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Abstract

The introduced the large offset, poor directivity and larger sidelobe for beam forming caused by the pointing de-
viation of the desired signal are likely to result in signal cancellation in the expected direction. For this, a robust
adaptive beam-forming algorithm, called the rotation iterative algorithm (RIA), is proposed in this paper. The
proposed algorithm can eliminate the direction deviation by using the rotation adjustment for deviation orientation
vector. Furthermore, the presented RIA algorithm can also improve the real-time operability by applying an itera-
tive method to search optimal weight vector on the basis of the steepest descent method. In addition, the proposed
method avoids the eigen-decomposition and inversion of the correlation matrix. As a result, computational load
can be greatly reduced. Experimental results have shown that the proposed RIA algorithm is able to significantly
revise orientation vector deviation, improve signal to interference and noise ratio (SINR) for the output signal, and
speed up convergence speed.
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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
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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
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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 0, 0 , ..., Gp, , 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).

p
(1) =Y a(0))s;(t)+n(t) = AO)S() +n(t) (1)
i=0

where A(0) = [a(0), a(0),..., a(QP)] is a steering
vector, S(2) = [s,(2), 5,(0),..., sp(t)]T is source signal
vector, s,(f) and s(¢) (i = 1, 2, ..., p) are the complex
envelopes of desired and interference signals and n(z)
is a noise.

The correlation matrix R of the received signal
x(¢) can be described in equation (2).

R, = E{x0x" (0] = sja@)a” @)
» 2)
+o7 Y a(@)a" (6,)+ o1
i=1

Where, 62 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 R . 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 R, shown in equa-
tion (3). When N—o, R, =R, .

. 1 < "
R, = n z x(n)x™" (n) 3)
n=l1
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In order to get optimal weight vector w, 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 R, . It can
be expressed as shown in equation (4).

mino”’ R0 st. oa(6y)=1 4)
w

The optimal weight vector w, , can be got by solv-
ing equation (5).

o - R 'a(6))
et (0)R;'a(6)

Actually, the pointing error contained in steer-
ing vector will cause the performance decline of the
LCMYV algorithm.

3. Rotating iterative beam-forming

When the error direction is on the edge of beam
main lobe, based on the direction vector a(§,) of
supposing expected signal direction 6, 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 6, and the di-
rection of the steering vector exists deflection error
@, then the normalization of error space frequency
is u = sin(0,+A0)/2. When AO—0, the trigonomet-
ric function sin(6+/A\#) can be expanded as shown in
equation (6).

sin(@ + A@) =sin Gy cos A@ +cos 6, sin A
~sin @y +Abfcos

®)

(6)

Supposing ¢ = sinf, A = Afcost,, then the error
steering vector can be expressed as shown in equation
(M.
a6y +A0) = [1, e ITOHAP) . i (M-D)(p+Ag) ]T
, , , , r (D
- [1, eI IO . g in(MDg ,e—J”(M—l)A(ﬂ]

‘ . T

Supposing  a(A@) =|1,e Y ... e /FMDAe [T
then the error steering vector can be expressed as
shown in equation (8).
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(6 + A0) = a(6y) - *a(A0) (8)

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

a(0y) = a(0y +A0)-/a(AB) ©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 |/AG|<(0.886/M)
sect, (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).

1in+1 =(1_ljﬁn +l|:x(n)xH (I’l)} (10)
n n

where R, is the correlation matrix estimated
from the n times snapshot data. When the quantity of
snapshots is large enough, 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).

(11

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

V,J=2R, 0(n)+1,a (12)

Where o(n+1) satisfies with o”(n+1)a =1, and a
is error steering vector. Therefore, 4 can be obtained
according to equation (13).

o(n+1)=wm)—uv,J

Ay =l(aHa)(n+1)—2,uaH1inw(”)_1) (13)
Y7

Thus, the weight vector can be derived from equa-
tion (14).

a)(n+1):a)(n)—2,u(f{na)(n)—aHf{na)(n)a) (14)
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Supposing that &(n)x(n) = -R,0(n)+a’’ R, 0(n)a
where x(n) and g(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(M?) in normal LCMV declines to O(M?), 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 ®(0), step length u
and R, = o1 (o is a very small constant), the range
of rotation angle /\@ and rotation angle step.

Step 2: n=1,2,..., updating the estimation matrix
R,, and the weight vector o(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 LCMYV 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
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Figure 1. Beam diagram of error correction. (a) Beam dia-
gram of the error correction angle. (b) Beam diagram of
different algorithms

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;
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Figure 2. The output SINR along with the change of the
input SNR

when the SNR is under 0dB, the result is the same as
LCMYV 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.

SINR/dB
o

50 100 150 200 250 300
Sampling number

Figure 3. SINR affected by the quantity of snapshots

When SNR and INR are 20dB and 50dB, and
when the pointing error is 5°, Figure 3 shows that the
output SINR of ESA is increases along with the in-
crease of the hits, but it is unstable and hard to con-
verge. For RIA, the output SINR increases along with
the increase of hits, and that stabilizes gradually and
converges eventually. Although the output SINR of
RIA is worse than ESA when the hits is small, but the
convergence rate of RIA is faster when the quantity
of snapshots is small. Less than 50 snapshots, RIA
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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.

Acknowledgements

This work is supported by the National Natu-
ral Science Foundation of China under Grant No.
61203033, 51275001, the Major Program of Scientif-
ic Research of Anhui Province, China (KJ2013A042,
KJ2015A071, KJ2014ZD04, KJ2015ZD06), and the
Scientific Research Foundation for Talents, Anhui
Polytechnic University of China (2014YQQO006).

References

1. Chen Gu, Jin He, Zhu Xiaohua. Minimum
mean square "normalized-error" beamforming
amid heavy-tailed impulsive noise of unknown
statistics. Acta Elctronica Sinica, 2010, 38,
p-p.1430-1433.

2. Liu Congfeng, Liao Guisheng Robust beam-
forming algorithm for general signal models
using worst-case performance optimization.
Acta Elctronica Sinica, 2010, 38, p.p.1250-
1255.

3. Jie Wei, Jia Weimin, Yao Minli. Iterative di-
agonally loaded sample matrix inverse robust
adaptive beamforming. Journal of Electron-
ics & Information Technology, 2012, 34,
p.p-1120-1125.

4. Zhao Jihong, Zhang Ruiqin, Qu Hua. Adaptive
beamforming algorithm with fast convergence
speed. Journal of Beijing University of Posts
and Telecommunications, 2014, 37, p.p.105-
108.

Metallurgical and Mining Industry




Automatization

5. Hu Hang, Deng Xinhong, An Improved LCMV Method, Computer Simulation, 2012, 29,
Method at Subarray Level, Proceedings of the p.p-117-120.
IET International Conference on Wireless, . Fan Zhan, Liang Guolong, Wang Yilin. Robust
Mobile and Multimedia Networks, Hangzhou, adaptive beamforming with null widening.
2006, pp. 1-4. Journal of Electronics & Information Technol-
6. A. Pezeshki. B. D. Van Veen, L. L. Scharf. ogy, 2013, 35, p.p. 2764-2770.
Eigenvalue beamforming using a multirank . Yang Tao, Su Tao, He Xuehui. Robust adap-
MVDR meamformer and subspace selec- tive beamforming based on beamspace steer-
tion. IEEE Transactions on Signal Processing, ing vector estimation. Journal of Electronics &
2008, 56, p.p.1954-1967. Information Technology, 2013, 35, p.p.2758-
7. Y. H. Choi. Robust adaptive array using Tay- 2763.
lor series expansion. Electronics Letters, 2011, . Gu Yujie, N. A. Goodman, S. Hong, Li Yu.
47, p.p. 840-841. Robust adaptive beamforming based on inter-
8. Jiang Xue, Zeng Wenjun, A. Yasotharan, C. ference covariance matrix sparse reconstruc-
S. Hing, T. Kirubarajan. Quadratically con- tion. Signal Processing, 2014, 96, p.p.375-381.
strained minimum dispersion beamforming . Xie Julan, Li Huiyong, He Zishu, Li Chaohai.
via gradient projection. [EEE Transactions on A robust adaptive beamforming method based
Signal Processing, 2015, 63, p.p.192-205. on the matrix reconstruction against a large
9. C. H. Hsu, M. C. Hua, H. H. Hsu, H. C. Liu, DOA mismatch. EURASIP Journal on Ad-
Robust pointing error compensation technique vances in Signal Processing, 2014, 91, p.p.1-
based on rooting method for CDMA signals, 10.
Proceedings of the International Symposium . L. Du, J. Li, P. Stoica. Fully automatic com-
on Communication Systems, Networks & Dig- putation of diagonal loading levels for robust
ital Signal Processing, Poznan, 2012, pp.1-4. adaptive beamforming. IEEE Transactions on
10. Yan Fei, Zhao Shumin. Robust LCMV Beam- Aerospace and Electronic Systems, 2010, 46,

former Algorithm Based on Steepest Descent

p.p.449-458.

The Research on the Model of Image Denoising Based on the Fusion
of Anisotropic Diffusion and Total Variation Models

Yang Tang'’, Fang Li*?

1 Department of Computer Science, Chongqing Electric Power College, Chongqing,400053, China
2College of Computer Science,Chongqing University, Chongqing,400044,China
3Chongqing City Management College, Chongqing,401331,China

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.

Metallurgical and Mining Industry

No. 9 — 2015




