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Abstract: A robust generalized sidelobe canceller is proposed to combat direction of arrival (DOA) mismatches. To estimate the 
interference-plus-noise (IPN) statistics characteristics, conventional signal of interest (SOI) extraction methods usually collect a 
large number of segments where only the IPN signal is active. To avoid that collection procedure, we redesign the blocking matrix 
structure using an eigenanalysis method to reconstruct the IPN covariance matrix from the samples. Additionally, a modified 
eigenanalysis reconstruction method based on the rank-one matrix assumption is proposed to achieve a higher reconstruction 
accuracy. The blocking matrix is obtained by incorporating the effective reconstruction into the maximum signal-to-interference- 
plus-noise ratio (MaxSINR) beamformer. It can minimize the influence of signal leakage and maximize the IPN power for further 
noise and interference suppression. Numerical results show that the two proposed methods achieve considerable improvements in 
terms of the output waveform SINR and correlation coefficients with the desired signal in the presence of a DOA mismatch and a 
limited number of snapshots. Compared to the first proposed method, the modified one can reduce the signal distortion even 
further. 
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1  Introduction 
 

In noisy environments, the signal of interest 
(SOI) is always masked by the strong background 
noise and interference which are near the source, 
resulting in difficulty with subsequent target locali-
zation and recognition. To extract the SOI, consid-
erable effort has been made in adaptive beamforming 
in the past decades (van Trees, 2002; Li and Stoica, 
2005). However, adaptive beamforming is very sen-

sitive to model mismatches, i.e., covariance matrix 
mismatch and steering vector (SV) mismatch. One 
type of robust beamforming used widely is the gen-
eralized sidelobe canceller (GSC). The standard GSC 
is usually composed of three building blocks: a fixed 
beamformer which produces an enhanced desired 
signal reference, a blocking matrix which produces a 
noise-only reference by blocking the desired signal, 
and an unconstrained adaptive noise canceller (ANC) 
which attempts to cancel the residual noise in the 
output of the fixed beamformer. 

Griffiths and Jim (1982) altered the linearly 
constrained minimum variance (LCMV) beamformer 
to the GSC as an unconstrained adaptive beamformer. 
However, its performance depends on the estimated 
direction of arrival (DOA). In the case of a DOA 
mismatch, the blocking matrix cannot produce a 
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noise-only reference, and thus it causes signal 
cancellation and decreases the amount of interference 
suppression. 

Several techniques have been proposed to im-
prove the robustness of the GSC. To minimize the 
signal leakage, an adaptive blocking matrix with 
constrained filter coefficients was proposed to cope 
with DOA mismatch (Hoshuyama et al., 1999). 
However, updates of the adaptive blocking matrix 
have to be carried out in the case of a high signal- 
to-interference ratio (SIR). To obtain better robust-
ness, the ratios of different pairs of transfer function 
are estimated using the signal non-stationarity and 
used to replace the SVs in the blocking matrix 
(Gannot et al., 2001; Talmon et al., 2009). Several 
adaptive blocking matrices were compared to analyze 
the performance of the robust GSCs in Herbordt and 
Kellermann (2002). The GSC in Warsitz et al. (2008) 
used a blocking matrix based on generalized eigen-
value decomposition (GEVD), and the weight vector 
of its fixed beamformer was determined according to 
the maximum signal-to-interference-plus-noise ratio 
(MaxSINR) criterion (Warsitz and Haeb-Umbach, 
2007). It does not need a priori knowledge of the array 
structure and the DOA, and its good robustness relies 
only on the interference-plus-noise (IPN) covariance 
matrix estimation. A novel GSC structure in Habets 
and Benesty (2013) also depends on the IPN covari-
ance matrix to manage a tradeoff between the sup-
pression of interference and background noise. With 
sparse coding, the interference reference is extracted 
precisely to cancel the residual noise (Yang and Qian, 
2014). Prior to signal extraction, these methods re-
quire a preprocessing technique, such as voice activ-
ity detection (VAD), to detect and collect a large 
number of segments where only the IPN signal is 
active. However, these preprocessing techniques are 
unavailable or inaccurate in many scenarios due to the 
strong background noise. 

Other categories of robust beamforming include 
the multichannel Wiener filter beamformer (Spriet  
et al., 2004; Doclo et al., 2007; Souden et al., 2010; 
Cornelis et al., 2011), minimum variance distortion-
less response (MVDR) (Capon, 1969; Li and Stoica, 
2005; Du et al., 2010), and LCMV beamformers 
(Buckley, 1987; Zhang and Thng, 2002; Zhao et al., 

2011). Recently, several covariance matrix recon-
struction methods have been proposed to be applied in 
the MVDR beamformers to get rid of the SOI com-
ponent. These methods can make the beamformer less 
sensitive to the DOA mismatch. In Gu and Leshem 
(2012), the IPN covariance matrix was reconstructed 
by exploiting the Capon spatial spectrum for integra-
tion over a direction range where the direction of the 
SOI was excluded. Furthermore, the SVs of the in-
terference are constrained by an uncertainty set for the 
robustness against array geometry mismatches 
(Huang et al., 2015). These improvements against the 
mismatches are superior but highly dependent on the 
spatial power spectrum density estimation. 

To reduce the complexity of the integration 
methods, a number of methods have been investigated. 
A sparse method was presented in Gu et al. (2014). A 
simplified method has also been suggested (Chen et 
al., 2015; Shen et al., 2015; Gong et al., 2017). It 
reconstructs the IPN covariance matrix by removing 
the SOI eigenvalue whose corresponding eigenvector 
has the maximum correlation coefficient with the 
estimated SV. Inspired by the sampling theorem, a 
spatial power spectrum sampling technique was 
proposed in Zhang ZY et al. (2016) to structure the 
IPN covariance matrix at a lower level of complexity. 
Instead of the Capon spatial spectrum, the beam-
former based on an iterative adaptive approach (IAA) 
was carried out in Wang et al. (2016) to estimate the 
spatial spectrum for the reconstruction. Unfortunately, 
the spatial spectrum density estimation remains in-
accurate in this type of approach. 

Another trend for achieving the reconstruction is 
to estimate the SV of the SOI or every interference 
source. In Zhang YP et al. (2016), the SV of the SOI 
was estimated by maximizing the output power of the 
MVDR beamformer, and then the SOI part was re-
moved from the sample covariance matrix to recon-
struct the IPN covariance matrix. However, the im-
provement in low SNR scenarios is very limited. Each 
interference SV and the corresponding interference 
covariance matrix were estimated by integrating over 
the separate interference angular sector (Yuan and 
Gan, 2016; Qian et al., 2017). Then, the IPN covari-
ance matrix was reconstructed using these estimates. 
In practice, however, neither the number of interfer-
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ence signals nor the DOA of every source is known. 
Except for the above integration methods, the 

subspace methods in robust adaptive beamformers 
have also been investigated to address the mismatches 
(Feldman, 1996; Huang et al., 2012; Jia et al., 2013; 
Ren et al., 2015; Chen et al., 2016; Li et al., 2016; 
Yuan and Gan, 2017). In Shen et al. (2015), a novel 
subspace method was proposed to estimate the SV of 
the SOI from the common part of two subspaces. This 
method was used well in Yuan and Gan (2017) to 
estimate all the interference SVs to obtain the IPN 
covariance matrix. To calibrate the SV, a projection 
matrix corresponding to the SOI subspace is esti-
mated by constraining the number of large eigenval-
ues with a fixed threshold (Feldman, 1996; Huang et 
al., 2012; Jia et al., 2013). However, the number of 
sources is usually unavailable. A more recent ap-
proach in this category (Ren et al., 2015) is to build a 
robust power ratio to determine the eigenvectors not 
dominated by the SOI, and then to subtract them from 
the sample covariance matrix. It improves the ro-
bustness and requires a small number of snapshots. 

In this paper, we propose a GSC with an ad-
vanced blocking matrix structure, which is robust 
against a DOA mismatch. In this structure, two IPN 
covariance matrix reconstruction methods are em-
ployed to save the collection process of the IPN signal. 
One is the basic eigenanalysis method formulated in 
Section 3.1.2. The other is a rank-one assumption- 
based version, where the number of eigenvectors for 
the SOI is constrained as one to improve the accuracy 
of IPN covariance matrix estimation. Then the 
blocking matrix is calculated using the MaxSINR 
beamformer weight vector, which is obtained from an 
accurate reconstruction and a projection vector. It 
minimizes the signal leakage and maximizes the noise 
and interference power. The proposed methods not 
only require a smaller number of snapshots, but also 
obtain better robustness. 

 
 

2  Signal model 
 

We consider an array with M omnidirectional 
sensors with spacing d. Assume that there are J sig-
nals arriving from separated directions φp, p=0, 1, ..., 
J−1. In the short-time Fourier transform (STFT) do-
main the received array data X(ωl, k) can be shown as 
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where (∙)T denotes the transpose, L is the number of 
frequency bins, l and k denote the frequency and 
block indices respectively, and sj(ωl, k) and a(ωl, φj) 
∈M

 are the jth source and the associated SV, respec-

tively. S(ωl, k) is the vector of J statistically inde-
pendent stationary sources, A(ωl, k) consists of the 
SVs for all sources, and N(ωl, k) is the additive 
Gaussian noise vector. 

The frequency-domain sample covariance ma-
trix RX(ωl, k) is approximately calculated with K 
snapshots in the kth block at frequency ωl. Its estima-
tion ( , )X l kωR  with the eigenvalue decomposition 
can be written as 
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where (∙)H denotes the conjugate transpose, and λm(ωl, 
k) and υm(ωl, k) denote the mth eigenvalue and the 
corresponding eigenvector of ( , )X l kωR  respectively. 

 
 

3  Proposed methods 
 

The structure diagram of the proposed robust 
GSC is shown in Fig. 1. The structure contains five 
building blocks. The conventional beamformer (CBF) 
is chosen as the fixed beamformer to produce an SOI 
reference. Its output YFB(ωl, k) is formulated as 
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where FFB(ωl, k) is the weight vector of CBF and 

SOI( , )lω φa  is the presumed SV calculated from the 
array structure and the DOA of the SOI. The rede-
signed robust blocking matrix is constituted by three 
blocks. The IPN covariance matrix reconstruction 
block eliminates the SOI components. The MaxSINR 
beamformer block and the projection vector block 
work together to produce the IPN-only reference. The 
normalized least mean square (NLMS) ANC attempts 
to cancel the residual noise in the SOI reference. 

3.1 Interference-plus-noise covariance matrix re-
construction 

3.1.1  Capon spatial spectrum integration and IPN 
covariance matrix reconstruction 

A method widely used to reconstruct the IPN 
covariance matrix is to use the Capon spatial spec-
trum estimator: 
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which is the spatial power spectrum of the Capon 
beamformer (Capon, 1969). Using the estimator, 

 
 

 

 

 

 

 

 

 

 

 

 

 

we reconstruct the IPN covariance matrix IPN ( , )l kωR  
as (Gu and Leshem, 2012)
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Here, ΘIPN is an angular sector where the inter-

ference signals are located, and ΘSOI is the comple-
ment of ΘIPN where the SOI is located. The require-
ment of ΘSOI is more relaxed than that of the accurate 
DOA of the SOI, and it can be obtained with 
low-resolution orientation methods (Gu and Leshem, 
2012). The performance of this method depends on 
the number of snapshots. Given a small number of 
snapshots, there will be a large deviation between 

( , )X l kωR  and RX(ωl, k), resulting in an inaccurate 
estimation of the Capon spatial spectrum and impre-
cise IPN covariance matrix reconstruction. Moreover, 
when the number of snapshots is smaller than that of 
the sensors, ( , )X l kωR  is singular. 

Under these circumstances, we develop an 
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Fig. 1  The proposed generalized sidelobe canceller structure 
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eigenanalysis-based method and propose a modified 
approach for IPN covariance matrix reconstruction 
using the presumed SVs and ΘSOI. 

3.1.2  Basic eigenanalysis and IPN covariance matrix 
reconstruction 

To reconstruct the IPN covariance matrix, the 
eigenvalue decomposition on ( , )X l kωR  should be 
taken first. Then, the CBF spatial spectrum BVm(ωl, φ, 
k) of an eigenvector υm(ωl, k) can be calculated as 
(Ren et al., 2015) 
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Here, a power ratio PRm aiming to determine 

which eigenvectors is dominated by the SOI is de-
fined as 
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PRm denotes the ratio between the maximum of 

the CBF power spectrum of υm(ωl, k) in ΘSOI and the 
maximum in the whole direction region. It means 
PRm≤1. Its detailed properties were presented in Ren 
et al. (2015). If PRm≥γ where γ denotes the threshold, 
the corresponding υm(ωl, k)∈USOIP(ωl, k), where 
USOIP(ωl, k) denotes the subspace dominated by the 
SOI and partial noise components. In contrast, if 
PRm<γ, υm(ωl, k)∈UIPN(ωl, k), where UIPN(ωl, k) rep-
resents the subspace dominated by the interference 
signals and noise components. Then, we have the 
decision criteria as 
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where γ=1 is set in an ideal condition. 

Now, the IPN covariance matrix can be recon-
structed as 
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where H

IPN IPN( , ) ( , ) ( , )l l lk k kω ω ω⊥ =P U U  is the pro-
jection matrix. 

In practice, when the number of interference 
signals or the interference power is extremely large, 
the power leakage will become serious between the 
SOI subspace and the IPN subspace. It results in an 
inaccurate CBF power spectrum BVm(ωl, φ, k) and 
also causes PRm<1 though the corresponding eigen-
vector actually belongs to USOIP(ωl, k). Consequently, 
it is reasonable to choose a threshold γ lower than 1, 
e.g., 0.7, to ensure that the SOI eigenvector is in 
USOIP(ωl, k). When γ<1, however, some eigenvectors 
belonging to the noise or interference signals can 
meet the decision criteria to be included in USOIP(ωl, 
k), and will cause the amount of signal distortion to 
increase and the amount of interference suppression 
to be reduced. 

3.1.3  Modified eigenanalysis and IPN covariance 
matrix reconstruction 

To overcome the above problem, we propose a 
modified eigenanalysis method here. In the case of 
single target source extraction, the received SOI 
vector XS(ωl, k) can be expressed as 

 

S SOI SOI( , ) ( , ) ( , ),  1,2,..., ,l l lk s k l Lω ω φ ω= =X a    (10) 
 
where sSOI(ωl, k) denotes the waveform of the SOI in 
the STFT domain and a(ωl, φSOI) is the actual SV of 
the SOI. 

Obviously, the SOI covariance matrix RSOI(ωl, k) 
is a rank-one matrix (Souden et al., 2010; Zhu et al., 
2016): 
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trum density of the SOI. 
Therefore, we constrain the number of eigen-

vectors in USOI(ωl, k) as one, and the decision crite-
rion is modified as 
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It is obvious that the exact eigenvector of the 

SOI has the maximum power spectral density in ΘSOI. 
Thus, after including all possible SOI eigenvectors in 
USOIP(ωl, k) with a given threshold, this method re-
builds the SOI subspace by selecting the one with the 
maximum power spectrum density in ΘSOI. It man-
ages a good balance between SOI distortion and in-
terference suppression, because it discards very lim-
ited SOI power and keeps the interference and noise 
components for more accurate reconstruction. Note 
that if the bearing interval between the interference 
and SOI is less than the 3 dB main-lobe bandwidth of 
the CBF beam pattern, eigenvalue decomposition 
cannot distinguish the SOI from the interference. In 
this extreme condition, the SOI and the IPN will share 
the same subspace. 

3.2  MaxSINR beamformer and blocking matrix 

Leveraging the IPN covariance matrix recon-
struction, we can design the robust blocking matrix 
with the MaxSINR beamformer. 

3.2.1  MaxSINR beamformer 

The MaxSINR beamformer aims to maximize 
the SINR at the beamformer output (Warsitz and 
Haeb-Umbach, 2007). Its weight vector FMaxSINR(ωl, 
k) can be modeled as 
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where RX(ωl, k)=RSOI(ωl, k)+RIPN(ωl, k). 

The GEVD of the matrix pair ( ,( ),lX kωR  

IPN ( )),l kωR  is used to obtain the optimal solution 
(Warsitz and Haeb-Umbach, 2007):  
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where ),(X l kωR  is obtained by Eq. (2). IPN ( , )l kωR  
is usually estimated by a preprocess block with a large 
number of segments containing only the IPN signal. 
Alternatively, it can be calculated using a priori 
knowledge of the noise and the interference signals 
(Wang et al., 2015). However, the preprocessing is not 
accurate in the presence of strong noise and interfer-
ence signals, and a priori knowledge is usually una-
vailable in practice. To overcome the above problems, 

IPN ( , )l kωR  can be extracted from Eqs. (6), (7), (9), 
and (12). Leveraging the IPN co-variance matrix 
reconstruction, we can obtain the optimal weight 
vector of the MaxSINR beamformer as 
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largest eigenvalue of Eq. (14). Then the output of the 
beamformer can be obtained as 
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Since no distortionless constraints are used by 

the MaxSINR beamformer, the output will not be 
used as the SOI reference, while it can be used to 
construct the blocking matrix. 

3.2.2  Projection vector and blocking matrix 

The M×(M−1) blocking matrix of the standard 
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where τi (i=2, 3, ..., M) is the propagation delay be-
tween the ith sensor and the reference sensor. Its per-
formance will decrease significantly when there is 
DOA mismatch. 

To mitigate the influence of the DOA mismatch, 
the blocking matrix is redesigned using the MaxSINR 
beamformer. As the noise reference vector U(ωl, k) is 
orthogonal to the SOI, U(ωl, k) is approximately or-
thogonal to the output of the MaxSINR beamformer 
YMaxSINR(ωl, k): 
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where E[∙] denotes the function of mathematical ex-
pectation, and the symbol (∙)* denotes the conjugate 
of a variable. In this case, a projection vector P(ωl, k) 
can be designed to produce the noise-only reference 
U(ωl, k) (Warsitz et al., 2008): 
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  (19) 

 
Substituting Eqs. (16) and (19) into Eq. (18), we have 
 

MaxSINR

MaxSINR MaxSINR

( , )
( , ) ( , ) ,

( , ) ( , ) ( , )
1,2,..., .

l

l l

l l l

k
k k

k k k
l L

ω

ω ω
ω ω ωΗ=

                   =

X

X

P
R F

F R F    (20) 

 
Rewriting U(ωl, k)=BH(ωl, k)X(ωl, k), the blocking 
matrix B(ωl, k) is obtained as 
 

MaxSINR( , ) ( , ) ( , ),
1,2,..., .

l M l lk k k
l L

ω ω ωΗ Η= −

=

B I P F
   (21) 

 
Essentially, B(ωl, k) produces the noise reference 

under the minimum SINR criterion, since the 
MaxSINR beamformer optimal weight vector is pro-
jected to remove the SOI component. Therefore, it 
can minimize the signal leakage and maximize the 
noise and interference power for further noise and 
interference suppression. 

3.3  NLMS-based ANC 

Given the fixed beamformer and the robust 
blocking matrix, we have two references: one is the 
SOI reference YFB(ωl, k), which is composed of both 

the SOI waveform and the residual noise; the other is 
the IPN-only reference U(ωl, k). To eliminate the 
residual noise under the distortionless constraint, the 
multichannel Wiener filter G(ωl, k) is designed to 
minimize the output power: 
 

{ } { }
{ }

2 2
FB NC

2

FB

( , ) ( , ) ( , )

( , ) ( , ) ( , ) ,

1,2,..., ,

l l l

l l l

E Y k E Y k Y k

E Y k k k

l L

ω ω ω

ω ω ωΗ

= −

= −

                    =

G U
  (22)

 

 
where YNC(ωl, k) is the multichannel Wiener filter 
output and Y(ωl, k) is the GSC output. 

Considering the computational complexity, we 
prefer the NLMS algorithm in Haykin (2010) to the 
Wiener solution. The filter is updated block by block 
in the frequency domain: 
 

*( , ) ( , )
( , 1) ( , ) ,

( , )
1,2,..., ,

l l
l l

l

k Y kk k
P k

l L

ω ω
ω ω µ

ω
+ = +

=
U

UG G

  
(23) 

where 

2

1
( , ) ( , 1) (1 ) ( , ) .

M

l l m l
m

P k P k kω ρ ω ρ ω
=

 = − + − ∑U U U  

(24) 
 

PU(ωl, k) denotes the adaptive power estimation of the 
input noise with a forgetting factor ρ, and μ denotes 
the step size. The output waveform of the robust GSC 
is formed using the overlap and add method in Cro-
chiere (1980). 

Finally, the two proposed methods are given. 
The first method (Proposal 1) is listed as follows: 
Proposal 1    Given γ, ρ, μ, ( ),,l kωa  ΘSOI 

Step 1: Obtain the fixed Beamformer FB ( , )lY kω  

FB ( , ) ( , 1 ,, ,  2 .) ,l lk k l Lω ωΗ=  = …F X  
Step 2: Calculate PRm with Eq. (7), and perform 

eigenanalysis  
 

IPN

SOI

PR ( , ) ( , ),
PR ( , ) ( , ),

m m l l

m m l l

k k
k k

ω ωγ
γ ω ω

< ⇒ ∈
 ≥ ⇒ ∈

υ U
υ U

 

 
m=1, 2, …, M, l=1, 2, …, L, to reconstruct 

IPN ( , )l kωR  with Eq. (9). 
Step 3: Solve Eq. (14) with GEVD to obtain 

FMaxSINR(ωl, k). 
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Step 4: Calculate the blocking matrix B(ωl, k) 
with Eqs. (20) and (21), and then obtain the noise 
reference U(ωl, k). 

Step 5: Update the multichannel Wiener filter in 

ANC 
*( , ) ( , )

( , 1) ( , ) ,
( , )

l l
l l

l

k Y kk k
P k

ω ω
ω ω µ

ω
+ = +

U

UG G  

l=1, 2, …, L, and output the enhanced waveform 

FB( , )= ( , ) ( , ) ( , ),l l l lY k Y k k kω ω ω ωΗ− G U  l=1, 2, …, L. 
Step 6: Repeat steps 1−5 until convergence. 
The second method (Proposal 2) is set up the 

same as Proposal 1 except for step 2 where it uses the 
modified eigenanalysis method (12). 

3.4  Complexity of the methods 

As the computational burden results mainly from 
eigenvalue decomposition and GEVD, the proposed 
methods require O(M3) computations. The integration 
method based on the Capon spatial spectrum in Gu 
and Leshem (2012) has a complexity of O(SM2), 
where S is the sampling point in ΘIPN and typically 
SM. The total complexity of this integration 
method would be max{O(SM2), O(M3)} when it is put 
into our proposed GSC structure. In comparison, the 
computational complexity of the CBF and standard 
GSC are O(M) and O(M2), respectively. In conclusion, 
the computational complexities of the proposed 
methods is larger than that of the CBF and the stand-
ard GSC, but it is lower than that of the integration 
method when S>M. In addition, the proposed meth-
ods have superior performance to the others, includ-
ing lower signal distortion, higher correlation coeffi-
cient with SOI waveform, and higher output SINR. 

 
 

4  Simulation results 
 

We consider a uniform linear array of M=50 
omnidirectional sensors, with a half-wavelength 
spacing at the highest frequency of the frequency 
band of interest. One SOI and two interference signals 
with plane wavefronts are Gaussian white noise with 
directions 5°, 10°, and 30°, respectively. The back-
ground noise is also Gaussian white noise. The ran-
dom DOA mismatch φΔ of the SOI is uniformly dis-
tributed in [−2°, 2°]. That is, the presumed DOA of 
the SOI is uniformly distributed in [3°, 7°]. 

To investigate the ability to cope with a DOA 
mismatch, the two proposed GSCs are compared to 
the CBF, the standard GSC in Griffiths and Jim (1982) 
where s SOI( , )lω φB  is adopted, and the GSC employ-
ing the integration method in Gu and Leshem (2012), 
for IPN covariance matrix reconstruction. Note that 
the integration method uses the shrinkage estimation 
method in Du et al. (2010) to inverse ( )X lωR  when 
the number of snapshots is smaller than M. The op-
timal GSC without DOA mismatch is also considered 
using the actual SV of the SOI and the exact IPN 
covariance matrix. For each interference in each 
sensor, SIR=−10 dB is set to ensure that the output 
SINR of the CBF is around 0 dB. 

Here the assumed DOA of the SOI is in the 
center of ΘSOI where a mismatch span ΘΔ is set to 
include the actual DOA of the SOI while excluding 
the DOAs of the interference signals. Based on the 
array structure and the bandwidth of interest, the 3 dB 
main-lobe bandwidth of the CBF beam pattern is 2°. 
Thus, the mismatch span ΘΔ=3° is reasonable. This 
means that ΘSOI is set to be (5°+φΔ−Θ∆, 5°+φΔ+Θ∆)= 
(2°+φΔ, 8°+φΔ), and ΘIPN is [−90°, 2°+φΔ]∪[8°+φΔ, 
90°]. For the two proposed methods, the threshold γ in 
Eqs. (8) and (12) is assigned a value of 0.7, and η in 
Eq. (15) is appointed to be 1 without loss of generality. 
All methods are implemented in the frequency do-
main with the FFT length of 1024. In the ANC stage, 
ρ=0.98 and μ=0.01 are chosen. 

Three performance measurements are calculated 
when each method reaches convergence: the correla-
tion coefficient CC between the output waveform y(i) 
and the input SOI waveform s(i), the output SINR and 
the signal distortion SD. They are expressed as 
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o o
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Wang et al. / Front Inform Technol Electron Eng   2019 20(7):975-987 983 

where i is the time index, To is the duration range of 
the output waveform, and ys(i) and nout denote the SOI 
component and IPN component in y(i), respectively. 
For the variations in the number of snapshots, each 
sensor is set to have SNR=−10 dB. To compare the 
performances with different input SNR, the number 
of snapshots is fixed at K=25. When the number of 
sensors varies, the fixed DOA mismatch φΔ=−1.5°, 
SNR=0 dB, and K=0.5M are assigned. Fifty Monte- 
Carlo runs are conducted to obtain each point in our 
simulations. 

First, the performance comparisons with regard 
to the number of snapshots are illustrated in Fig. 2. It 
is shown that the two proposed GSCs perform better 
than other techniques tested. They achieve the least 
SOI distortion, the highest correlation coefficients 
with the SOI, and the highest output SINR. Specifi-
cally, Proposal 2 produces much less signal distortion 
than Proposal 1, and has the best performance of all. 
As shown in Fig. 2a, the signal distortion of the pro-
posed methods increases with fewer snapshots. This 
means that the number of snapshots should be no 
smaller than 0.5M to control the signal distortion 
under −10.8 dB. In contrast, when the number of 
snapshots is smaller than that of the sensors, the in-
tegration method fails to work unless it uses a diag-
onal loading technique or shrinkage estimation 
method (Du et al., 2010). 

Second, we compare the performances for dif-
ferent input SNRs in Fig. 3. It is obvious that the 
proposed methods outperform the others under a 
range of low input SNRs. As depicted in Fig. 3a, the 
integration method and the standard GSC produce 
distortion increasingly as the input SNR increases, 
while the proposed methods decrease the distortion 
gradually. As stated in Section 3.1.1, the integration 
method uses inaccurate sample covariance matrix 
estimation ( , )X kωR  to calculate the Capon spatial 
spectrum. Hence, some SOI power components leak 
into the integration range ΘIPN, and inaccurate 

IPN ( , )kωR  reconstruction (containing SOI compo-
nents) is unavoidable. As this effect becomes more 
serious when the input SNR increases, the integration 
method produces more signal distortion. However, 
the proposed methods can discriminate the SOI and 
the IPN well in the subspace domain. Proposal 2 can 
identify and remove the exact eigenvector dominated 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 

by the SOI; therefore, IPN covariance matrix recon-
struction is accurate and the distortion can be reduced 
to the lowest. As shown in Figs. 3b–3d, the proposed 
methods can mitigate the influence of imprecise DOA 
information to better suppress the IPN and improve 
the quality of the SOI. Note that there is a gap 
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Fig. 2  Performance measurements in terms of the number 
of snapshots with SNR=−10 dB: (a) signal distortion;  
(b) correlation coefficients with the SOI; (c) output SINR 
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between the proposed GSCs and the optimal GSC 
since the DOA of the fixed beamformer is not cor-
rected. However, it does not affect the robustness of 
the proposed blocking matrices. 

Third, the performance measurements with re-
spect to the number of sensors are illustrated in Fig. 4. 
It is shown in Fig. 4a that the proposed GSCs reach 
the highest output correlation coefficient, which is 
always above 0.75. The reason for the performance 
variations is that the structural characteristics of a 
CBF beam pattern change with different numbers of 
sensors when the spacing and frequency band are 
fixed. To stress the performance difference clearly, we 
show the performance measurement increments re-
ferring to the CBF in Figs. 4b–4d. We can see that the 
proposed methods outperform the integration method 
and the CBF. The difference between the proposed 
methods and the standard GSC becomes more  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

significant as the number of sensors increases. In 
general, the correlation coefficient between the 
steering vector of the interference and the SOI cannot 
be seen as zero. When the bearing interval between 
the adjacent interference and the SOI is very small, 
the SOI subspace and the interference subspace can-
not be separated thoroughly. This will influence the 
result of eigenvalue decomposition on the sample 
covariance matrix, which is based on orthogonality. 
Thus, given a small number of sensors, the proposed 
two GSCs perform as well as the standard GSC with 
regard to the output CC and SINRout. With a larger 
number of sensors, the array resolution increases, 
while the correlation coefficient between the SOI and 
the interference decreases. The standard GSC be-
comes more sensitive to the DOA mismatch, and at 
the same time, the proposed methods improve the 
robustness due to the more precise IPN estimation. 
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Fig. 3  Performance measurements in terms of the input SNR with K=25: (a) signal distortion; (b) correlation coefficients 
with the SOI; (c) output SINR; (d) part of (b) in the low SNRs 
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5  Conclusions 
 

In this paper, a GSC structure which is robust to 
DOA mismatch with an eigenanalysis-based blocking 
matrix is proposed. The key idea is to reconstruct the 
IPN covariance matrix with the basic eigenanalysis 
method and its modified method. The latter is based 
on the rank-one assumption to remove the SOI sub-
space precisely and adaptively. The covariance matrix 
extracted is incorporated into the MaxSINR beam-
former for the subsequent blocking matrix construc-
tion. Then the robust blocking matrix is obtained by 
projecting the MaxSINR beamformer weight vector 
to the IPN subspace. It can minimize the SOI leakage 
and in the meantime maximize the noise and inter-
ference power in the noise reference, which is  
provided for an NLMS-based ANC to obtain the  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
enhanced waveform. Simulation results demonstrate 
that when there exists a DOA mismatch, the proposed 
GSCs not only remarkably decrease the amount of 
signal distortion, but also achieve considerable im-
provements in terms of the output SINR and correla-
tion coefficients with the desired signal, especially 
with large numbers of sensors. In addition, it can 
work even when the number of snapshots is smaller 
than that of the sensors. In the future, the correction of 
the SV of the SOI and the robustness against an  
array geometry mismatch will be topics for further 
research. 
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Fig. 4  Performance comparisons in terms of the number of sensors when SNR=0 dB and K=0.5M: (a) correlation coeffi-
cients with the SOI; (b) signal distortion increments referring to the CBF; (c) correlation coefficient increments referring 
to the CBF; (d) output SINR increments referring to the CBF  
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