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Abstract: The paper presents the faster convergence speeds
of the weight vectors based on adaptive beam forming. The
adaptive beam forming has faster convergence speeds of
the weight vectors and much larger output SINRs. The
step size of the adaptive algorithm is adjusted between the
noise-free a posteriori and a priori errors to get the faster
convergence rate and less misadjustment than the CLMS
algorithm. On the other hand, minimizing the square of
the augmented noise-free based on variable step size, the
adaptive algorithm better improvements in the output SINR
and accuracy. The results shows, comparison of different
adaptive algorithms of MSE and output SINR.
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1. INTRODUCTION

A smart antenna system combines multiple antenna elements
with a signal-processing capability to optimize its radiation
pattern automatically in response to the signal environment.
In recent years, smart antennas have been considered to be
one of the most expected technologies, which are adapted
to the demanding high bit-rate or high-quality in broadband
commercial wireless communication such as mobile internet
or multi-media services [1] [2]. In wireless communications,
smart antenna systems (or antenna arrays) can be used to
suppress multipath fading with antenna diversity and to
increase the system capacity by supporting multiple co-channel
users in reception and transmission [3]. Adaptive beam forming
is the main technique of smart antenna system in which an
array of antennas is exploited to achieve maximum reception
in a specified direction by estimating the signal arrival from
a desired direction (in the presence of noise) while signals of
the same frequency from other directions are rejected. Adaptive
beam forming has found numerous applications in radar, sonar,
seismology, microphone array speech processing [4]-[8] and in

wireless communications. Adaptive beam forming algorithms
can be classified into two categories: non-blind adaptive
algorithms and blind adaptive algorithms. In this paper, we
consider the Non-blind algorithms, Least Mean Square (LMS)
and Normalized Least Mean Square (NLMS), and study their
performance. Here we propose a new schema called adaptive
Normalized Least Mean Square (A-NLMS) to overcome the
shortcomings of LMS and NLMS. Simulation shows ANLMS
has fastest convergence rate as it can detect the active taps and
update the weights of those active elements only. And A-NLMS
has narrower beam width with higher gain towards the desired
direction compare to other two algorithms.

II. ADAPTIVE BEAMFORMING ALGORITHM

Most of the adaptive beam forming algorithms can be divided
into two types according to whether a training signal is used
or not: Non-Blind Adaptive algorithm and Blind Adaptive
algorithm. In the paper, we consider non blind adaptive
algorithm. Blind adaptive algorithm can require training signal,
a training signal is sent from the transmitter to the receiver
during the training period. Different types of Least-Mean
Square (LMS), Recursive Least Square (RLS) algorithms, etc.
[16-18] are some examples of non-blind algorithm.

A. SL-CLMS Algorithm

The choice of p in the update of tap weights vector is very critical
for SL-CLMS. A small p will ensure lower steady state MSE,
but the algorithm will converge slowly; a large p can provide
faster convergence rate at the cost of higher steady state MSE.
Any selection must be a compromise between convergence rate
and steady state MSE.

The error signal of SL-CLMS is given by:
e(k) = so(k) — w (k)z(k)
= copt (k) + wll (k) — w” (k)z(k)
= €apt( k) + ep(k)
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er(k) = wi, 2(k) — w" (k)z(k) = —v" (k)z(k)
the update weight vk is given by:
vik+1) = [Ty — pez(k)x"™ (k)]u(k) + firEop (R )T (k)

where xk is the transmit data sequence.

B. SWL-CLMS Algorithm

It uses the steepest-descent method and recursively computes
and updates the weight vector. Due to the steepest-descend
the updated vector will propagate to the vector which causes
the least Mean Square Error (MSE) between the beam former
output and the reference signal. The following derivation for
the LMS algorithm. The MSE is defined by:

ﬁf{g} = [ml.{:pt - W]_'ik]]ﬂﬂ.:l:k.:l
T lw}’..npt - MR{LJ”E"{R}
= —vfl (k)z(k) — vi (k)z* (k)

where

X'(t) = complex conjugate of the desired signal.
X(t) = received signal from the antenna elements.
w' = output of the beam form antenna.

() = Hermetian operator.

The LMS algorithm converges to this optimum Wiener solution.
The basic iteration is based on the following simple recursive
relation:

W (n+1) =w (n) +px (n) e (n)

By decreasing p the precision will improve but it will decrease
the adaptation rate. An adaptive p could solve this issue by
starting with a large p and decrease the factor when the vector
converges.

C.RLS

The convergence speed of the LMS algorithm depends n the
Eigen values of array correlation matrix. In an environment
yielding an array correlation matrix with large eigen value
spread algorithm converges with a slow speed. This problem
is solved with the RLS algorithm by replacing t%e gradient
step size p with a gain matrix R™"(n) at the nt iteration,
producing the weight update equation.

W (n) =W (n-1) - R"}(n) X (n) €4(W (n-1) ) Where R }(n) is
given by:
R ) =50 R (n-1y-xmyxHm)
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Fig. 1: RLS Adaptive Beam Forming Network

Where 60 denoting a real scalar less than but close to 1,
The 80 is needed for exponential weight of post data and
is referred to as the forgetting factor as the update equation
leads to de-emphasize the old sample. The quantity 1/(50-1)
is normally referred to us the algorithm memory, Thus for
50=0.99 the algorithm memory is close to 100 samples.

The algorithm of RLS algorithm is given by:

Step 1) set the initial guess as w (0).

Step 2) Calculate error signal is generated by comparing ori-
ginal unknown signal u (t).

e (t) =x(t) - u (1)
Step 3) Update the weight vector by:

W (n) =W (n-1) - R"'(n) X (n) €4(W (n-1))
Where R™!(n) is given by R™ (n) = 50 R} (n-1)+X(n)y*xH(n)
Step 4) Go back to <step2> if the procedure is to be continued.
Step 5) Array output Y (n) =W hX (n).
Where X(n) = S(t)a(60)+> Ut(t)a(Ot)+n(t)

III. REsuLTs

We have implemented the adaptive algorithm by using the
MATLAB environment.
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I'V. CoNCLUSION

This paper discussed various adaptive beam forming algorithms
like SL-CLMS, RLS, SWL-CLMS etc. used in smart antennas.
The result obtained from the simulations showed that the
adaptive algorithm had better convergence compared to LMS,
and most efficient algorithm. It can suppress interference and
increase the user capacity of a CDMA cellular system. Further
through adaptive beam forming, the base station can form
narrower beams towards the desired user and nulls towards
interfering users, considerably improving the signal-to-
interference-plus-noise ratio. Such smart antennas also can be
used to achieve different benefits.

REFERENCES

[1] Y. Ogawa, and T. Ohgane, “Adaptive antennas for future
mobile radio,” Computer Journal of IEICE Transactions
Fundamentals, vol. 79, no. 7, pp. 961-967, 1996.

[2] Y. Ogawa, M. Ohmiya, and K. Itoh, “An adaptive ar-
ray system for high & speed mobile communications,”

Computer Journal of IEEE Personal Communications,
vol. 75, no. 5, pp. 413-421, 1992.

[3] S.-S. Jeng, G. T. Okamoto, G. Xu, H.-P. Lin, and W. J.
Vogel, “Experimental evaluation of smart antenna sys-
tem performance for wireless communications,” /EEE

Transactions on Antennas and Propagation, vol. 46, no.
6, pp. 749-757, Jun. 1998.

[4] L. E. Brennan, J. D. Mallet, and 1. S. Reed, “Adaptive
arrays in airborne MTI radar,” [EEE Trans. Antennas
Propagation, vol. 24, pp. 607-615, Sept. 1976.

[5] H. Cox, “Resolving power and sensitivit to mismatch of
optimum array processors,” The Journal of the Acoustical
Society of America, vol. 54, pp. 771-758, 1973.

[6] J. L. Krolik, “The performance of matched-field beam
formers with Mediterranean vertical array data,” [EEE
Trans. Signal Processing, vol. 44, pp. 2605-2611, Oct.
1996.

[7] A. B. Gershman, V. 1. Turchin, and V. A. Zverev,
“Experimental results of localization of moving underwa-
ter signal by adaptive beamforming,” /EEE Trans. Signal
Processing, vol. 43, pp. 2249-2257, Oct. 1995.

[8] E. Y. Gorodetskaya, A. I. Malekhanov, A. G. Sazontov,
and N. K. Vdovicheva, “Deep-water acoustic coherence
at long ranges: Theoretical prediction and reflects on
large-array signal processing,” IEEE Journal of Oceanic
Engineering, vol. 24, pp. 156-171, Apr. 1999.



