

At the time instant n, the time interval T = nT, and
the estimated cycle frequencies are given by a(n). In order to
make the influence due to SNOI negligible, it is appropriate
to make sure that the relationship given by

|Aa;(n){nT}| < i=1,2,...,d, (36)
is kept, where Aa;(n) = a;j(n) — a;. Accordingly, the
maximum singular value of Ry;(a;(n),n) is approximately
equal to

mAa;(n)T cos(mAa;(n)T) — sin(mAa;

2 2
Mo, 2(Aai(m)2T

(37)

where M = af'a;. As a result, the ith step size parameter y;(n)
of (22) is equal to

{Mzor,-2

It follows from (21) that

nAa;(n)T cos(mAa;(n)T) — sin(mAa;(n)T) ‘ }_P’
n(Aai(n))*T

(38)

Aa(n+1) = Aa(n) + ®(n) Vi Cla(n), n) (39)



since &(n) = a + Aa(n). Substituting (34) and (38) into (39)
yield

Aai(n+1){(n+1)T,}

= {Aai(n) + pi(n) Vo, C@i(n), )} {(n + 1T} = Aai(n)

i

.{nA(xi(n)nTs cos(mAa;(n)nT:) —sin(mAa;(n)nTy) }13
m(Aai(n)) nT,

+ {ZM_ZP’0;172P’sinc(Aoci(n)nTs) {af{f{;xl (n)ai} cHaf

X {(n+1)Ts}.
(40)

Here, we prove that |[Aa;(n + 1){(n + )T} < 1/2 if
[Aai(n){nTs}| < 1/2 to ensure the convergence of the
proposed method. Substituting the extreme value 1/2 for
Aai(n){nT;} into (40) and performing some necessary
algebraic manipulations yields

+1 n+1

Aai(n+ 1) {(n+ DT~ 70

o Vinpi_l, (41)

where y; = 24’2P"M’2P"0;172P" Y Y {a?ﬁ;xl (n)a;}|cMaf| g
Hence, under the condition of |A«a;(n){nTs}| < 1/2, we have

1 n
-1< — Vi <0. 42
2n—-1) V- h! (42)
It follows from (42) that
1< 1 2n — 1)(71-;—_1)) - 1 _yjn+1
2n 2nPi(n—1)"""  2n nPi—1
By
(43)
1 n+1
< - s p =
2n 2nPi(n—1)""""
By

From (43), we note that By < 0if 1 < P; < 2, B, > —1if
P; = 2,and B, < —1if P; = 1. Accordingly, there exists some
P; that can be appropriately chosen between 1 and 2 to make
that [Aai(n+1){(n+1)T}| < 1/2. Similarly, substituting the
other extreme value —1/2 for Aa;(n){nT} into (40), we have

n+1 n+1
Aai(n+ Di(n+ 1T} =~ - oy TVipa (44)
when 7 is large enough. It is easy to show that
1> 1 N (2n — 1)(n-2kj)) . 1 Yin-i-l
2n 2mPi(n—1)""" 2n nPi-1
(45)
1 i+1
Z p—

+ >
2n 2pPi(n— 1%

for 1 < P; < 2. Hence, there exists some P; between 1 and 2
such that [Aa;(n+ 1) {(n+ 1)T}| < 172 if |Aa;(n){nT}| <
1/2. As a result, by exploiting the spectral conjugate self-
coherence property of the BPSK signals, the convergence of
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the proposed method can be guaranteed. However, for other
types of cyclostationary signals such as QPSK signals or QAM
signals, the convergence property may be different from that
of BPSK signals. As a result, we have to find 7, (a;,0) from
the complex waveforms of QPSK signals or QAM signals.
Then, we follow the similar procedure as described by (33)
to (44) to show the convergence property for other types of
cyclostationary signals such as QPSK signals or QAM signals.

5. Simulation Examples

Here, we present two simulation examples to show the
effectiveness of the proposed method. For all simulations,
we use a uniform linear array (ULA) with M = 10 array
elements and interelement spacing equal to 0.5 v, where v is
the wavelength of the SOIs. Assume that the SOI and SNOI
are BPSK signals with rectangular pulse shape. The SOI have
the signal-to-noise ratio (SNR) and baud rate equal to 5dB
and 5/11, respectively. Two SNOIs with cycle frequencies
equal to 4.6 and 7.8 impinge on the array from —20° and
40° off broadside, respectively. Moreover, the SNOI have
the interference-to-noise ratio (INR) and baud rate equal to
10 dB and 5/11, respectively. The sampling interval T is set to
0.1, Ly = 100, the control vector cis givenby ¢ = [10 - - - 0]7,
and P; = 1.9,i = 1,2,...,d for simplicity.

Example 1. We present the output SINR versus the number
of data snapshots for comparison. In this example, we
consider the case of two SOIs (d = 2) with cycle frequencies
a = {2,4} impinging on the array from 10°, 50° off
broadside. Moreover, we assume that the CFE of the SOIs
is A = {0.01,-0.02}, that is, « = {2.01,3.98}. We
observe from Figure 1 that there are periodic nulls for the
original MLS-SCORE algorithm with CFE as the number
data snapshots increases. In contrast, the proposed method
can effectively cope with the performance degradation due
to the CFE and provides the performance very close to that
of the original MLS-SCORE algorithm without CFE.

Example 2. Consider that there are three SOIs (d = 3) two
of the SOIs are the same as those used by Example 1, and
the other SOI has different cycle frequency equal to 9 and
is impinging on the array from —20° off broadside. Here,
the CFE is set to Aa = {0.01,—0.01,0.02}, that is, & =
12.01,3.99,9.02}. As expected, we observe from Figure 2 that
the performance degradation of the original MLS-SCORE
algorithm becomes severer as the number data snapshots
increases when the CFE exists. The proposed method works
satisfactorily in the same circumstances.

6. Conclusion

This paper has evaluated the performance degradation of
the original MLS-SCORE algorithm in the presence of CFE.
An efficient method in conjunction with the MLS-SCORE
algorithm has been proposed to overcome the CFE difficulty
for achieving robust adaptive beamforming. Based on the
proposed method, an appropriate estimate for each of the
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Output SINR (db)

1000 2000 3000 4000 5000 6000 7000 8000
Number of data snapshots

—— The MLS-SCORE algorithm without CFE
—— The MLS-SCORE algorithm with CFE, Aa = {0.01, —0.02}
- - - The proposed method with CFE, Aa = {0.01, —0.02}

FiGure 1: Output SINR versus number of data snapshots for
Example 1.

Output SINR (db)

A

1000 2000 3000 4000 5000 6000 7000 8000
Number of data snapshots

—— The MLS-SCORE algorithm without CFE
—— The MLS-SCORE algorithm with CFE,
Aa = {0.01,-0.01,0.02}
- =~ The proposed method with CFE, Aa = {0.01, —0.01,0.02}

FiGure 2: Output SINR versus number of data snapshots for
Example 2.

cycle frequencies of the signals of interest is found iteratively
by utilizing the steepest-descent method. The convergence
of the proposed method has been shown for the case of
using BPSK signals. Simulation results demonstrate that
an adaptive beamforming using the proposed method can
effectively cure the performance deterioration due to CFE
and provides the performance very close to that of using the
original MLS-SCORE algorithm without CFE.
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