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Abstract: - We investigate the generalized receiver (GR) constructed based on the generalized approach to signal processing in noise employing non-blind beamforming algorithms and direction of arrival (DOA) estimation, which is implemented by multiple-input multiple-output (MIMO) wireless communication systems. We compare three non-blind beamforming algorithms, namely, the least mean square (LMS), the recursive least square (RLS), and the sample matrix inverse (SMI) algorithms under GR employment in MIMO wireless communication systems. DOA estimation techniques are applied based on multiple signal classification (MUSIC) and
estimation of signal parameters via rotational invariance technique (ESPRIT). We suppose several GR structures employing the above mentioned non-blind beamforming algorithms jointly with DOA estimation procedure.
Comparative analysis of simulation results allows us to conclude that the performance curves of GR with considered non-blind beamforming algorithms are very close to each other. Also, simulation results demonstrate superiority in the output signal-to-interference-plus-noise ratio (SINR) under employment of GR with the discussed non-blind beamforming algorithms and DOA estimation in MIMO wireless communication systems in comparison with the correlation receiver that is optimal in the Neyman-Pearson sense if a priori information about
the information signal parameters is known.
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lly the data transmission rate converting wireless communication system channels from narrow to wide
data pipes.
The problem of beamforming and direction of arrival (DOA) of the information signal is a very important problem in the MIMO wireless communication systems. In practice, the beamforming techniques
are needed to eliminate effects of interference on
MIMO wireless communication system performance
Adaptive beamforming is the mainstream technique
for interference elimination by defining dynamically
the optimal weight vectors of array antenna elements
Filtering procedures are not able to distinguish the
desired signal in the noise and interference if they
occupy the same frequency bandwidth.
The sources of desired and interfering signals are
usually differed by spatial locations. The spatial separation can be exploited to distinguish a desired signal in the background of interfering signals using beamforming as a spatial filtering approach [3]. Beamforming is a versatile approach for wireless communications that is usually applied in antenna array systems for spatial filtering to separate signals having

1 Introduction
With the large demand for high data rate applications and improved signal quality over wireless channels many investigations have been carried out to
satisfy the requirements of future wireless communication systems [1], [2]. One solution to these problems resides in the use of multiple antennas at the
transmitter and/or receiver sides referred as the multiple-input multiple-output (MIMO) wireless communication systems. Many proposals within the framework of MIMO wireless communication systems
have been introduced to improve the received signal
quality and increase the high data rate over wireless
links.
From the viewpoint of signal quality, it is known
that the reception of multiple copies of the transmitted data based on employment of multiple antenna
wireless communication systems improves the wireless communication system performance in comparison with the use of single antenna wireless communication systems. From viewpoint of channel capacity, it has been demonstrated that the use of multiple
antennas has a great potential to increase substantia-
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overlapping frequency content but originated from
difference spatial locations.
Adaptive beamforming is implemented in the case when the signal spatial locations are variable. Beamforming is employed using different algorithms
with the purpose to change the weight vectors adaptively with respect to each antenna array element.
Adaptive beamforming algorithms can be categorized as the non-blind and blind algorithms depending
on whether the reference signal is used or not. The
non-blind beamforming algorithms update the weight vectors of antenna array to generate a desired direction vector based on information about the information and reference signals. The least mean square
(LMS), the recursive least square (RLS), and the sample matrix inverse (SMI) algorithms are categorized as the non-blind beamforming algorithms. The
constant modulus algorithm (CMA), the spectral self
-coherence restoral (SCORE), and the decision directed (DD) algorithms are examples of the blind beamforming algorithms.
Based on a priori knowledge about the information signal parameters the non-blind beamforming algorithms can update the optimal weight vector with
high accuracy. Therefore, the non-blind beamforming technique attracts extensive research [4], [5]. If a
priori knowledge about the direction of arrival
(DOA) of the information signal is absent the nonblind beamforming technique is not valid unless the
DOA estimation technique is applied. The main idea
of DOA estimation technique is to exploit the spatial
information in the data received by the antenna array
The beamforming based on the DOA estimation is a
special approach to blind beamforming algorithms.
The great number of DOA estimation algorithms
has been developed and categorized into two methods, namely, the conventional and subspace methods
The conventional method calculates a spatial spectrum and estimates DOAs by local maxima of the spectrum. Examples of this approach are the Bartlett
and Capon methods [6]. However these methods suffer from lack of angular resolution. Therefore, the
high angular resolution subspace methods such as
the multiple signal classification (MUSIC) and the
estimation of signal parameters via rotational invariance technique (ESPRIT) are widely used [7].
The generalized receiver (GR) has been constructed based on the generalized approach to signal processing (GASP) in noise and discussed in numerous
journal and conference papers and some monographs
namely, in [8]–[26]. GR is considered as a combination of the correlation detector that is optimal in the
Neyman-Pearson criterion sense under detection of
signals with known parameters and the energy detector that is optimal in the Neyman-Pearson criterion
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sense under detection of signals with unknown parameters. The main functioning principle of GR is a
matching between the model signal generated by the
local oscillator in GR and the information signal by
whole range of parameters. In this case, the noise component of the GR correlation receiver caused by
interaction between the model signal generated by
the local oscillator in GR and the input noise and the
random component of the GR energy detector caused by interaction between the energy of incoming information signal and the input noise are cancelled in
the statistical sense. This GR feature allows us to obtain the better detection performance in comparison
with other classical receivers.
In this paper, the GR employment with non-blind
beamforming algorithms and DOA estimation technique in MIMO wireless communication systems is
discussed. The simulation results demonstrate a performance superiority of wireless communication system constructed based on GR and applicability of
the non-blind beamforming algorithms and DOA estimation techniques employed by GR for interference cancellation in comparison with the wireless communication systems used the conventional receivers
with the same non-blind-beamforming algorithms
and DOA estimation procedures.
The remainder of this paper is organized as follows: the Section 2 presents the main GR functioning
principles. The Section 3 delivers a description of
non-blind beamforming algorithms employed by GR
Implementation of DOA estimation algorithm for
wireless communications systems employed by GR
is discussed in Section 4. The simulation results are
presented in Section 5. Some conclusions are made
in Section 6.

2 GR Functioning Principles
As we mentioned before the GR is constructed in accordance with GASP in noise [8]–[26]. The GASP
introduces an additional noise source that does not
carry any information about the signal with the purpose to improve a qualitative signal detection performance. This additional noise can be considered as
the reference noise without any information about
parameters of the signal to be detected.
The jointly sufficient statistics of the mean and
variance of the likelihood function is obtained in the
case of GASP employment, while the classical and
modern signal processing theories can deliver only
a sufficient statistics of the mean or variance of the
likelihood function (no the jointly sufficient statistics of the mean and variance of the likelihood function). Thus, GASP implementation allows us to obtain more information about the input process or re-
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del signal smodi [k ] and the noise  i [k ] (the PF out-

ceived signal parameters. Owing to this fact, the receivers constructed based on GASP basis are able to
improve the signal detection performance in comparison with other conventional receivers.
The GR consists of three channels (see Fig.1):
the correlation channel (the preliminary filter PF,
multipliers 1 and 2, model signal generator MSG);
the autocorrelation channel (PF, the additional filter
AF, multipliers 3 and 4, summator 1); and the compensation channel (the summators 2 and 3 and accumulator 1). As we can see from Fig. 1, under the hypothesisH1 (a “yes” signal),the GD correlation channel generates the signal component smodi [k ]si [k ] ca-

put). Under the hypothesisH1 , the GD autocorrelation channel generates the information signal energy
si2 [k ] and the random component si [k ]i [k ] caused
by interaction between the information signal si [k ]
and the noise  i [k ] . The main purpose of the GD
compensation channel is to cancel the GD correlation channel noise component smodi [k ]i [k ] and the
GD autocorrelation channel random component
si [k ]i [k ] based on the same nature of the noise
 i [k ] . For description of the GD flowchart we consider the discrete-time processes without loss of any
generality.
Evidently, this cancellation is possible only satisfying the condition of equality between the signal

used by interaction between the model signal (the
reference signal at the GR MSG output) and the incoming information signal and the noise component
smodi [k ]i [k ] caused by interaction between the mo-

Figure 1. Principal flowchart of GD.

 w2 using the reference noise  i [k ] at the AF output.
AF is the reference noise source and the PF bandwidth is matched with the bandwidth of the information signal si [k ] to be detected.
The threshold apparatus (THRA) device defines
the GD threshold. PF and AF can be considered as
the linear systems, for example, as the bandpass filters, with the impulse responses hPF [m] and hAF [m] ,
respectively. For simplicity of analysis, we assume
that these filters have the same amplitude-frequency
characteristics or impulse responses by shape. Moreover, the AF central frequency is detuned with respect to the PF central frequency on such a value that
the information signal can not pass through the AF.
Thus, the information signal and noise can be appeared at the PF output and the only noise is appeared
at the AF output. If a value of detuning between the
AF and PF central frequencies is more than 4  5f s ,

model smodi [k ] and incoming signal si [k ] over the
whole range of parameters. The condition smodi [k ] 
si [k ] is the main functioning condition of the GD.
To satisfy this condition, we are able to define the
incoming signal parameters. Naturally, in practice,
signal parameters are random. How we can satisfy
the GD main functioning condition and define the
signal parameters in practice if there is no a priori
information about the signal and there is an uncertainty in signal parameters, i.e. information signal parameters are random, is discussed in detail in [8],[9]
Under the hypothesisH0 (a “no” information signal), satisfying the GD main functioning condition,
i.e. smodi [k ]  si [k ] , we obtain the background noise

i2 [k ]   i2 [k ] only at the GD output. Additionally,
the practical implementation of the GD decision statistics requires an estimation of the noise variance

E-ISSN: 2224-2864

404

Volume 13, 2014

WSEAS TRANSACTIONS on COMMUNICATIONS

Jingui Liu, Vycheslav Tuzlukov

where f s is the signal bandwidth, the processes at
the AF and PF outputs can be considered as the uncorrelated and independent processes and, in practice, under this condition, the coefficient of correlation between PF and AF output processes is not more
than 0.05 that was confirmed by experiment in [27]
and [28].
The processes at the AF and PF outputs present
the input stochastic samples from two independent
frequency-time regions. If the noise w[k ] at the PF
and AF inputs is Gaussian, the noise at PF and AF
outputs is Gaussian, too, owing to the fact that PF
and AF are the linear systems and we believe that
these linear systems do not change the statistical parameters of the input process. Thus, the AF can be
considered as a generator of reference noise with a
priori knowledge a “no” signal (the reference noise
sample). A detailed discussion of the AF and PF can
be found in [9], [10].The noise at the PF and AF
outputs can be presented in the following form:


 wPF [k ]   [k ]   hPF [m]w[k  m] ,
m  


wAF [k ]  [k ]   hAF [m]w[k  m] .
m  


om process forming at the PF output and THRGD is
the GD detection threshold. Under the hypothesesH1
andH0 , and when the amplitude of the signal is equal to the amplitude of the model signal, i.e. smodi [k ]
 si [k ] , the GD decision statistics TGD (X) takes the
following form, respectively:
N 1 M
N 1 M

2
2
 H1 : TGD ( X)    si [k ]   i [k ]
k 0 i 1
k 0 i 1

N

1
M

   i2 [k ] ,

k 0 i 1

N 1 M
N 1 M

 H0 : TGD ( X)    i2 [k ]    i2 [k ] .

k 0 i 1
k 0 i 1

(3)
In (3) the term

N 1 M

k 0 i 1
N 1 M

k 0 i 1

N 1

corresponds

M

N 1

M

ground noise at the GD output. The GD background
noise is a difference between the noise power at the
PF and AF outputs. In the ideal case (equality of noise statistical parameters at the PF and AF outputs),
this difference tends to approach zero in the statistical sense. Practical implementation of the GD decision statistics requires an estimation of the noise variance  w2 using the reference noise at the AF output.

(1)

3 GR Non-Blind Beamforming
Let us consider general definitions. For an antenna
array employed by adaptive beamforming algorithm
the instant output vector Z[k ] is defined as
Z[k ]  W H [k ]X[k ] ,

(4)
where
X[k ]  {X 1[k ], X 2 [k ],, X M [k ]}, k  0,, N  1
(5)
is the discrete-time incoming signal vector received
by antenna array or beamformer input signal;
W H [k ] is the weight vector representing a series of
discrete-time amplitude and phase coefficients that
adjust accordingly the amplitude and phase of the information signal. The weight vector is updated by
variety of adaptive beamforming algorithms.
Non-blind beamforming algorithms are the algorithms updating the weight vector based on the reference signal. The knowledge about the information
signal is required to form a beam with the high gain
towards the information signal and generate nulls towards the interfering signals at the same moment

(2)

where X  x(0),...,x( N  1) is the vector of the rand-
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M

k 0 i1i2[k ] k 0 i1i2[k ] presents the back-

TGD ( X)    2 xi [k ]smodi [k ]   xi2 [k ]

 i2 [k ] H1 THRGD ,
H0
k 0 i 1

N 1

to the average signal energy, and the term

Under the hypothesisH1 , the signal at the PF output (see Fig. 1) can be defined as xi [k ]  si [k ]  i [k ] ,
where  i [k ] is the observed noise at the PF output
and si [k ]  hi [k ]s[k ] ; hi [k ] are the channel coefficients indicated here only in a general case. Under the
hypothesisH0 and for all i and k, the process xi [k ] 
 i [k ] at the PF output is subjected to the complex
Gaussian distribution and can be considered as the
independent and identically distributed (i.i.d.) process. The process at the AF output is the reference
noise  i [k ] with the same statistical parameters as
the noise  i [k ] (we make this assumption for simplicity).
The decision statistics at the GD output presented
in [8]–[9] is extended to the case of antenna array
employment when an adoption of multiple antennas
and antenna arrays is effective to mitigate the negative attenuation and fading effects. The GD decision
statistics can be presented in the following form:
N 1 M

k 0 i1 si2 [k ]  Es
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the input signal, respectively, the output signal (beamformer output) will be close to the information signal by direction.
Operation of LMS algorithm can be defined by
the following form [4], [30]:

through the adjustment of the weight vectors. LMS,
RLS and SMI algorithms are the typical non-blind
beamforming algorithms employed by GR for interference cancellation. These three algorithms are based on the minimum mean square error (MMSE)
criterion and have difference characteristics. The
main principle of MMSE is to minimize the mean
square error between the beamformer output and the
reference signal to update the weight vectors [29]
e 2 [k ]  d[k ] W H [k ]X[k ]

2

,

LMS
e[k ]  Z GR
[k ]  d[k ] ,

W[k  1]  W[k ]   e [k ]ZGR [k ] ,



E{e 2 [k ]}  E{d 2 [k ]}  2W H [k ]r[k ]

where the covariance matrix R[k ] and correlation
matrix r[k ] are given by
(8)

r[k ]  E{X[k ]d[k]} .

(9)

The MMSE is given by setting the gradient vector of (7) with respect to the weight vector W[k ] ,
which is equal to zero

 W[ k ]{E{e 2 [k ]}}  2r[k ]  2R[k ]W[k ]  0 . (10)
The solution of (10) can be presented in the following form
Wop[k ]  R 1[k ]r[k ] ,

(11)

that is well known as the optimum Wiener solution
[29].

3.1 LMS algorithm
3.1.1 General statements
LMS algorithm is an iterative beamforming procedure that uses the estimate of gradient vector from the
available data based on the MMSE criterion and steepest descent method. LMS algorithm makes successive corrections of the weight vector in the negative
direction of the gradient vector that should eventually lead to the optimal weight vector. By updating the
weight vector that adjusts the phase and amplitude of
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2

max

M

or   2 i1 
i 1

2
,
tr{R[k ]}

(14)

where i is the eigenvalue of the received signal correlation matrix, and max is the largest eigenvalue; M
is the number of antenna array elements or the number of eigenvalues of the correlation matrix R[k ] ;
tr{} means the trace of a matrix. The right side in
(14) is a more conservation upper limit of the step size.
The eigenvalue spread of the matrix R[k ] is inversely proportional to the convergence of the LMS algorithm. The widespread eigenvalues of R[k ] may
cause a slow convergence rate. Simultaneously, the
variable signal environment leads to unstable eigenstructure of R[k ] and causes a bad convergence performance for a fixed step size. Nowadays, the large
number of variable step size LMS algorithms has been proposed in [30]–[32].
The generic approach is to control the step size
by establish a function with respect to the mean squared error (MSE) at the beamformer output. The step
size is increased when there is a large error, and the
stable beamformer with a small error should decrease the step size. Another variable step size algorithm
based on the signal-to-noise ratio (SNR) was proposed in [33]. This approach uses antenna sub array elements to estimate a rough value of SNR. Based on
defined SNR, a relational expression with the step size can be established.

(7)

R[k ]  E{X[k ]X H [k ]} ,

(13)

where  is the step size adjusting the convergence
rate of the LMS algorithm and  denotes the complex
conjugate. The LMS algorithm is usually stable under the following condition 0     , where  is the
upper limit of the step size to ensure the algorithm
stability. As was shown in [6], the upper limit can be
given by

(6)

where e[k ] is the error vector between the beamformer output and reference signal or model signal vector
(the MSG output) and d[k ] is the reference signal
vector in the beamformer.
Taking the mathematical expectations of both sides in (6) and applying some basic algebraic transformations, we obtain
 W H [k ]R[k ]W[k ]

(12)

  min

   f ( SNR)

  max

if

SNR  SNRmax ;

if

SNRmax  SNR  SNR min ;

if

SNR  SNRmin ;

(15)
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where  max and  min are the maximum and minimum
step sizes; SNRmax and SNRmin are the limited maximal and minimal SNR defined at  max and  min , respecttively, with the purpose to keep a stable convergence
performance; f (SNR) is a function of SNR to control
the step size adaptively. This function is a decreasing function since small step size is suitable for the
large SNR . This variable step size algorithm based
on SNR is available in the case when the information
signal is changeable and possesses a good convergence performance.

d[k ]  S 2mod [k ] ;

(17)

LMS
Z GR
[k ]  W H [k ]ZGR [k ] ;

(18)

e[k ]  W H [k ]ZGR [k ]  S 2mod [k ] ;

(19)

W[k  1]  W[k ]   e [k ]Z GR [k ] .

(20)

Thus, the process forming at the GR output with
LMS beamformer takes the form
N 1

LMS
Z GR
  W H [k ]Z GR [k ]
k 0

N 1

H
 {{W[k  1]  {W[k  1]Z GR
[k  1]

3.1.2 GR with LMS beamformer
In the case when there are interfering signals jointly
with the received signal at the GR input, the LMS
beamforming algorithm can be used at the GR output to cancel the interference. The structure of GR
with LMS beamformer is shown in Fig.2. LMS beamformer cancels the interference component at the
GR output using the model signal generated by GR
MSG.

k 0

 S 2mod [k  1]}ZGR [k  1]}H ZGR [k ]}.

(21)

The optimal weight vector obtained at the sample size k  1 can be presented as
W[k  1]  W[k ]  R 1[k ]ρ[k ]  R 1[k  1]ρ[k  1] ,
(22)
H
where R [k ]  Z GR [k ]Z GR
[k ] is the autocorrelation
matrix of the decision test statistics Z GR at the GR
output, and

ρ[k ]  ZGR [k ]S 2mod [k ]  ZGR [k ]d[k ]

(23)

is the correlation matrix between the decision statistics at the GR output and the LMS reference signal,
respectively.
Equation (22) is satisfied under the condition that
the received signal is not varied from k  1 to k samples, i.e. ZGR [k ]  ZGR [k  1] . Substituting (22) into
(21), we obtain

Figure 2. GR with LMS beamformer.

N 1

LMS
Z GR
  W H [k ]Z GR [k ]

Process forming at the GR output when the interference is taken into consideration is given by

k 0

N 1

N 1 M

 {{R 1[k ]ρ[k ]}H Z GR [k ]}

Z GR  {si [k ]smodi [k ]  2I i [k ] i [k ]
k 0 i 1
 I i2 [k ] 



2
i [k ] 



2
i [k ]

},

k 0

(16)

N 1

H
 {{Z GR [k ]Z GR
[k ]}1 Z GR [k ]S 2mod [k ]}H Z GR [k ]

where I i [k ] is the interfering signal, I i2 [k ] is the inter-

k 0

fering signal energy. The term  2I i [k ]
in (16) indicates an interaction between the interference and noise that deteriorates the GR performance.
In GR with LMS beamformer, the reference signal of LMS beamforming algorithm d[k ]  S 2mod [k ]
should be equivalent to the squared model signal at
the GR MSG output due to the fact that the energy
of the information signal is formed at the GR output.
According to (4), (12), and (13), we can write
2
i [k ]  I i [k ]

E-ISSN: 2224-2864

N 1

N 1

k 0

k 0

  S 2mod [k ]   S 2 [k ] .

(24)

Therefore, we can see that the interference plus
noise component in (16) is cancelled by the LMS beamformer and finally the GR output with LMS beamformer can be approximated by the decision test
statistics defined in (3).
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using the Woodbury identity [29] with the purpose
to derive the inverse of the covariance matrixR [k ] ,
where q[k ] is the gain vector that can be calculated as
[35]

3.2 RLS algorithm
3.2.1 General statements
The convergence of the LMS algorithm depends on
the eigenvalue of the correlation matrix R [k ] . If the
correlation matrixR [k ] has a wide range of eigenvalues, the algorithm converges slowly. The RLS beamforming algorithm is one of set of the algorithms
that can improve the convergence performance by
updating the weight vector based on MMSE criterion and New-ton’s method. The Newton’s method is
known as the gradient search method used to define
the optimal weight vector by searching the performance surface which is defined with respect to an independent parameter [34]. This parameter is usually
specified to be the MSE between the output and input in the adaptive signal processing area.
The common feature between the steepest descent method and the Newton’s method is that both of
them are the gradient searching methods and approach a direction of the optimal weight value by searching the performance surface. Newton’s method
updates the direction of searching in such a way that
it points to the optimal weight vector forever, while
the steepest descent indicates a negative direction of
the gradient vector. Because of this, the RLS beamforming algorithm exhibits extremely fast convergence compared with LMS beamforming algorithm.
However, this benefit leads us to increasing the
computational cost. RLS beamforming algorithm is
realized by replacing the step gradient size  in (24)

q[k ] 

(28)
Thus, (25) can be rewritten as
W[k  1]  W[k ]  q[k ]e [k ] .

Figure 3. GR with RLS beamformer.
Simultaneously, the error in (29) is defined by
(18) because the reference signal is the squared model signal S 2mod [k ] generated by the GR MSG. Thus,
the process at the GR output under employment of
the RLS beamformer can be presented in the following form:

(25)

whereR [k ] is given by
k

R [k ]  R [k  1]  S[k ]S H [k ]    k  j S[ j ]S H [ j ] ,
j 0

(26)

N 1

RLS
Z GR
[k ]   W H [k ]Z GR [k ]

where  is called the forgetting factor and intended
to ensure that the data in the distant past are forgotten in order to allow the beamformer to follow the
statistical variations of the observation data. The forgetting factor  is a positive constant that should be
chosen within the limits of the interval 0    1 . We
obtain the following recursive equation

k 0

N 1

H
 {W[k  1]  q[k  1]{W[k  1]Z GR
[k ]
k 0

 S 2mod [k  1]}}H ZGR [k ] ,

(30)

where the gain vector q[k ] is defined by the GR output Z GR [k ] (see (28)) and the inverse matrixR 1[k ] is
obtained based on (27). Similar to (22) and (24), we
can find that the interference plus noise component

R 1[k ]   1{R 1[k  1]  q[k ]S[k ]R 1[k  1]} ,
(27)

E-ISSN: 2224-2864

(29)

3.2.2 GR with RLS beamformer
The structure of GR employing RLS algorithm is
presented in Fig. 3. Similar to the case of LMS algorithm, the RLS beamformer is applied at the GR output for interference cancellation. The beamformer
input S[k ] given by (25)–(28) can be considered as
the GR output Z GR [k ] .

by the gain matrixR 1[k ] which is the inverse with
respect to the matrixR [k ] . Thus, the recursive equation for updating the weight vector can be defined as
[29]
W[k  1]  W[k ]  R 1[k ]e [k ]S[k ]

 1R 1[k  1]S[k ]
 R 1[k ]S[k ] .
1 H
1
1   S [k ]R [k  1]S[k ]
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ˆ opt  Rˆ 1 ρˆ .
W
L2  L1

in (16) can be suppressed by the RLS beamformer
and the final GR output with RLS beamformer is
close to the information signal energy k 0 s 2 [k ] .
N 1

SMI beamforming algorithm has the best convergence performance [29]. However, it is not the best beamforming algorithm due to the limitations in computational complexity.

3.3 SMI algorithm
3.3.1 General statements
SMI beamforming algorithm is another technique to
improve the convergence performance when the eigenvalues of the correlation matrix R [k ] are widespread. The main principle of SMI beamforming algorithm is to inverse the sample matrix directly to obtain the optimal weight vector. In practice, the signals are unknown and the environment changes are
of frequent occurrence. Thus, a block adaptive approach updating the weight vector to define new requirements imposed by varying conditions can be
used to deliver a better performance in comparison
with continuous approach [36].
The stability of the SMI beamforming algorithm
depends on the ability to invert the correlation matrixR [k ] that may leads to computational complexities which are not easily overcome. However, SMI beamforming algorithm is a good choice in the case if
the high requirements to convergence of performance are needed under the varying discontinuously environment.
If a priori knowledge about information signal
parameters is known the optimum weights can be
determined directly based on the Wiener solution of
(11). This approach is just the SMI beamforming algorithm or, namely, the direct matrix inverse (DMI).
When the input signal parameters are varied, the received data can be divided into several blocks that
have stable spatial information and the optimal weights can be defined based on these blocks. This method is called the block adaptive method [36].
The block adaptive method updates the weight
vector periodically by obtaining estimations of the
covariance matrixR [k ] and the correlation matrix
ρ[k ] within the limits of the block size L2  L1 considered as the observation interval. The estimations
can be presented in the following form:
 ˆ L2
H
 R   Z GR [l ]Z CR [l ] ,
l  L1


L
 ρˆ  2 d[l ]Z [l ] .

GR

l  L1


3.3.2 GR with SMI beamformer
As we stated before, the SMI beamforming algorithm can also be applied under the GR employment.
Figure 4 presents the GR flowchart with SMI beamformer.

Figure 4. GR with SMI beamformer.
The beamformer input in (31) is the GR output
process ZGR [l ] , and the estimation correlation matrix
ρ̂ based on (17) and (31) can be written in the following form:
ρˆ 

N2

 S 2mod [l ]Z GR [l ] .

(33)

l  N1

Taking into consideration (16) and (32) we can write
ZSMI
GR [ k ] 


L2



{Rˆ 1ρˆ} Rˆ 1ρˆ

l  L1

L2

 Wˆ LH L ZGR [l ]

l  L1

Z
H

2

1

GR [l ] 

L2

 S 2mod [l ] .

(34)

l  L1

The error information is not used to update the
weight vectors for this structure. This is the main difference between the SMI beamformer and the LMS
and RLS adaptive beamformers. The observation interval L2  L1 is used to provide a periodical determintion of the weights if a non-stationary environment
is anticipated.

(31)

4 DOA Estimation by GR

Then, the weight vector can be estimated by the
Wiener solution within the limits of the observation
interval N 2  N1
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(32)

DOA is an important parameter in the array signal
processing. For smart antenna system, for example,
in the wireless mobile communications, the DOA of
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signal is required for beamforming technique to give
rise to a beam in desired direction taking into consideration the multipath signal components. By this
way, the signal-to-interference-plus-noise ratio
(SINR) is improved by producing nulls towards the
interfering signals. In practice, DOA is usually unknown and should be estimated a priori based on the
spatial information in the data received by antenna
array.
The performance of DOA estimation algorithm
depends on many parameters such as the number of
signals and their spatial distribution, the number of
array elements and their spatial distance, the SINR,
etc. The subspace algorithms, such as MUSIC and
ESPRIT, are widely used and recognized as the effective estimation algorithms under different conditions.
The main idea of the subspace algorithms is to estimate the DOA by utilizing the characteristics of the
noise and signal subspace derived from eigenvalue
decomposition. Here, the MUSIC and ESPRIT algorithms are employed by GR for DOA estimation.

The high resolution of MUSIC algorithm depends
on the accuracy of array and requires a precise calibration of array. The uniform linear array (ULA) is
applied as an example to illustrate the algorithm procedure. If N is the number of signals, M is the number of antenna array elements, as shown in [7], the
array covariance matrix can be determined in the following form
R ZZ  AR XX A H   w2 I ,

where  w2 is the noise variance, I is the M  M identity matrix; A is the M  N antenna array steering
matrix or antenna array manifold
A  [s(1 ),s( 2 ),, s( N )] ;

(36)

R XX is the N  N received signal correlation matrix
within the limit of the considered interval [0, N  1]

R XX  XX H ,

(37)

where X  {x1[k ], x2 [k ],, xN [k ]}T is the received
discrete-time signal matrix and 1 , 2 ,, N denote
the signal angles, T denotes the transpose matrix.
By the eigenvalue decomposition, the signal correlation matrix R XX has N eigenvalues and eigenvectors associated with signals and M  N eigenvalues
and eigenvectors associated with the noise, respectively. Thus, the noise and signal eigenvector subspaces can be determined as

Figure 5. GR with DOA estimator.

VW  [ v1v 2 v M  N ] ;

(38)

VX  [ v M  N 1  v M ] .

(39)

Therefore, we can obtain the DOA, i.e. 1 , 2 ,, N ,
by projecting the array steering vector S mod ( ) onto
VW for all values of  , and then the N values of 
can be found if the projection is zero [7]

The GR flowchart with the DOA estimator is
shown in Fig. 5. The DOA of signal is estimated at
the PF output and is provided to the GR MSG with
the purpose to generate the model signal.

s H ( n )VW

4.1 MUSIC algorithm

2

 0,

n  0,1, N  1

(40)

2

where  is the square of two matrix norms.

MUSIC algorithm is a high angular resolution technique for DOA estimation based on the eigenstructure
of input covariance matrix and the decomposition of
covariance matrix into two orthogonal matrices, i.e.
the signal subspace and the noise subspace. The main principle of MUSIC algorithm is to estimate the
DOA by exploiting the orthogonal feature between
the noise subspace and the signal subspace when the
number of signals is less than the number of antenna
array elements and the noise in each channel is uncorrelated and independent.

E-ISSN: 2224-2864

(35)

Obviously, the steering vector s( n ) of an arbitrary incident signal is orthogonal to the noise subspace. Thus, the MUSIC pseudo spectrum can be given
by [7]
1
GMUSIC ( )  H
,
(41)
s ( )VW VWH s( )
where  means the absolute value. By this way, the
DOA of the signal can be estimated by searching the
spectrum peak in the angular spectrum produced by
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(41). For GR with DOA estimator, the DOA of the
desired signal is provided by MUSIC algorithm applied to GR MSG with the purpose to generate the
model signal (see Fig. 5).

gnal subspace are orthogonal to the noise subspace,
and the antenna array manifold is a full column rank
matrix. By the uniqueness of orthogonal space, the
subspace spanned by the column vectors of antenna
array manifold is the same as the signal subspace.
Thus, a unique N  N non-singular matrix T satisfies the following equation

4.2 ESPRIT algorithm
The MUSIC algorithm involves exhaustive search
through all possible steering vectors to estimate the
DOA with high computational complexity. ESPRIT
is a subspace DOA estimation algorithm that can
greatly reduce the computational cost and storage requirements [7]. The main principle of ESPRIT algorithm is to divide the original antenna array into two
sub arrays with a translation invariance structure,
and then a difference of the signal subspaces spanned by the data vectors associated with the sub arrays
will only be a rotational invariance factor containing
the DOA information, which is exploited for the
DOA estimation [37].
Consider ULA consisting of M elements. Two identical antenna sub arrays have i elements that i  M
for antenna sub arrays that are not overlap 2i  M .
The number of signals N is less than M. As was
shown in [7] and [37], the received data vectors of
two antenna sub arrays at the same instant of time
are given by
Z1  A1X  W1 ,

(42)

Z 2  A 2 X  W2  A1ΦX  W2 ,

(43)

 VX 
A 
AT 
VX   1   AT   1  T   1
 , (46)
 VX 2 
 A 2 Φ
 A 2ΦT

where VX is the signal subspace; VX1 and VX 2 are the
signal subspaces of the antenna sub arrays. Then we
can find that
VX 2  VX1 Ψ ,

where Ψ is the rotational matrix given by
Ψ  T1ΦT .

 Ψ1  exp[ jvd sin 1 ] ,


   exp[ jvd sin  ] .
N
 ΨN

where Z1 and Z 2 are the i  1 received data vectors of
antenna sub arrays; A1 and A 2 are i  N sub array manifold; W1 and W2 are the i  1 noise signal vectors of
the sub arrays; d is the distance between the antenna
array elements; and is the wave number.
Based on (42)–(44) we can see that there is only a
phase difference exp[ jd sin  N ] between the received signals of two antenna sub arrays, which is defined as rotational invariance. Thus, if we know the diagonal matrix Φ given by (44) we can then estimate
the target signal DOA. Combining two data vectors
(42) and (43) to form the complete received data vector of ULA, we obtain

(49)

Then we can estimate DOA using the following equation
 arg(Ψ ) 
 .
 vd 

  sin 1 

(50)

The ESPRIT DOA estimation algorithm does not
require scanning over all possible directions. Because of this, the DOA of signal can be obtained without high computational efforts and large size of memory by the ESPRIT algorithm. However, there is a
requirement about the array structure, for example,
the antenna array should have at least two identical
antenna sub arrays.

(45)

The covariance matrix in (45) has N eigenvectors
associated with signals and 2i  N eigenvectors associated with the noise. The subspace spanned by the
column vectors of antenna array manifold and the si-
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(48)

Equation (48) is considered as an eigenvalue decomposition of the rotational matrix Ψ . If we know
the matrix Ψ, we can obtain the matrix Φ and enable
to estimate the DOA of each signal. The least square
(LS) and the total least square (TLS) methods are
commonly used to obtain the rotational matrix Ψ .
Based on these two methods, there are two
ESPRIT algorithms, i.e. LS-ESPRIT algorithm and
TLS-ESPRIT algorithm. After obtaining the matrix
Ψ the eigenvalues Ψ can be defined and equal to the
diagonal elements of the matrix such that

Φ  diag{exp[ jd sin 1 ]exp[ jd sin  N ]} ,
(44)

Z  A 
W 
Z   1    1  X   1   AX  W .
 Z 2   A 2 Φ
 W2 

(47)

5 Simulation and Discussion
Under simulation, we consider the antenna with
ULA 8 elements and half signal wavelength distan-
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Comparison of the output SNR versus the input
SNR for GR and NP receiver is presented in Fig. 7.
As was discussed in [8]–[14], we can see when SNR
is approximately less than 1 dB , the GR performance is low in comparison with the NP receiver one.
Owing to selection of input conditions, this case does not correspond to receiver performance employed
in practice because the probability of detection in
this case is less than 0.1 and this is not practical case. In practice, the GR overcomes NP receiver by
detection performance [15]–[26].
If the DOA of incident signals is unknown, the
MUSIC and ESPRIT algorithm are employed for
DOA estimation. Two interfering signals are considered and the DOA of all signals is estimated by two
algorithms. The MUSIC angular spectrum and the
estimated DOA of signals by ESPRIT algorithm are
shown in Fig. 8 at the input SNR  5 dB . Both algorithms have a good resolution for DOA estimation.

ce. There are three incident signals. The first signal
is the information signal arriving at 10 , the second
and third signals are interfering signals arriving at
 60 and 60 , respectively. These angles may be assumed to be unknown and estimated by DOA estimation algorithms. The interference-to-noise ratio
(INR) is kept constant and equal to 5 dB . All signals
are set as Gaussian random sequences with zero mean. We compare GR and correlation receiver that is
optimal in the Neyman-Pearson sense (NP receiver)
by performance under identical input conditions.

Figure 6. GR and NP receiver outputs. No interference signal.
Figure 6 shows a comparison of GR and NP receiver output signal modulus when there are no interfering signals and the input SNR is equal to 10 dB . The
sample size N is equal to 10000. As follows from
Fig. 6, a superiority of GR over NP receiver is evident. The output SNRs for GR and NP receiver are approximately equal to 3.52 dB and  2.4 dB .

Figure 8. The estimated DOA of signals. SNR=5 dB.
For details of performance analysis the root-mean
square error (RMSE) criterion [38]
RMSE 


1
NM

N 1 M

( i  ˆk ,i ) 2

k 0 i 1

NM


N 1 M

 (i  ˆk ,i )

,

(51)

k 0 i 1

can be employed to assess and compare the DOA estimation of different algorithms, where N is the sampe size, M is the number of incident signals,  i is the
ith DOA and ˆ denotes the ith estimated DOA in
k ,i

the kth experiment.
The RMSE versus the input SNR is demonstrated
in Fig. 9. We see that the MUSIC algorithm has the
better resolution in comparison with ESPRIT procedure at the low SNR values. At the high SNR values,
a difference between MUSIC and ESPRIT procedures is negligible and both algorithms can be employ-

Figure 7. Output SNR versus input SNR for GR and
NP receiver. No interference signal.
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superiority of GR with non-blind beamforming algorithms in comparison with NP receiver is evident.

ed by GR in MIMO wireless communication system
to generate the model signal in a general case.

Figure 9. RMSE versus the input SNR.
Knowledge of DOA of signals gives us an opportunity to employ the non-blind beamforming algorithms such as LMS, RLS, and SMI based on the reference signal generated by GR MSG. In the course
of simulation, the forgetting factor of RLS is set equal to 0.99 and the block observation interval of SMI
algorithm is [0, N  1] . The step size in LMS beamforming algorithm is chosen by (14) applying the variable step size approach based on SNR.

Figure 11. Output SINR versus input SINR.
Additionally, Fig. 11 presents the performance of
interference cancellation by GR with non-blind beamforming algorithms in the term of the output SINR
versus the input SINR. RLS and SMI algorithms have the better performance under interference cancellation in comparison with LMS algorithm.

Figure 10. GR array pattern with non-blind beamforming.
Figure 12. GR output with interfering signal: a) no
beamformer; b) yes beamformer.

Figure 10 presents the antenna array pattern at the
GR output with non-blind beamformer when the
SINR is equal to 10 dB. At the target return signal
direction equal to 10 , the beamformer can form a
high gain. The nulls in the array pattern denote the
direction of vectors of the interfering components
owing to the GR processing.
The output SINR as a function of the input SINR
for GR and NP receiver with and without the LMS
beamformer is presented in Fig.11. As we can see, a

E-ISSN: 2224-2864

Figure 12 shows the GR output without LMS beamformer, Fig. 12a, and with LMS beamformer, Fig.
12b, when the interfering signals are present and the
SINR is equal to 5 dB . The output SNR of GR with
LMS beamformer is 13.98 dB while the output SNR of
GR without LMS beamformer is 1.94 dB .
Figure 13 presents the NP receiver output without
LMS beamformer, Fig. 13a, and with LMS beamfor-
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mer, Fig. 13b, when the interfering signals are present and the SINR is equal to 5 dB . The output SNR of
NP receiver with LMS beamformer is equal to 3.98
dB while the output SNR of NP receiver without
LMS beamformer is  11.2 dB .
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