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Abstract: Robust adaptive beamforming (RAB) can be used to suppress interference signals while

retaining the desired signals received by a sensor array. However, desired signal self-cancellation

and model mismatch can affect RAB performance. In this paper, a novel interference-plus-noise

covariance matrix (INCM) reconstruction method is proposed for RAB to solve these problems. The

proposed method divides the desired signal into two ranges according to the input signal-to-noise

ratio (SNR), namely low SNR and high SNR. In the low SNR range, INCM reconstruction directly

uses the same sample covariance matrix as the sample matrix inversion (SMI) beamformer to retain

the advantages of the traditional SMI algorithm. In the high SNR range, the eigenvalues of the sample

covariance matrix are used to estimate the interference power and noise power. The optimized

interference steering vector (SV) is obtained by solving a quadratic convex optimization problem

in an interference subspace. The INCM is reconstructed from the interference SVs, interference

power, and noise power. The reconstructed INCM is then used to correct the desired signal SV via

maximizing the beamformer output power. This is achieved by solving a quadratically constrained

quadratic programming (QCQP) problem. Analysis and simulation results are presented which

demonstrate that the proposed method performs well under a variety of mismatch conditions.

Keywords: robust adaptive beamforming; SNR estimation; interference covariance matrix reconstruction;

subspace selection

1. Introduction

In some application scenarios, such as target detection [1,2], target recognition [3,4],
and communications [5,6], ambient noise and interference will degrade the quality of
desired signals [7]. Beamforming [8–10] can be employed to reduce the effects of noise and
interference and improve the signal-to-noise ratio (SNR).

In recent decades, adaptive beamforming has been used in many fields to improve
signal quality [11,12]. The optimal beamformer for maximizing the output signal-to-
interference-plus-noise ratio (SINR) is known as the minimum variance distortionless
response (MVDR) beamformer [13]. The key to the efficiency of MVDR beamforming is the
signal of interest (SOI) in the training data. Both the convergence rate and performance
of the adaptive beamforming algorithm are decreased when the training data contains
the SOI [14,15]. However, the sample covariance matrix is often corrupted by the SOI in
many practical applications, such as radio astronomy, mobile communications, and passive
source location [14]. Further, MVDR beamforming is sensitive to steering vector (SV)
mismatch, mainly when the input SNR is high [16]. In practical problems, this mismatch
can be caused by factors such as sensor position errors, signal direction errors, amplitude
and phase errors, and local scattering.

In order to improve the robustness of beamforming, various robust adaptive beam-
forming algorithms (RABs) have been proposed. Diagonal loading (DL) [17–19] employs
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sampling covariance processing and adds a quadratic restriction on the SV or a scaled
identity matrix to the sample covariance matrix (SCM). However, an appropriate DL fac-
tor must be selected. The eigenspace-based algorithm [20–23] is a practical algorithm
to improve the robustness of beamforming. It can optimize the SV [20] or enhance the
accuracy of the covariance matrix [21] through subspace projection. The challenge with
this technique is determining the desired subspace. The method based on the uncertainty
set constraint [14,24] is applicable to a variety of mismatch conditions, but it has high
computational complexity and cannot always have an ideal output in a wide SNR range.

In recent years, the interference-plus-noise covariance matrix (INCM) reconstruction
method has been proposed to reduce the SOI influence and improve the robustness of
adaptive beamformers. INCM reconstruction was initially proposed in [25] and employs
the Capon power spectrum integrated over a complement region of the SOI direction.
Then, the INCM is used in a QCQP problem to estimate the SV of the desired signal. A
low complexity algorithm that reconstructs the INCM based on spatial power spectral
sampling was proposed in [26]. The effect of interference power estimation on INCM
reconstruction was analyzed in [27], and a simplified algorithm was developed to estimate
the interference power. In [28], an RAB approach was proposed to reconstruct the INC
matrix based on power method processing and spatial spectrum matching, which can avoid
over-complicated calculations. Although these INCM algorithms improve the robustness of
beamforming, the existence of look direction or other SV errors degrades their performance.

In this paper, a new INCM reconstruction method is proposed to improve beamform-
ing performance in various environments. First, the output characteristics of the sample
matrix inversion (SMI) beamformer [29] at different input SNRs are analyzed. This is
important because INCM reconstruction methods have been designed for different SNR
ranges according to these characteristics. The reconstructed INCM is replaced by the SCM
when the input SNR is low. When the input SNR is high, the estimated interference power,
corresponding SV, and estimated noise power are used to reconstruct the INCM. In addi-
tion, the presumed SV of the signal is corrected by solving a QCQP problem. The weight
vector of the proposed beamformer is obtained by combining the reconstructed INCM and
the presumed SV. The main contributions include:

1. This paper proposes an estimation method of SNR, and different INCM reconstruction
methods are employed for different SNRs, which reduces the complexity generated
by solving several QCQP problems and improves the output performance of beam-
forming at low SNR.

2. An automatic subspace determination method is proposed to reconstruct INCM in
the high SNR range. Compared with the algorithm that relies on empirical subspace
selection, this method avoids the detrimental effect of the number of signals and
elements on the subspace selections. It improves the robustness of the subspace-based
reconstruction INCM algorithm.

The remainder of this paper is organized as follows. Section 2 presents the system
model and MVDR beamforming problem. The impact of the input SNR on the SMI
beamformer is analyzed in Section 3, in which INCM reconstruction based on the input
SNR and SOI SV estimation are also described. Simulation results are presented in Section 4
to illustrate the effectiveness of the proposed approach. Finally, some conclusions are given
in Section 5.

Notation: Uppercase bold letters are used to denote matrices, and lowercase bold letters
denote column vectors. (·)T , (·)H , E{·}, and ‖ · ‖2 denote transpose, conjugate transpose,
expectation, and Euclidean norm, respectively.
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2. Background

Consider a receiver with a uniform linear array (ULA) and M sensors. P far field plane
wave narrowband signals impinge on this array from the directions θ1, . . . , θP. The received
signals at time k in the array x(k) = [x1(k), x2(k), . . . , xM(k)]T can be expressed as:

x(k) = xs(k) + xi(k) + xn(k) (1)

where xs(k) = a1s1(k) is the SOI, xi(k) = ∑
P
i=2 aisi(k) is the interference, and xn(k) is noise.

It is assumed that the SOI, interference, and noise are statistically independent. The actual
SV for the signals si(k) from θi, i = 1, 2, . . . , P, can be expressed as:

ai = [1, e−j2πd sin θi/ε, . . . , e−j2π(M−1)d sin θi/ε]T , (2)

where j =
√
−1, ε is the wavelength of the signal wavefront, and d is the distance between

adjacent elements. The vector xn(k) is assumed to be complex white Gaussian noise with
zero mean and variance σ2

n . The output of the beamformer is:

y(k) = wHx(k), (3)

where w = [w1, w2, . . . , wM]T is the weight vector.
The optimal weight vector w can be obtained as the solution to the following signal-

to-interference-plus-noise ratio (SINR) maximization problem:

SINRmax = max
σ2

1

∣

∣wHa1

∣

∣

2

wHRinw
, (4)

where σ2
1 = E{|s1(k)|2} is the power of the SOI, and Rin is the INCM given by:

Rin = E{[xi(k) + xn][xi(k) + xn]
H}

=
P

∑
i=2

σ2
i aiai

H + σ2
nI,

(5)

where σ2
i is the interference power, and I is the M × M identity matrix.

To maximize the output SINR, the output interference and noise should be minimized
while not distorting the SOI. Then, the SINR maximization problem can be expressed as
the following optimization problem:

min
w

wHRinw s.t. wHa1 = 1 (6)

with solution

wopt =
R−1

in a1

a1
HR−1

in a1

. (7)

This is known as the minimum variance distortionless response (MVDR) beamformer
or the standard Capon beamformer. In practice, the exact Rin is not available and so is
usually replaced with the sample covariance matrix (SCM) R̂, which is estimated as the
average of K snapshots:

R̂ =
1

K

K

∑
k=1

x(k)xH(k). (8)

In this case, the MVDR beamformer is the SMI beamformer. Due to array errors,
the exact a1 cannot be obtained. Since the array geometry is known, denote the initial
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approximate SVs of the desired signal and interference obtained using the DOA estimation
as ās and āl , l = 2, . . . , P, respectively. The corresponding optimal solution is:

wSMI =
R̂−1ās

āH
s R̂−1ās

. (9)

The SOI is typically included in the SCM using:

R̂ = R̂s + R̂in + R̂cross, (10)

where R̂s, R̂in, and R̂cross are the estimated SOI covariance matrix, INCM, and cross-
covariance matrix between the desired signal and interference-plus-noise components,
respectively, which can be expressed as:

R̂s =
1

K

K

∑
k=1

xs(k)xs
H(k) (11)

R̂in =
1

K

K

∑
k=1

(xi(k) + xn(k))(xi(k) + xn(k))
H (12)

R̂cross =
1

K

K

∑
k=1

xs(k)(xi(k) + xn(k))
H + (xi(k) + xn(k))x

H
s (k). (13)

The SOI exists in both R̂s and R̂cross. However, as the quantity of snapshots rises, R̂cross

approaches zero, and R̂ approaches the actual covariance matrix.

3. Proposed Method

It can be seen from (9) and (10) that, when the SOI is present in R̂, signal self-
cancellation will occur, and this cancellation increases as the input SNR increases. In
addition, inaccurate estimation of ās also affects the solution to w. Thus, the goal in this
section is to select a suitable method for INCM reconstruction according to the input SNR
and optimize the SOI SV based on this reconstruction.

3.1. Input SNR Impact on the SMI Beamformer

According to (7) and (9), the SMI beamformer can be regarded as an approximation
of the MVDR algorithm. Figure 1 presents the output SINR versus input SNR of this
beamformer, and Figure 2 shows the SMI performance when there are amplitude and phase
perturbations, as well as look direction and sensor location errors. The look direction error
is assumed to be uniformly distributed in [−4◦, 4◦]. The gain error and phase error are
randomly distributed according to N(0, 0.12) and N(0, 0.25π2), respectively, and the sensor
location error is uniformly distributed in the interval [−0.1, 0.1] measured in sensor space.
This shows that, when the input SNR is less than 0 dB, the algorithm performs well, but
when the SNR is greater than 0 dB, there is a decrease in the output SINR. Thus, 0 dB is
considered to divide the SNR range.
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Figure 1. Output SINR versus input SNR of the SMI beamformer.

Figure 2. Output SINR versus input SNR of the SMI beamformer with perturbations and errors.

3.2. INCM Reconstruction

The INCM reconstruction aims to eliminate SOI components while retaining interference-
plus-noise elements. When the SOI SNR is small, the SOI component in the SCM is small,
so the SCM can be used directly instead of the INCM. When the SOI SNR is large, the INCM
can be reconstructed using the estimated interference power, noise power, and interference
signal SVs.

The covariance matrix of x(k) is:

R =
P

∑
i=1

σ2
i aiai

H + σ2
nI. (14)

This can also be expressed using eigenvalue decomposition (EVD) as:

R =
M

∑
i=1

λieie
H
i , (15)
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where λ1 ≥ λ2 ≥ . . . ≥ λP > λP+1 = . . . = λM = σ2
n are the eigenvalues of R, and ei is the

eigenvector corresponding to λi. Further, (15) can be rewritten as:

R =
P

∑
i=1

λieie
H
i + σ2

n

M

∑
i=P+1

eie
H
i

=
P

∑
i=1

λieie
H
i + σ2

nI − σ2
n

P

∑
i=1

eie
H
i

=
P

∑
i=1

(λi − σ2
n)eie

H
i + σ2

nI.

(16)

Comparing (14) and (16), we obtain:

P

∑
i=1

σ2
i aiai

H =
P

∑
i=1

(λi − σ2
n)eie

H
i . (17)

However, this relationship may not hold for a given value of i. Since each signal SV ai

corresponds to a unique signal, and each large eigenvalue also corresponds to a unique
signal, the correspondence between the two sides of the equation can be determined by
calculating the correlation between ai and ei. For the steering vector ap of the pth signal, its
correlation with the ith eigenvector ei can be calculated as:

ci =
|eH

i ap|
‖ei‖‖ap‖

i = 1, 2, . . . , P. (18)

Since ap
Hap = M, ei

Hei = 1, (18) becomes:

ci = |eH
i ap|. (19)

Denote the eigenvector that maximizes ci in (19) as epc and the corresponding eigen-
value as λpc. Then, from (17), we have:

σ2
papap

H = (λpc − σ2
n)epceH

pc. (20)

The relationship between the signal power and eigenvalues can be expressed as:

σ2
p =

(λpc − σ2
n)

M
. (21)

Therefore, the approximate signal power ps and interference power pl , l = 2, . . . , P, in
the received signal can be expressed as:

ps =
(λ̂sc − σ2

n)

M

pl =
(λ̂lc − σ2

n)

M
.

(22)

If the signal power is much greater than the noise power, σ2
n in (22) can be ignored,

and (22) can be rewritten as:

ps =
λ̂sc

M

pl =
λ̂lc

M
,

(23)
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where λ̂i is the eigenvalue of R̂, and λ̂sc and λ̂lc are the eigenvalues corresponding to the
desired signal power σ2

1 and interference power σ2
l in (20). The estimated noise power pn is:

pn =
1

M − P

M

∑
i=P+1

λ̂i. (24)

The actual SNR is equal to 10 log10 σ2
1 /σ2

n . Using (22) and (24) gives the following
approximation:

SNRb = 10 log10 ps/pn. (25)

According to the division of the SNR range by 0 dB in Section 3.1, when SNRb 6 0,

the input SNR is small, and R̂ can be used in place of the reconstructed INCM ˆ̃Rin. When
SNRb > 0, the input SNR is high, and the INCM can be reconstructed using (5).

In the high input SNR region, the SVs are first optimized using the method in [30] to
obtain the coarsely optimized SOI SV âs and interference SVs âl . Then, a more accurate
interference SV ˆ̃al can be obtained using the orthogonality of the interference subspace. The
interference subspace can be realized by constructing a matrix Φ in the interference interval:

Φ =
∫

Θi

āl(θ)ā
H
l (θ)dθ, (26)

where Θi is the angular sector that contains the interference, and āl(θ) is the SV associated
with θ in Θi based on the known array structure.

The EVD of Φ is:

Φ =
M

∑
i=1

τihihi
H , (27)

where τ1 ≥ τ2 ≥ . . . ≥ τM are the eigenvalues of Φ, and hi is the eigenvector correspond-
ing to τi. Let H1 = [h1, h2, . . . , hq] be the eigenvector matrix composed of the largest
q eigenvalues.

If q is chosen appropriately, H1 can represent the interference subspace. Then, the
projection on the subspace spanned by H1 can largely eliminate the desired signal while
retaining the interference components [31] so that:

H1HH
1 âs ≈ 0 (28)

and

H1HH
1 âl ≈ âl . (29)

In the existing algorithms, the appropriate number of subspaces q is usually selected
based on experience. However, for different numbers of array elements and signal source
information, the determination of this subspace needs to be more flexible. This paper pro-
poses a method for determining the subspace autonomously, which can use the relationship
in (29) to find an appropriate value of q. Define

δ(m) = ‖H1(m)HH
1 (m)âl‖2

2 − ‖âl‖2
2, m = 2, 3, . . . , M − 1, (30)

where H1(m) = [h1, h2, . . . , hm], and when H1(m) satisfies (29), δ(m), δ(m + 1), . . . , δ(M − 1)
are negligible. However, it is usually challenging to determine if the value of δ(m) is negli-
gible. Given that g(m) = |δ(m − 1)/δ(m)|, the value of g(m) can judge the change in δ(m).
Figure 3 shows the value of g and δ versus m. If δ(m) is negligible and δ(m − 1) is not
close to zero, the difference between δ(m − 1) and δ(m) will be significant, so g(m) is the
maximum for all g(·).
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Figure 3. Values of g and δ versus m.

Choosing q = arg max |g(m)|, the projection matrix Z = ZH = H1(q)H
H
1 (q) will

satisfy (29) while keeping the left-hand side of (28) small. Furthermore, the complement
subspace Ψ = I − Z is orthogonal to the actual interference SV al , so:

‖Ψ
Hal‖ ≈ 0 l = 2, . . . , P. (31)

Using âl , the orthogonality condition in (31) is replaced by ‖Ψ
H âl‖ > 0, which gives:

‖Ψ
H(âl + vl)‖2

2 < ‖Ψ
H âl‖2

2, (32)

where vl is the mismatch of âl , and ˆ̃al = âl + vl is closer to al than âl .
Using an approach similar to that in [31], ˆ̃al can be obtained by solving the following

problem:

min
vl⊥

(âl + vl⊥)
HR̂−1(âl + vl⊥)

s.t. âlvl⊥ = 0

‖Ψ
H(âl + vl⊥)‖2

2 < ‖Ψ
H âl‖2

2,

(33)

where vl⊥ is the component of vl orthogonal to âl . The mismatch vector can be decomposed
as vl = vl⊥ + vl‖, where vl‖ is the component parallel to âl . vl‖ is a scaled copy of âl and
so does not affect the SINR; thus, it can be ignored in (33). The final corrected SVs are then:

ˆ̃al = âl + vl⊥. (34)

Combined with the estimated signal power obtained previously, the INCM is recon-
structed as:

ˆ̃Rin =
P

∑
l=2

pl
ˆ̃al

ˆ̃a
H
l + pnI. (35)

3.3. SV Estimation

Using an approach similar to (33), a corrected desired signal SV ˆ̃as can be obtained by
solving the following QCQP problem:

min
vs⊥

(ăs + vs⊥)
H ˆ̃R

−1

in (ăs + vs⊥)

s.t. ăsvs⊥ = 0

(ăs + vs⊥)
H ˆ̃Rin(ăs + vs⊥) < ăH

s
ˆ̃Rinăs,

(36)
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where vs⊥ is the orthogonal component of vs, and vs is the mismatch of ăs, where ăs = ās

when SNRb 6 0 and ăs = âs when SNRb > 0. Then the final corrected SV is ˆ̃as = ăs + vs⊥ .

After obtaining ˆ̃Rin and ˆ̃as, they can be substituted for R̂−1 and ās in (9) to obtain:

w =
ˆ̃R
−1

in
ˆ̃as

ˆ̃a
H
s

ˆ̃R
−1

in
ˆ̃as

. (37)

The computational complexity in the low SNR region is O(M3.5), due to the solution to
the QCQP problem for SOI SV. In the high SNR region, the main complexity is in solving the
QCQP problem for SOI SV and each interference SV, which has computational complexity
O(PM3.5).

4. Performance Evaluation

In this section, simulation is employed to evaluate the performance of the proposed al-
gorithm. The proposed method is compared with the INCM reconstruction beamformer of
volume integration (INCM-volume) [32], INCM reconstruction via simplified interference
power estimation [27] with desired signal steering vector estimation [20] (INCM-Simplified),
beamforming using maximum entropy (INCM-MEPS) [33], beamformer based on an adap-
tive diagonal loading for the SMI (NDL-SMI) [34], INCM reconstruction beamformer based
on a local maximum of the Capon power (INCM-MCP) [35], and INCM reconstruction
beamformer based on subspace decomposition and steering vector correction (INCM-
SDC) [36]. Narrowband continuous wave (CW) signals are considered, so both the SOI
and interference are CW signals. A ULA with M = 10 omnidirectional sensors and half-
wavelength spacing is employed as the passive sensor array. The additive noise is modeled
as complex white Gaussian noise. The frequencies of the SOI and two interference signals
are f = 60 kHz, f1 = 59 kHz, and f2 = 61 kHz, respectively. The SOI arrives from angle
θ1 = 5◦ and the interference from angles θ2 = −50◦ and θ3 = −20◦. The interference-to-
noise ratio (INR) in each sensor is 30 dB in all simulations, and the SOI is always present in
the snapshot data. The SNR is 10 dB in the fixed input SNR experiments and K = 2000 in
the fixed snapshots experiments.

The interference angular sector in the proposed method is:

Θi = Θ1

⋃

Θ2 = [θ2 − 5◦, θ2 + 5◦]
⋃

[θ3 − 5◦, θ3 + 5◦].

The angle sector of the desired signal is set to Θs = [θ1 − 5◦, θ1 + 5◦] for the method
in [36]. All signal angular sectors use a uniform sample angular interval of 0.1◦. The energy
threshold for the methods in [20,30] is set to ρ = 0.9. The number of sampling points in
Θint is I = 40 for the method in [32] and, for the method in [33], is L = 50 and S = 10. For
the approach in [35], ∆θl = 10◦, η̃ = 0.1, and the number of sample points is 2η̃/0.01. The
optimization problem is solved using CVX [37]. All simulation results are the average of
200 Monte Carlo trials.

The following SV errors are considered: look direction error, sensor gain error, phase
error, and location perturbation. The nth element of the SV can then be expressed as:

(1 + ∆ξ)e−j2π(nd+∆d) sin(θ+∆θ)/εe−j∆ϕ, n = 0, 1, . . . , M − 1, (38)

where ∆ξ is the gain error, ∆ϕ is the phase error, ∆θ is the look direction error, and ∆d is the
sensor location perturbation. The errors change with each trial but remain constant across
all snapshots. In addition, the following experiments also consider the presence of coherent
local scattering and the influence of different interference numbers on these algorithms.

4.1. Case 1: Known SV

First, an ideal case is considered where the SV is known, so all errors are 0. Table 1 gives
the estimated SNR of the proposed method at different input SNRs. The proposed method
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can distinguish between low and high SNRs and also estimate the input SNR well when
the actual input SNR is greater than −20 dB. Figure 4 presents the mean output SINR of the
beamformers versus the input SNR for K = 2000 snapshots. Figure 5 shows the deviation
of each beamformer from the optimal beamformer. This shows that the INCM-volume
beamformer and the proposed method outperform the INCM-simplified beamformer, the
INCM-MEPS beamformer, and the INCM-MCP beamformer. The output of the INCM-SDC
beamformer becomes good when the SNR is greater than −20 dB, while the NDL-SMI
algorithm decreases with the increase in SNR. Furthermore, the proposed method has the
largest output SINR. Figure 6 presents the mean output SINR of the beamformers versus
the number of training snapshots for fixed-input SNR. The number of snapshots is varied
from 50 to 1000 in increments of 50. The output of the NDL-SMI beamformer changes with
the number of snapshots. These results show that, when the number of snapshots is less
than 150, the proposed method performs worse than the other algorithms, but when the
number of snapshots is more than 150, it performs better. This is because when the ratio of
K to the signal frequency is too small, the signal power cannot be correctly estimated using

the eigenvalues of R̂. Then, the difference between ˆ̃Rin and Rin will be significant, which
degrades the performance of the proposed method.

Table 1. The SNR (dB) estimation results.

Input −30 −25 −20 −15 −10 −5 0 5 10 15 20 25 30

Estimate −23.71 −21.65 −18.76 −14.85 −9.98 −5.01 0.40 5.12 10.03 15.00 19.99 24.97 30.29

Figure 4. Output SINR versus input SNR in the case of known SV.

Figure 5. Deviation from the optimal SINR in the case of known SV.
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Figure 6. Output SINR versus the number of snapshots in the case of known SV.

4.2. Case 2: Mismatch Due to Look Direction Error

In this case, look direction error is considered, and the error ∆θ is assumed to be
uniformly distributed in [−4◦, 4◦]. All other errors in (38) are set to 0. Figure 7 presents the
mean output SINR versus input SNR for the beamformers with a fixed number of snapshots.
Further, Figure 8 shows the deviation of each beamformer from the optimal beamformer.
This indicates that the proposed method outperforms the others, and the look direction
error decreases the output SINR of the INCM-SDC beamformer, the INCM-simplified
beamformer, the NDL-SMI beamformer, and the INCM-MCP beamformer. Figure 9 presents
the mean output SINR of the beamformers versus the number of snapshots for fixed-input
SNR. These results show that, when the number of snapshots is more than 150, the INCM-
volume beamformer and the proposed method are more robust to look direction error.

Figure 7. Output SINR versus input SNR in the case of look direction error.
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Figure 8. Deviation from the optimal SINR in the case of look direction error.

Figure 9. Output SINR versus the number of snapshots in the case of look direction error.

4.3. Case 3: Mismatch Due to Gain, Phase, and Sensor Location Errors

In this case, gain error, phase error, and location error are considered. The gain error
∆ξ and phase error ∆ϕ are randomly distributed according to N(0, 0.12) and N(0, 0.25π2),
respectively, and the sensor location error ∆d is uniformly distributed in the interval
[−0.1, 0.1] measured in sensor space. The look direction error is ∆θ = 0. The mean output
SINR versus the input SNR for a fixed number of snapshots is given in Figure 10. Figure 11
shows the deviation of each beamformer from the optimal beamformer. This shows that
several methods are insensitive to gain error, phase error, and location perturbation. The
result of the proposed method is better than the other techniques. The output SINR versus
the number of snapshots for fixed input SNR is given in Figure 12. These results show
that the number of snapshots does not have a significant effect on the performance of the
beamformers, except the NDL-SMI beamformer, when the number of snapshots is more
than 150.
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Figure 10. Output SINR versus input SNR in the case of gain, phase, and sensor location errors.

Figure 11. Deviation from the optimal SINR in the case of gain, phase, and sensor location errors.

Figure 12. Output SINR versus the number of snapshots in the case of gain, phase, and sensor

location errors.
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4.4. Case 4: Mismatch Due to Coherent Local Scattering

In addition to look direction error, gain error, phase error, and location perturbation,
the effect of a mismatch in the desired signal SV caused by coherent local scattering [38] is
considered in this case. The desired signal is assumed to follow a direct path and coherently
scattered paths, so the SV is modeled as a = a(θ1) + ∑

4
p=1 ejϕp a(θLp), where a(θLp) is the

pth coherently scattered path in a direction θLp, and all θLp, p = 1, 2, 3, 4 are randomly
distributed in a Gaussian distribution with mean of 5◦ and standard deviation of 1◦; and
ϕp represents the path phase, whose value was independently and randomly generated
from the [0, 2π] interval. The look direction error in this case is uniformly distributed in
[−2◦, 2◦]. It should be noted that the look direction mismatch, θLp, and ϕp changed from
run to run but were fixed from snapshot to snapshot.

Figure 13 gives the mean output SINR versus the input SNR for a fixed number
of snapshots. Figure 14 presents the deviation of each beamformer from the optimal
beamformer. These results show that the proposed method provides the best performance.
Figure 15 gives the mean output SINR for the beamformers versus the number of snapshots
for a fixed-input SNR. This shows that the output SINR for the proposed method is the
highest when the number of snapshots is more than 150.

Figure 13. Output SINR versus input SNR in the case of coherent local scattering.

Figure 14. Deviations from the optimal SINR in the case of coherent local scattering.
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Figure 15. Output SINR versus the number of snapshots in the case of coherent local scattering.

4.5. Case 5: Validation for Different Numbers of Interferers

This case validates the beamformers for different numbers of interferers. The number
of snapshots is fixed as 2000. The SOI arrives from angle θ1 = 5◦, while the DOA of
interferences are random. The information about each interference is shown in Table 2.
Figures 16 and 17 give the mean output SINR versus the number of interferers with
SNR = −5 dB and SNR = 10 dB, respectively. These results show that most algorithms
decrease as interference increases, and the proposed method provides better robustness
than other beamformers.

Table 2. The settings for the interferences.

Interference 1 2 3 4 5 6

Frequency (kHz) 59 61 59 60 60.6 60.6

Input INR (dB) 30 30 10 10 20 15

Figure 16. Output SINR versus the number of interferers with SNR = −5 dB.
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Figure 17. Output SINR versus the number of interferers with SNR = 10 dB.

5. Conclusions

In this paper, a novel interference-plus-noise covariance matrix (INCM) reconstruction
method was proposed for robust adaptive beamforming (RAB). First, an initial SNR esti-
mation algorithm was proposed, and then INCM reconstruction methods were developed
according to the SNR. The sample covariance matrix (SCM) is directly used to reconstruct
the INCM when the input SNR is low. This preserves the interference and noise informa-
tion while ignoring the influence of the desired signal. When the input SNR is high, the
INCM is reconstructed through interference and noise power estimation via eigenvalues
combined with subspace-based interference SV optimization. In addition, the reconstructed
INCM is used in the subsequent QCQP problem to estimate the SV of the desired signal.
Simulation results were presented which demonstrate that the proposed method achieves
a performance superior to other approaches in various model error conditions.
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