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Abstract

Two novel adaptive multiple-beamformers for reception of coherent signals with known directions-of-arrival (DOAs)
in the presence of uncorrelated interferences are proposed. The first approach is a two-step solution as follows: estimate
the amplitudes of all the coherent signals using a subspace method and then construct the linearly constrained minimum
variance beamformer from the generalized array mainfold. The second approach applies multiple linear constraints
determined from the DOAs of the coherent signals to develop a minimum variance beamformer, which can achieve
efficient signal utilization. To cope with performance degradation due to sample covariance errors, DOA estimation
errors and other array imperfections, the eigenstructure of the covariance matrix is exploited to improve the
performance of the proposed approaches by constraining the weight vector in the signal subspace. Simulation results
are presented which compare the performance of the proposed algorithms with that of the minimum mean square error
approach.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction

Coherent sources are common in many practical

problems. A well-known example is multipath
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much smaller than the reciprocal of the signal
bandwidth. Conventional adaptive beamforming
approaches, which assume uncorrelated signal
sources, suffer from signal cancellation in the
presence of coherent signals. To eliminate signal
cancellation, possible solutions [1,14,15,17]
include the use of averaging over either spatial
or frequency domain to destroy the coherent
components prior to beamforming. After de-
correlating the coherent signals, the beamformer
can then put nulls in their directions-
of-arrival (DOAs). This approach is further
refined in [18] by the use of high-order null
constraints in the DOAs associated with the
coherent signals. In [5,8], signal cancellation in
the presence of coherent interferences is attributed
to the non-Toeplitz structure of the estimated
covariance matrix and techniques of redundancy
averaging and enhanced redundancy averaging are
proposed, which put nulls in the DOAs of the
coherent interferences.

However, in some scenarios, such as multipath
propagation, steering the nulls in the directions of
the coherent signals is not desirable. This is
because to fully exploit the information of the
coherent signals a beamformer should construc-
tively combine these signals instead of canceling all
but one of them. A cumulant-based blind beam-
former has been developed in [6] in the presence of
coherent multipath propagation. In this approach,
multipath components are utilized instead of de-
correlated, but this is only feasible in situations
where the desired signal and the interference are
non-Gaussian and Gaussian, respectively. A two-
stage procedure for the reception of coherent
signals and the suppression of strong interference
has also been proposed in [13]. The first step uses
an interference-blocking (IB) transformation to
remove the strong interference, while retaining the
desired signals and noise. Optimum beamforming
is then performed based on the IB transformation
data to maximize the output signal-to-interfer-
ence-plus-noise ratio (SINR). However, this meth-
od is only suitable for a very small signal-to-
interference ratio. By constructing a steering
matrix with each column corresponding to the
steering vector of a selective beam and a constraint
vector with each entry equal to the gain of a beam,

Lee and Hsu [10] propose an adaptive array
beamformer with multiple-beam constraints,
although the details of obtaining the constraint
vector are not discussed. A beamforming scheme,
consisting of three steps, is developed for the
reception of multiple coherent signals in [12].
Here, estimates of the coherent source di-
rections are used to restore the composite steering
vector (CSV). A transformation is then carried
out to remove the coherent signals while retaining
the interference and noise. Finally, optimum
beamforming is performed based on the CSV
and the transformed data to maximize the output
SINR. However, this scheme needs the DOA
information of all signals, including that of the
interferences.

Coherent signal beamforming can be achieved
by using an antenna array with a multiple-beam
pattern selected such that the beams are directed to
all the coherent signals and their gains are
proportional to the corresponding coherent signal
amplitudes. In this paper, we present two adaptive
beamforming approaches which wuse multiple
beams for coherent signal reception as well as
interference suppression. We assume that the
DOA information of the coherent signals is
available or has alrecady been estimated
[7,3,11,20] but their amplitudes are not known a
priori.

The rest of the paper is organized as follows.
The data model is presented in Section 2. Two
new beamforming approaches, the first a
linearly constrained minimum variance (LCMYV)
beamformer and the second a multiple constrained
minimum variance (MCMYV) beamformer, are
developed in Section 3. Section 3 also reviews
the optimum minimum mean square error
(MMSE) combiner and statistically optimal
interference-plus-noise rejecter. The performance
of the proposed LCMV and MCMV beam-
formers is analyzed in Section 4. To overcome
the problem arising from sample covariance errors
due to finite samples, DOA estimation errors and
other array imperfections, the use of an eigen-
space-based beamformer that constrains the
weight vector in the signal subspace is also
discussed in Section 4. In Section 5, simulation
results are presented to illustrate the effectiveness
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of the proposed methods. Finally, conclusions are
drawn in Section 6.

2. Data model

Assume that plane waves emitted by a group of
P coherent sources and J uncorrelated interfer-
ences impinge on a M-element antenna array
from directions 04, i=1,2,...,P and 0,,
i=1,2,...,J, respectively, where the numbers of
the coherent signals and interference sources and
the bearings of the coherent sources are known a
priori. All the sources are assumed to be narrow-
band with the same center frequency and in the far
field of the array. The received array signal vector
can be expressed as

P

J
X(1) = sa(1) Y a(0a) + ) si(Da(0,,) + (),

i=1 i=1
(1

where s4(2) represents the desired signal waveform,
the quantity o; represents the complex amplitude
of the ith coherent signal and |o;| <1, i=1,...,P.
The M x 1 vector a(0) is called the steering vector
of the array, and s;(¢) represents the ith inter-
ference with power a? =E{s;(0)*}, i=1,2,...,J.
The n(¢) is a spatially white noise vector
with power o2. It is assumed that sq(z), {s:(1)},
and n(f) are uncorrelated with each other.
For a more general data model, interested
readers can refer to [8]. The signal-to-noise
ratio (SNR) for the ith coherent signal is
defined as SNR; = E{|o; - s4()|*} /02, and interfer-
ence-to-noise ratio (INR) for the ith interference is
defined as INR; = g7 /g2, respectively. Denote the
composite vector associated with the coherent
sources by

P
A=Y oals)=A-a, ()
i=1

where A = [a(0q,),a(04,),...,2(04,)] and a = [a;,
o, .. ,ocp]T. Note that a is also referred to as the
generalized array manifold (GAM) [6] of the
desired signal. If we further denote the interference
vector by i(?) = Z{zlsi(t)a(ﬁu,), then (1) can be

written as
x(2) = sa(H)a +i(?) + n(2). (3)

The covariance matrix of x(¢) is given by
R, = E{x(/)x(1)""}, where ()" denotes conjugate
transposition. Given x(¢f) and A, the aim is to
devise optimum beamforming weight vectors.

3. Development of new beamformers

The MMSE combiner is first reviewed. If the
waveform of the desired signal is known, that is
when a training signal is available, the optimum
weight vector w for processing x(¢) is computed by
minimizing the following mean square error
function

E{]sa(?) — W - x(0)}. 4

The MMSE solution is given by [2]
wumse = Rty %)

where 1y = E{x(?) - s5(2)}, ()" is the conjugate
operation.

Another well known beamformer is the statisti-
cally optimal interference-plus-noise rejecter [1],
whose weight vector is chosen to pass the desired
signal to the beamformer output while maximally
rejecting the contribution of the interferences and
noise. The corresponding weight vector is deter-
mined as

Wopt = arg mwin wHR;,w, subject to wHa =1,

(6)
where Rj, is the interference-plus-noise covariance
or signal-free covariance. The solution to (6) is
wopr = R -3/ Ry - 3). (7)
Note that r,, = ¢33 and R, = Ry, + o3aa" in (5).

Using the matrix inversion lemma, we have

2
04

(Rin + ogaa")™ =Ry —

2:H p-l
l+o527 R " -a

—lxxHp-I
x R "aa "R,
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and with the use of (7), (5) can be expressed as

4zHp-15
gga 'R 'a g
1 S ~H R 3 Wopt- (8)
+oza Ry -a

WMMSE =

Since ﬁHRijllﬁ is a scalar, (8) indicates that the
MMSE combiner is equivalent to the statistically
optimal interference-plus-noise rejecter.

In the MMSE beamformer and the statistically
optimal interference-plus-noise rejecter, the multi-
ple correlated waveforms corresponding to the
coherent signals are optimally combined to max-
imize the output SINR. However, the use of a
training signal implies a waste of bandwidth and a
training signal may not be available in many
practical situations, and the interference-plus-
noise covariance cannot be obtained directly from
the received data. In the following sections, two
blind beamforming approaches, which require no
training signals, are proposed.

3.1. LCMYV Beamformer based on GAM estimation
(LCMV-GAM)

If the GAM of the desired signal is known, that
is the DOAs and complex amplitudes of the
coherent signals are available, a standard beam-
forming strategy is to use the LCMV criterion,
which chooses the weight vector as

. H 2
WLCMV-GAM = argmin E{lw™ - x(2)|},

subject to af'w = 1. 9)

The LCMV-GAM beamformer is given by
R, -
a . R!.a

(10)

WLCMV-GAM =

Since we do not have complete knowledge of a, the
unknown amplitude parameters, o, are first
estimated prior to computing (10). Orthogonality
between the noise and signal-plus-interference
subspaces is exploited to determine o using a
two-step procedure:

Step 1. Identify the signal-plus-interference
subspace from the eigen-decomposition of the

covariance matrix R,

M
Ry = E(x(Ox()"} =) Jiewe]!

i=1

= EAE" + E,AEN, (11)
where L1 =>A>--- Z)LJ-H A =-=Ay = 0'%
are the eigenvalues, and e;, i=1,2,..., M, are

the corresponding orthonormal eigenvectors. It is
assumed that the vectors ({a,a(0,,),a(0,),...,
a(0,,)} are all distinct which means that they span
a subspace of dimension J + 1. We further assume
that both the SNR and INR are sufficiently large
to regard the signal and interference sources as the
main contributors to the largest J + 1 eigenvalues
of R,,. The signal-plus-interference subspace is
then identified as that one spanned by the columns
of the matrix E; = [e},e,...,e;41]. Similarly, the
columns of the matrix E, =[esi2,€513,...,€ex]
spans a subspace, identified as noise alone sub-
space. Any of the vectors {a,a(0,),a(0y,),...,
a(0,,)} should have a minimal projection onto
the noise alone subspace which accounts for Step 2
as follows,

Step 2. Since a = A - a is in the signal subspace,
o can be estimated from the noise subspace as

& = arg min ||E,5‘(A ca)|> = arg min o' Qa,
o o

subject to [lotf|®> = 1, (12)
where Q = A"E,EM'A, which is equivalent to
H
o = arg min{a I?a}. (13)
« | oo

Note that the constraint of ||et]|> = I is to prevent
the trivial solution of zero. A necessary condition
for the uniqueness of & in (13) is strict convexity of
the quadratic form a"Qa or equivalently positive
definiteness of Q which is of dimensions P x P.
Hence, we should have

rank(Q) = min[rank(A), rank(E,)] = P, (14)
ie. min[P,M —J —1]=P, (15)
or M>1+J+P. (16)

which imposes a constraint on the array length.
When Q is positive definite, it is well known that
a is the eigenvector corresponding to the minimum
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eigenvalue of Q. Substituting & into (10) yields the
LCMV-GAM solution.

3.2. MCMYV Beamformer

The motivation for the second approach is the
use of the DOA information of the coherent
signals to construct multiple constraints for the
minimum variance beamformer, such that the
coherent signals are preserved and signal cancella-
tion is prevented. The MCMYV beamformer is
determined from the following constrained opti-
mization problem [18]:

wyemy = arg min E{|w' - x(1) P},

subject to Alw =f, (17)

where f is the P x 1 unknown response vector
which is to be determined. It is clear that f is
dependent on a. According to the theory of
adaptive arrays, the optimal weight vector for
(17) is given by

wyvemy = R_JAARRTA) 7' (18)

In fact, the choice of the constrained vector f
has a significant effect on the system performance.
In [18], f is chosen as [1,0,...,O]T, which
corresponds to preserving the signal in only one
desired direction and forcing the receiver response
in the direction of the remaining (P — 1) coherent
signals to zero. Although the additional con-
straints prevent signal cancellation due to coherent
signals, this method does not make use of the
energy in the coherent signal components and,
therefore, is not optimal.

There have been many successful examples of
cross-fertilisation between the areas of array
processing and channel identification. For exam-
ple, Honig et al. [9] apply an idea from array
processing to channel estimation via optimizing
the receiver’s output energy while constraining the
response of the user of interest to be constant. An
extension of this work to the multipath case is
investigated in [16], where a max/min approach for
optimizing the constraints is devised. We use the
approach in [16] to obtain the constrained vector
in (17) as follows.

Using (18), the array output power can be
expressed as

Pou = E{IW! - x()*} = fHAMRIA) 1. (19)

After preserving the desired signals and sup-
pressing the interference using the multiple
constraints, an optimal constrained vector
is obtained by maximizing (19) subject to
If1> =1, ie.,

f= arg mfalx Py, subject to If)1> = 1 (20)
where the constraint |f||> =1 accounts for the
unique solution on unit circle. Eq. (20) is
equivalent to

fHARR A 'S

it '
The solution to (21) is the eigenvector correspond-
ing to the maximum eigenvalue of (AHR;x] ATt
is apparent that the maximum eigenvalue of
(AHR;XIA)*1 is equivalent to the minimum eigen-
value of (AHR;XIA). Thus, (21) is equivalent to
AR Af

it '
We see that (22) is more computationally ef-
ficient than (21) because no matrix inversion is
required. The solution to (22) is the eigenvector
corresponding to the minimum eigenvalue of
(A"R_'A). Substituting f into (18) yields the
MCMV solution.

21)

f = arg max
f

f= arg mfin (22)

4. Performance analysis

It is shown in [16] that for strong SNR and INR,
the solution of (22) converges to

. . fAANE,ENA)f

f=arg min S TPa— (23)
Comparing (23) with (13) yields

f~a4. (24)

On the other hand, let the maximum eigenvalue of
(A"R'A)™" be 7, Then the solution of (21)
satisfies

A"RIA) T =y - . (25)
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Substituting (25) into (18), we obtain

WMCMY = Vmax - Ryr A - 1. (26)
Using (24) and comparing (26) with (10) gives
wMcMy = U - WLCMV-GAM, (27)

where = VY @t Rx’x1 -a). As uis a scalar, (27)
indicates that the MCMV and LCMV-GAM
beamformers are equivalent when both the SNR
and INR are sufficiently large. However, when the
noise is strong enough, & can be shown to be an
unbiased estimate of o in the LCMV-GAM
method, while the constrained vector f is a biased
estimate of & [16]. The bias, in terms of the vector
norm, is proportional to the noise power. Conse-
quently, it is expected that the LCMV-GAM
method will outperform the MCMYV beamformer
at lower SNR conditions.

Furthermore, since the LCMV and MMSE
beamformers for single uncorrelated source
are equivalent if the DOA is known exactly,
it can be deduced that the LCMV-GAM
and MMSE beamformers for coherent sources
will have identical performance when the GAM
is perfectly known. This also implies that
the former will degrade in comparison with the
latter when the GAM is subject to estimation
errors.

It is well known that calibration errors
can seriously degrade performance in adaptive
arrays. Similar degradation occurs when inverting
the estimated covariance matrix, and the per-
formance loss is particularly large when the
input SNR is high [2,4,19]. To overcome these
problems, [2] proposes an eigenspace-based beam-
former that constrains the weight vector in the
signal subspace, while [4] suggests a projection
method that projects the steering vector onto the
signal subspace. While the methods described in
[2,4] are different, the weight vectors generated by
them are equivalent and result in the same output
SINR [19].

Apart from the impact of additive noise,
imperfect estimation of the covariance matrix
owing to the use of a finite number of data
samples, DOA estimation errors and other array
imperfections also significantly degrade the per-
formance of the LCMV-GAM and MCMV

beamformers. Here we utilize the eigenstructure
of the correlation matrix to enhance their perfor-
mance. The improved weight vectors are found by
projecting the LCMV-GAM and MCMYV weight
vectors onto a subspace constructed from the
eigenstructure of the correlation matrix [4]. We
refer the improved methods to as E-LCMV-GAM
and E-MCMYV beamformers, respectively.

4.1. FEigenspace-based LCMV-GAM beamformer

The LCMV-GAM beamformer weight vector
can be written as

R & :
w - = I -
LCMV-GAM 3. R;Yl -a aft. R:xl -a
[EAEN +E,A'ER] -2
= WS + W}’la (28)

where

1 “1pH &
W, = W EATES -3 and

1
Wy = —F— " EnAilEH ’ ﬁ

at.Ra

Ideally, Eff -a = 0, which means that wrcmv-gam
is in the signal subspace or w,=0 and
wWLemv-Gam = W,. Nevertheless, due to the effects
of finite samples, pointing errors and other array
imperfections, the computed wrcmv-gam does not
remain in the signal subspace, and consequently,
w, 1s not equal to zero, which causes degradation
of the output SINR. In [4], the eigenspace-based
beamformer discards w, and only uses wy as the
weight vector. As a result, the weight vector of the
eigenspace-based LCMV-GAM beamformer is
given by

1

—  __ E,AT'EMa 29
a"EA'EM: T (29)

WE-LCMV-GAM =

Analysis has shown [4] that the eigenspace-based
beamformer has better convergence properties and
is less sensitive to pointing errors than the
conventional LCMYV beamformer, and this is also
true for the E-LCMV-GAM beamformer.
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4.2. Eigenspace-based MCMV beamformer

Similar to the E-LCMV-GAM beamformer, the
weight vector of the eigenspace-based MCMV
beamformer can be written as

we-memy = EsEN wyemy
=EE" . RIAATRIA)7'T. (30)
The output power is
Py = E{|WEI-MCMV : x(t)|2}
—1 41
=fHA"RA)
xA"RE;EMR_TAAPR_'A) 7' (31)

where f is determined from

f=arg max Poy, subject to I = 1. (32)

The solution is

. Q- !f fHQ.f

f = arg max 5 — arg min il 33
g max —s g i (33)

where,

Q, = (A"R'A)'AMREEMRAATRA).

(34)

That is, f is the eigenvector corresponding to the
minimum eigenvalue of Q,. Substituting f into (30)
yields the E-MCMYV weight vector.

Finally, the additional computational complex-
ity of the enhanced LCMV-GAM and MCMV
beamformers is considered. Performing the eigen-
decomposition to obtain the signal subspace
generally requires a computational load of
O(M?), so the E-LCMV-GAM and E-MCMV
beamformers need more O(M?®) computations
than the LCMV-GAM and MCMYV beamformers.

5. Numerical examples

Computer simulations are presented to evaluate
and contrast the beamforming performance of the
proposed approaches for coherent signal recep-
tion. We consider a uniformly linear array with 16
sensors, which corresponds to M = 16, and the
inter-element spacing is equal to the half of the
wavelength of the signals. There are four signals

impinging on the array from angles of
—40°,—20°,10° and 30°, off the array broadside.
The first three signals are assumed to be the
desired coherent signals with different gains and
the fourth signal is an uncorrelated interference
with INR of 60 dB. The desired signal is assumed
to be of the form sq(f) = ei®™/3+%0)  and the
interference signal is s;(r) = e®™/7+%) where ¢4
and ¢; denote the initial phase of the desired signal
and interference, respectively. Since R,, is not
available in practical applications, it should be
estimated from a finite sample of the received
signals. Unless stated otherwise, the estimate of
R, is based on 1000 data snapshots and the
DOAs of the coherent signals are assumed to be
free of errors.

Example 1. Fig. 1 shows the beam patterns of the
MMSE, LCMV-GAM, MCMV, E-LCMV-GAM
and E-MCMYV beamformers when o; = 0.5, oy =
0.63, o3 = 0.8 and the coherent signals have SNRs
of —12dB, —10dB, and —8dB, respectively. We
see that all of these methods produce three main
beams, with gains proportional to the amplitude of
each coherent signal, for simultaneous reception of
the desired signals and a null for successful
suppression of the interference. Hence, they are
capable in operating in the coherent signal
environment. The performance of the E-LCMV-
GAM, E-MCMYV and MMSE algorithms is nearly
identical, indicating the optimality of the eigen-
space-based beamforming approaches.

Example 2. The above test is repeated for a high
SNR when o; = 0.5, 0o = 0.71, o3 = 0.89 and the
coherent signals have SNRs of 20, 23, and 25dB,
respectively. The results are shown in Fig. 2. It can
be seen that the performance of the LCMV-GAM
and MCMYV beamformers suffers from significant
degradation due to the more severe signal cancel-
lation resulting from the use of the sample
covariance matrix. On the other hand, the E-
LCMV-GAM and E-MCMYV algorithms success-
fully preserve the desired signals and the perfor-
mance is almost identical with that of the MMSE
approach.

Example 3. The above test is repeated to examine
the sensitivity of the output SINR to variations of



L. Zhang et al. | Signal Processing 84 (2004) 1861-1873

1868

8
s =
< <
0_% 0_2%
>20 >20
S o
(EEEET 53:3y®
332352 S3303
Lwwa== wwi=s=
I [roxllg
©
|
|
- --d--- o g
. |
Z i
w2 |
B o Peeseone oo e &
] | |
— — | |
g = o
[a) | |
s 5 I
5 3 | |
c = | |
<
< & ! |
, |
m “““ e &
m | |
| |
| |
_ | |
I T il &= e e i S P S A S ] o
&b | | | ¥
= | | |
| | | °
! ! | | T @
! ! | K ” | |
I o ] I I I I I
“““ ' (B L e L. __lg
| | ,,,u4mwwt+ | | h h | | | | | | @
I I [ I I I I I I I I I
| | P i | | | | | | | | |
I I I I I I I I I I I I I I I
| | | | | | o | | | | | | | | |
L L L L L L S I I I I I I I I I S
o Te} o n o [Te) o o —
_ "8 8 8 3 7 ° 7 % 2 8 8 8 8 % §
(gp) ureo (gp) ureo

E-LCMV-GAM and E-

MCMYV algorithms is almost identical with that
Example 4. The fourth experiment evaluates the
output SINR of the five beamformers as a function

of the MMSE approach.

performance of the

Angle (Deg.)
Fig. 2. Beam pattern at high SNR.

The results are

phase angles of (a1, oy, 3) while maintaining same
shown in Fig. 3. We see that all these methods are
sensitive to variations of phase angles, and the

magnitudes as Example 2. The phase angles of
(o1,00,23) are chosen as (—¢,0,¢), where ¢ is

changed from —180° to 180°.
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Fig. 4. Output SINR versus SNR.

of the input SNR. For simplicity, the SNRs of the
three coherent signals are chosen to be identical.
The results are plotted in Fig. 4 and we perform 50
Monte Carlo trials for each SNR point. When the
SNR is moderate, that is from —20 to —5dB, the
performance of the four proposed approaches is
close to that of the MMSE beamformer. On the
other hand, when the SNR is higher, the perfor-
mance of the LCMV-GAM and MCMV methods

of phase angles of (uy, oz, 3).

degrades due to the signal cancellation resulted
from using finite samples, while the performance
of the E-LCMV-GAM and E-MCMYV approaches
is again close to the optimum MMSE algorithm.
Furthermore, we see that the LCMV-GAM
beamformer is slightly superior to the MCMV
method at very low SNR conditions, which is
consistent with our analysis in Section 4. It is also
noted that at very low SNRs, the performance of
the E-LCMV-GAM and E-MCMYV methods is not
optimum, because of the incorrect subspace
decomposition in such conditions.

Example 5. This test investigates the convergence
behavior of the five beamformers. Fig. 5 shows the
average output SINR versus the number of snap-
shots, where each data point is based on 50 Monte
Carlo trials. The SNR and the complex amplitudes
of the coherent signals are the same as those in
Example 2. We observe that the E-LCMV-GAM
and E-MCMYV methods converge much faster than
the LCMV-GAM and MCMYV algorithms, and
they achieve maximum SINR with a small sample
size.

Example 6. This experiment investigates the per-
formance of the five methods in the presence of
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Fig. 6. Output SINR versus DOA error.
DOA estimation errors and the results are signal cancellation, whereas the projection-

plotted in Fig. 6. The SNR and the complex
amplitudes of the coherent signals are identical
to those in Example 1. We see that the LCMV-
GAM and MCMYV approaches suffer significant
degradation in performance due to the severe

based E-LCMV-GAM and E-MCMV methods
are more robust to steering errors and achieve
higher SINRs than those of the LCMV-GAM
and MCMV beamformers, which approach
MMSE performance.
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amplitudes of the coherent signals are identical to

Example 7. This experiment examines the sensi-

those in Example 1. We see that the performance
of all the methods generally improves as the array

length increases.

tivity of the performance due to variations of array

length of the five methods and the results are

plotted in Fig. 7. The SNR and the complex
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Fig. 7. Output SINR versus Array length.
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Fig. 8. Beam pattern for signal-coherent jammer.
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Example 8. The last experiment investigates how
the occurrence of a single-coherent jammer would
affect the adapted array pattern and the results are
plotted in Fig. 8. The SNR, INR and the complex
amplitudes of the coherent signals are identical to
those in Example 1, except the interference at 30°
is a single-coherent jammer. We see that correla-
tion between desired signal and unwanted inter-
ferences can make the adaptive beamformers not
only fail to form nulls in the direction of the
coherent interferences, but also tend to cancel the
desired signal in the output. For coping with the
performance degradation due to the presence of
coherent jammers, our approaches can be used in
conjunction with spatial smoothing technique [14]
or Toepliz approximation approach [10,5,8] to
alleviate the coherent jammer effect.

6. Conclusions

Two novel beamforming approaches for coher-
ent signal reception in the presence of uncorrelated
interferences, assuming that the direction-of-arri-
val (DOA) information of the coherent signals is
known, have been developed. The first approach
performs linearly constrained minimum variance
(LCMYV) beamforming together with estimation of
the complex amplitudes of the coherent signals.
While the second approach is based on a multiple
constrained minimum variance (MCMYV) criter-
ion, where we make use of the DOAs of the
coherent signals to construct the constraints such
that all coherent signals are preserved. Basically,
the idea of these two approaches is to optimally
combine all coherent signals to yield the maximum
output signal-to-interference-plus-noise ratio. The
performance of the LCMV and MCMYV beamfor-
mers is analyzed and their improved versions via
utilization of signal subspace projection are also
suggested.

Numerical examples illustrate that the perfor-
mance of the proposed beamformers is quite
reliable, in particular, the two improved versions
perform almost identically with the minimum
mean square error (MMSE) beamformer, except
at very low signal-to-noise ratio conditions.
Although the MMSE approach is optimum for

all cases, it requires training signals, while our
approaches are blind. Nevertheless, our algorithms
need the DOA information of all coherent signals
as well as the number of signal and interference
sources. Furthermore, the proposed methods in
their current forms apply to non-coherent jammers
only. Development of beamformers for coherent
signals in more general data models will be one of
our future research directions.
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