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1. Introduction
Owing to a wide range of applications, the adap-

tive beam-forming algorithm has made great and con-
tinuous development. In order to suitable for different 
applications, many criterions of adaptive beam-form-
ing algorithm have been proposed, such as minimum 
variance, maximum output signal-to-noise ratio and 
minimum mean square error(MMSE). The constraint 
criterion of the minimum mean square error takes the 
mean square error minimization between the output 
signal and desired signal. The constraint criterion of 
the minimum variance criterion requires the mini-
mum array output power. Integrating one of these 
criterions with different constraint conditions, some 
beam-forming algorithms [1-4] have been proposed.

Under the condition of linear constraint and mini-
mum output power, taking the response vector as the 

optimal weight vector, linear constrained minimum 
variance(LCMV) can response timely signal in the 
desired direction, and that can eliminate noises in the 
other directions [5]. However, the correlation matrix 
of the received signal is usually replaced by the cor-
relation matrix of the instantaneous received signal. 
Thus, LCMV certainly has error with the actual ma-
trix. For reducing the error, some methods are adopt-
ed, such as using the expectation estimation of the n 
times sampling the instantaneous received signal to 
acquire the correlation matrix of the received signal, 
or by n times iterative addition with n times sampled 
data to get the correlation matrix of the received sig-
nal. The eigen spatial beam-forming algorithm(ESA) 
separates the weight vector space into the signal sub-
space and the noise subspace, and then the weight 
vector is projected into the subspace. ESA can real-
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ize the separation of signal and noise, and limit ef-
fectively the noise power output, thus its convergence 
speed and robustness have a significant improvement. 
However, ESA cannot reduce the error of correlation 
matrix. Therefore, the inverse of the correlation ma-
trix still needs to be calculated in spite of the reduc-
tion of its computation complexity. Nearby the initial 
desired direction, the first order Taylor series of steer-
ing vector can be applied to modify direction and help 
look for a new steering vector. When the directions of 
steering vector and the desired signal are the same, the 
output power of the optimal beamformer will achieve 
local optimum [6]. This method is easy to realize, and 
has nothing to do with the selection of the phase cen-
ter. But the range of the revised pointing error is wide 
caused by main lobe broadening. Newton iterative 
method is essentially the linear part of Taylor series, 
but it is lower in the accuracy and slower in conver-
gence speed. In order to avoid calculating the inverse 
of the matrix, the recursive least squares algorithm 
can be applied to reduce the calculated amount effec-
tively [7]. Nevertheless the pointing error can cause 
signal cancellation and performance decline. To im-
prove the robustness of the beamforming algorithm, 
steering vector can be revised by rotating vector [8]. 
Because the normal LCMV algorithm needs to solve 
the inverse of the matrix and eigen-decomposition, 
the computational load is biggish. Using the steepest 
descent method to search the optimal weight vector 
and the steering vector recursively can avoid the op-
eration of the inverse matrix and the eigen-decom-
position, which can reduce computational complex-
ity and improve the robustness [9]. Suppose that the 
weight vector is optimal, MMSE can approach the 
desired steering vector by iteration [3]. In addition, 
although strong interference can also cause the ori-
entation error, it is proved to be suppressed by broad-
ening the null steering [10]. In order to improve the 
desired signal cancellation phenomenon, correlation 
matrix is constructed using orthogonal projection for 
the mismatch angle of the desired signal, and steering 
vector can also be estimated under beam-space [11]. 
When the mismatch of direction-of-arrival(DOA) is 
large, to make the beamformer stable and the per-
formance optimized, we restructure the Interference 
plus noise covariance matrix and replace the actual 
sampling correlation matrix by the desired signal plus 
noise covariance matrix, and through rotation, the op-
timal weight vector can be acquired by the orthogonal 
subspace containing the desired signal [12]. There are 
many methods to restructure the covariance matrix, 
like the sparse feature used by Gu [13], which esti-
mates the external product linear combination of the 

interference vector oriented of the single interference 
power weighting through compressed sensing(CS), 
and then restructures the sparse covariance matrix 
added Interference and noise to replace the diagonal 
loading factor of Cruise in the sampling correlation 
matrix. The problem of signal cancellation can be 
solved because signal components are not contained 
[14].

In order to eliminate estimation error and pointing 
error as well as improve real-time performance of al-
gorithm and simplify calculations, taking advantages 
of the above methods, this paper proposes RIA for the 
robust adaptive beam-forming. RIA can eliminate ori-
entation error by rotate operation, and avoid inverse 
operation of covariance matrix by using the steepest 
decent operation [15]. However, the weighted vector 
has been iterative searched for optimum.

2. Theoretical basis
Suppose that isotropic homogeneous M element 

linear array with interval of half wavelength has re-
ceived a desired signal and p (p+1 < M) interference 
signals from the directions of θ0, θ1, …, θp, , and the 
noise is white noise. Here, all signals and noise are 
mutually non-correlative, and then the received sig-
nal x(t) at t moment can be described in equation (1).
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where A(θ) = [a(θ0), a(θ1),…, a(θp)] is a steering 
vector, S(t) = [s0(t), s1(t),…, sp(t)]T is source signal 
vector, s0(t) and si(t) (i = 1, 2, …, p) are the complex 
envelopes of desired and interference signals and n(t) 
is a noise.

The correlation matrix Rx of the received signal 
x(t) can be described in equation (2).
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Where, σ2 denotes the power, the subscript 0, i and 
n indicate the desired signal, interference signal and 
noise, and I is an M order unit matrix. Normally, we 
cannot get the correlation matrix Rx. Usually, it can 
be estimated by using the average of finite snapshots. 
Suppose using n times snapshot sampling, and then 
we can get an estimation matrix xR  shown in equa-
tion (3). When N→∞, x x≈R R .
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In order to get optimal weight vector ω, the beam-

forming idea of LCMV is adding restrains to some di-
rections to result the minimal output power. Consid-
ering that it is hard to get the practical steering vector, 
it can be replaced by the estimation matrix xR . It can 
be expressed as shown in equation (4).
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ω
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The optimal weight vector ωopt can be got by solv-
ing equation (5).
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Actually, the pointing error contained in steer-
ing vector will cause the performance decline of the 
LCMV algorithm.

3. Rotating iterative beam-forming
When the error direction is on the edge of beam 

main lobe, based on the direction vector 0( )a θ  of 
supposing expected signal direction 0θ , we use first 
order Taylor series to search and correct the deflec-
tion error by iteration and approximation. During the 
iteration, the correction value makes the assumed di-
rection approach the expected direction, which means 
correction value and the pointing error are consistent, 
and then the research can converge to the expected 
angle [6]. However, when the condition can’t be sat-
isfied, the research failed and the performance will 
worsen badly. It will result some circumstances such 
as signal-to-noise ratio of the output signal attenuat-
ing and beam robustness weakening. For that, a RIA 
based on the error analysis of direction vector has 
been proposed.

If the direction of desired signal is θ0 and the di-
rection of the steering vector exists deflection error 

θ, then the normalization of error space frequency 
is u = sin(θ0+ θ)/2. When θ→0, the trigonomet-
ric function sin(θ0+ θ) can be expanded as shown in 
equation (6).
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Supposing φ = sinθ0, φ = θcosθ0, then the error 
steering vector can be expressed as shown in equation 
(7).
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Supposing (M 1)( ) 1, , ,
Tj ja e eπ ϕ π ϕθ − ∆ − − ∆ ∆ =   ,

then the error steering vector can be expressed as 
shown in equation (8).

0 0( ) ( ) ( )a a aθ θ θ θ+ ∆ = ⋅∗ ∆  (8)

Therefore, the steering vector of desired signal get-
ting from the error steering vector can be expressed as 
shown in equation (9).

0 0( ) ( ) / ( )a a aθ θ θ θ= + ∆ ⋅ ∆  (9)

Where “ ⋅∗” and “ /⋅ ” express Hadamard multipli-
cation and division of Corresponding element among 
column vectors. When the deflection error is in the 
half power main lobe which means | θ|<(0.886/M)
secθ0 (rad), normally a good direction adjustment can 
be got. But, the actual error is uncertain. Therefore, 
the angle error needs to be corrected gradually.

In order to improve the calculating speed and the 
real-time operability, the steepest descent method 
should be combined. The calculating speed can be 
improved by an order of magnitude compared with 
the normal LCMV formation algorithm through this 
way. Getting the estimate of the correlation matrix of 
received data by iteration can operate in real time and 
don’t need enough amounts of snapshot data, and that 
can Iterative optimization for the weight vector. The 
estimate of the correlation matrix can be expressed as 
as shown in equation (10).
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where nR  is the correlation matrix estimated 
from the n times snapshot data. When the quantity of 
snapshots is large enough, 1n n+ ≈R R  . The function 
of linear constraint can be formed by using Lagrange 
multiplier factor, and the steepest descent method can 
make the weight vector decline along the direction of 
maximal gradient which can be expressed as shown 
in equation (11).

( 1) ( ) Jn n ωω ω µ+ = − ∇  (11)

Where μ is iteration step length, J is the linear 
constraint function of equation (5) formed by using 
Lagrange multiplier factor. Jω∇  is defined as shown 
in equation (12).

J 2 ( )x nn aω ω λ∇ = +R  (12)

Where ω(n+1) satisfies with ωH(n+1)a =1, and a 
is error steering vector. Therefore, λn can be obtained 
according to equation (13).

( )1 ( 1) 2 ( ) 1H H
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Thus, the weight vector can be derived from equa-
tion (14).
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Supposing that ( ) ( ) ( ) ( )H
n nn x n n a n aε ω ω= − +R R   

where x(n) and ε(n) are received signal and corrected 
error, the equation (13) becomes the weighted vector 
generation algorithm of MMSE.

The inverse of correlation matrix doesn’t need to 
be calculated in this algorithm, therefore the calcula-
tions O(M3) in normal LCMV declines to O(M2), and 
that can operate in real time and don’t need enough 
amounts of snapshot data, which can improve the cal-
culating speed observably.

Based on above all, the proposed RIA algorithm is 
described as follows:

Step 1: when n = 0, initialize ω(0), step length μ 
and 2

0 σ=R I  (σ2 is a very small constant), the range 
of rotation angle θ and rotation angle step.

Step 2: n = 1,2,…, updating the estimation matrix 
nR  and the weight vector ω(n+1) based on the equa-

tion (10) and equation (14).
Step 3: according to the equation (9), rotating and 

correcting the deflection error and updating steering 
vector, and then go to step 2.

4. Experimental results and Analysis
Experimental simulation based on MatLab has 

been conducted to verify the operability and the ef-
fectiveness of the proposed RIA algorithm. Simula-
tion experiments are based on an isotropic homoge-
neous 10 elements linear array with interval of half 
wavelength. The incident signals are far field signals. 
Supposing that the incident angles of a desired signal 
and two interference signals are 0°, -50° and 20°, the 
angle of pointing error is 5°, and comparing the al-
gorithm RIA with the eigen spatial algorithm(ESA) 
and the LCMV algorithm. Every result of simulation 
experiment gains from the average of 100 experiment 
results of Monte Carlo.

Experiment 1: Comparison of beam diagram of er-
ror correction is shown in Figure 1.

Experiment 1 has offered the simulation beam 
diagram which pointing error of the number of snap-
shots is 300, while SNR and interference and noise 
ratio (INR) are 20dB and 40dB. Figure 1 is the beam 
diagram which corresponds of error angle of differ-
ent correct direction. The correction angle is 0° re-
ferred from the Figure 1, which means when there is 
no correction error angle, and there is direction that 
deviated from desired signal existing in the beam dia-
gram. When the angle of correction error makes the 
pointing error approach the direction which the main 
lobe half power corresponds, the point of beam dia-
gram is near the direction of desired signal. From the 
result of simulation of LCMV, ESA and RIA, it can 
be seen that when the pointing error is 5°, RIA can 
point to the direction of actual signal adequately, but 

the LCMV and ESA both have deviation of the main 
lobe, and the angle of deviation of LCMV is smaller 
than ESA. In addition, the side lobes of beam diagram 
of RIA are lower than other both algorithms, and that 
has relatively small width, but the shortage is that the 
tail lobe is a little higher. Generally, RIA can correct 
the error of steering vector to some extent, so RIA can 
improve the performance of beam diagram.

Experiment 2: The diagram of the output SINR 
along with the change of the input SNR is shown in 
Figure 2.

When the quantity of snapshots is 300 and the INR 
is 50dB, along with the change of the input signal 
SNR, the simulation results of the output SINR of the 
3 algorithms are shown as the Figure 2. Along with 
the increase of the output SNR, the Figure 2 shows 
that the output SINR of LCMV has certain advan-
tages when SNR is under 0dB, but it declines when 
SNR is greater than 0dB. The output SINR of ESA is 
declines as well when SNR is greater than 30dB. But 
the output SINR of RIA has a sustained increasing; 

Figure 1. Beam diagram of error correction. (a) Beam dia-
gram of the error correction angle. (b) Beam diagram of 
different algorithms
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when the SNR is under 0dB, the result is the same as 
LCMV when the SNR is between 0dB and 20dB, and 
the result is the same as ESA when the SNR is greater 
than 20dB. It shows that RIA has obvious advantag-
es. When the pointing error exists, the simulation re-
sults illustrate that RIA can form a robuster beam and 
has an obvious Inhibition ability for the pointing er-
ror, and that has an obvious superiority for the output 
SINR, especially when SINR is larger.

Experiment 3: The analysis of SINR affected by 
the quantity of snapshots is shown in Figure 3.

has surpassed ESA, and when the quantity of snap-
shots is greater than 100, RIA can stabilize basically. 
It can be illustrated that RIA can form robust beam 
when the quantity of snapshots is small.

Conclusions
For practical phased array radar, the quantity of 

array elements of is huge, and a little error can cause 
large offset of beam for desired signal. The directive 
property is not good and has bigger side lobe, which 
results in the decline of radar capacity. For the point-
ing error, RIA has been proposed, which combines 
the advantages of the steepest descent method and ro-
tating vector method, and use iteration to search the 
best weight vector. It can avoid the eigen-decompo-
sition and the inverse operation of correlation matrix. 
Therefore, RIA can simplify calculation. All experi-
ments show that RIA can correct the error existing in 
the steering vector obviously to some extent and im-
prove the output SINR. In addition, the convergence 
speed of RIA is fast, and RIA stabilizes basically 
when the quantity of snapshots is larger than 100.
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Abstract
In this paper, the author researched on the model of image denoising based on the fusion of anisotropic diffusion 
and total variation models. The noise is present at almost all data. The noise can degrade image quality, as a result 
the interpretations and analysis of the image will be much harder. Denoising is the process of reducing the noise. 


