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Abstract

In this paper, the concept of blind algorithm with automatic gain control (AGC) is introduced in adaptive antenna system
for signal optimization with an aim to estimate the desired response in adaptive fashion. Blind algorithm with AGC is a
hybrid two-stage adaptive filtering algorithm; sequentially combining constant modulus algorithm (CMA) and Bessel least
mean square (BLMS) algorithm. Blind Bessel beamformer with AGC does not require external reference signal to update
its weight vectors and step size for convergence but updates itself from own reference signal obtained from the output of
CMA. Similarly, step size is obtained from the correlation matrix which is the product of the signals induced in array
elements of antenna. BLMS is the modified version of LMS algorithm; based on the non-uniform step size exploiting the
asymptotic decay property of Bessel function of the first kind. The output of CMA provides input and reference signals for
BLMS that makes it blind. The contributions of this paper include the development of novel blind theory concept and
presentation of an AGC method in order to make the Bessel beamformer blind which can update itself electronically

through the correlation matrix depending on the signal array vector with the aim to make the signal power constant.

Keywords Blind Bessel beamformer - Constant modulus algorithm - Smart antenna - Beamforming

1 Introduction

Beamforming algorithms have two main categories. One
category needs a training signal to update its weight vector,
known as non-blind beamforming algorithms like LMS and
BLMS. Another one does not require a training signal but
uses some of the known properties of the desired signal
such as if the arriving signal have a constant magnitude or
modulus, then we have to use an algorithm to restore or
equalize the amplitude of the original signal by blind
beamforming algorithm like CMA. In this regard,
Dominique Godard [1] was the first to introduce a family of
blind equalization algorithms like CMA. However, CMA
has some problems about its convergence [2]. In this
context, the author in [3] proposed an algorithm which does
not always require an external reference signal for its
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operation but adapts itself entirely through self-referencing
(i.e. output of algorithm is used as feedback to train the
beamformer for its optimum convergence) to the desired
signal where the correct reference signal is required ini-
tially a few iterations only for least mean square (LMS)
algorithm. The configuration shown in [3], uses a non blind
LMS trained equalizer which first to open the inter-symbol
interference (ISI) communication eye and when the eye is
open, then training finished, LMS switched out and the
system reverted to blind decision feedback. However, this
structure still requires training, but just to open the eye at
start or whenever the blind algorithm fails. Similarly, least
mean square least mean square (LLMS) algorithm is pre-
sented for smart antenna using LMS-LMS algorithms [4],
for getting optimum results. In [5, 6], recursive least mean
square (RLMS) algorithm is developed using a combined
RLS-LMS algorithm to provide a robust performance. An
adaptive beamforming algorithm is proposed in [7]; a
combination of the direct matrix inversion (DMI) and the
recursive least square (RLS), known as DMI-RLS and is
used for optimum weight estimation in order to ensure a
possible faster convergence. Whereas in [8], a matrix
inversion normalized least mean square (MI-NLMS)
adaptive beamforming algorithm is developed for smart
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antenna application that combines the good aspects of
sample matrix inversion and the normalized least mean
square (NLMS) algorithms individually. Low-complexity
robust adaptive beamforming (RAB) techniques based on
shrinkage methods are proposed in [9] where the analysis
of the effect of shrinkage on the estimation procedure is
developed along with a study of its computational com-
plexity. In [10], the author presents a novel blind adaptive
beamforming algorithm based on RLS is derived. In
[11, 12], modified Bessel beamformer along with its live
model for Bessel beamformer at [13], are developed with
AGC to provide an optimum solution for signal quality and
capacity improvement either to direct a beam towards a
desired user or to minimize a mean squared error (MSE)
without an operator involvement for adjusting the step size
parameter that controls the convergence rate of the algo-
rithm but this algorithm still requires a reference signal to
update its complex weight vector. However, various
adaptive beamforming methods that have been under
development over the past 10 years for a smart antenna and
still a hot area for research; therefore an idea is emerged to
introduce a blind Bessel beamformer with AGC that does
not require training/reference to update its complex weight
vector. Whereas the configuration shown in [3] still
requires training either just to open the eye at start or
whenever the blind algorithm fails. Further to highlight that
most of the time, the availability of reference signal is
difficult to obtain for training/comparison, therefore to
avoid this (i.e. reference signal) problem, blind concept is
introduced here in Bessel beamformer with AGC.

Accordingly, an idea is suggested in this paper that is to
have first a CMA (or any other blind algorithm), output of
which is to be used as the ‘reference/desired signal’ for a
(non-blind) BLMS algorithm that follows. So a CMA/
BLMS would not require any training and can be regarded
as blind Bessel beamformer. Therefore the contributions of
this paper are to include the development of novel blind
theory concept and presentation of an AGC method in
order to make the Bessel beamformer blind which can
update itself electronically through the correlation matrix
depending on the signal array vector with the aim to make
the signal power constant. Further, in the proposed scheme,
the source and the receiver are in a constant feedback and
adjustment loop w.r.t. reference signal and step size which
help the proposed scheme to stabilize itself in more effi-
cient manner.

The performance of blind Bessel beamformer is evalu-
ated in an adaptive linear array having multiple inputs
including the presence of two co-channel interfering sig-
nals in additive white Gaussian noise (AWGN) channel of
zero mean. In order to validate the theoretical findings with
respect to proposed model, a few simulations are presented.
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The paper is planned as follows. In Sect. 2, the proposed
model is explained. Theoretical analysis and numerical
results are presented in Sects. 3 and 4 respectively. Results
are discussed in Sect. 5. Conclusion of the paper is pro-
vided in last Section.

2 Mathematical model of proposed method

A. Model for optimal weight vector

We model an adaptive antenna array system with the
proposed method based on BLMS and CMA algorithms as
shown in Fig. 1. CMA (trains its adaptive weights utilizing
its own output as feedback) is placed Ist followed by
BLMS; both of them are alienated by an array image fac-
tor. BLMS needs a reference signal, also known as training
sequence, to update its complex weight vector. During the
training period, the reference signal is sent by the trans-
mitter to the receiver and receiver uses this information to
compute new weight for convergence to form a beam in the
desired direction. In our case, CMA provides ‘reference/
desired signal’ for a BLMS in the proposed method.

An arrangement for Proposed Model is shown in Fig. 1
where first part of the proposed method produces an output
Yk(cma) that is defined by

Yicema) = Wemn Xy = Wiy, X (1)

where £ is the iteration number.
The received signal array vector on the elements of
antenna is given by

Lyt (2)

where H signifies the Hermitian transpose of the vector as
complex symbols will be used so that proposed algorithm
be adjusted appropriately and linear array with N-element
are isotropic radiating elements.

Received signal array vector on the elements of antenna
is composed of desired and other interfering signals
[14, 15], therefore, it can also be written in the form as
given by

Xy = [x1,x2, ..

L
Xy = sa(k)A(0a) + > si(k)A(0;) + n(k) (3)

i=1

where s; and s; are the desired and interfering signals
arriving at the antenna array at angles 6; and 0; respec-
tively. A(0;) and A(0;) are the steering vectors for the
desired and interfering signals respectively which are also
characterized as an image of the desired and interfering
signals array factor. L represents the number of interfering
signals and n is a complex additive white Gaussian noise of
zero mean at the array elements. However, when BLMS
algorithm converges, its output tends to approach desired



Wireless Networks (2020) 26:2413-2422

2415

Fig. 1 Proposed model

signal (s;) with both interfering signal (s;) and additive
white Gaussian noise (n) being suppressed. Therefore,
image of the desired signal array factor (4,) is described as

Aq(0) = l,e_-id’,...,e_j(N_])d’] 4)

where ¢ = %sin@ is the phase shift of the wavefront
observed at each sensor and d is the uniform distance
between array elements. A :7% where f is the design fre-
quency in Hertz which is one of the carrier frequencies for
3G/AG systems.

Therefore, (4) can be written as
Aq(0) = lje—jz/—{‘dsin((-))’ - '7e—j27”d(N—])sin((-))} (5)

Accordingly its weights are updated as such the input
stage of the blind Bessel beamformer (BBB) scheme is
based on the CMA algorithm with its weight vector at the
(k + 1)th iteration updated adaptively and is given by

Wiiiiema)y = Wiema)y + 21ercma) Xe (6)

where p and eycya) denote step-size and error signal
respectively. This error signal is used for adjustment of
adaptive system by optimizing the weight vector and is
given by

Yi(CMA
€k(cmA) = | Yk(cMA) — ELlN (7)
|yk(CMA)|

where yicma) is the output of the CMA section at kth
iteration as defined in (1). This output of the CMA section
is also forming the input to the following BLMS
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section. With this filtered signal, the input signal vector of
the BLMS section becomes

Xk(BLMS) = Adyk(CMA) (8)

where A, is the image array factor of the desired signal.

It means that output yy(cuma) is estimated by CMA which
is then fed into 2nd part (i.e. BLMS) after it has been
multiplied by the image of the desired signal array factor
(Ay). It is to mention that error signal used for adjustment
of adaptive system by optimizing the weight vector of
BLMS algorithm is sourced from output {ycma)} of
CMA. Whereas for updating the CMA weights, reference
signal is obtained from itself referenced version (i.e. output
of CMA is used as feedback to train the CMA for optimum
convergence) that is estimated by using (7). Thus, in the
proposed method, the immediate output yicpma) yielded
from first part is multiplied by image of the desired signal
array factor (A,) that results a filtered signal (Agyi(cuma))-
This filtered signal is further processed by BLMS section
using (8).

Putting value of (1) into (8) and ignoring subscript k for
simplicity in weight vector, then input signal vector of the
BLMS is given by

Xiarms) = AaWemaXy )

The weight vector of the BLMS stage, is updated
according to

Wiriims) = Wims) + 2uexsus) v (N) Xesusy  (10)

where error signal of BLMS stage is given by
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(11)

here dj, is the reference signal, also known as pilot signal.
This reference signal is used as desired response from the
adaptive processor connected with the antenna array ele-
ments which guide the beamformer to map the main beam
towards a specified direction only. In our case, reference
signal is obtained from CMA. yirys) is the output of the
BLMS section and is given by

exLmS) = Ak — Yi(BLMS)

(12)

where W, = J, (N)W; is the initial estimate weight vector.
W, represents initial weight vector and J,(N) is the Bessel
function (BF) of the first kind having the monotonically
decreasing property. Due to this asymptotic property, BF
gives a number of co-efficient in discrete form. Exploiting
this asymptotic decay property, which helps the algorithm
to converge in a more efficient manner to reduce MSE for a
certain number of iterations and optimize gain. N repre-
sents the number of elements. In Bessel function, v denotes
the order of Bessel function of the first kind and must be a
real number. In this case, v is taken as one. To initialize the
adaptive beamforming algorithm, we set the initial weight
vector to zero.

Putting value of (9) into (12) then output of BLMS
section becomes,

T
YesLus) = Wisrvs) X(sLms)

(13)

where (13) finally becomes the output of the blind Bessel
beamformer (i.e. combination of CMA/BLMS beam-
former) and is given by

T
Yisrms) = WiprmsyAaWema Xk

Yi(BBB) = WiapXi (14)

here Wppp is the required optimum solution or optimal
weight vector for proposed beamformer with input signal
array vector X; and is given by

Wi1s88) = Wisss) + 21tersap)Jy(N) Xy (15)

Eventually, we get an optimum output using (14)
through adaptation process using (15) by proposed blind
beamformer with input signal array vector Xj.

In (15), the overall error signal {eypg)} is given by

Yk(BBB)
€k(BBB) = | Yk(BBB) —
’)’k(BBB)‘

(16)

and p is defined by

1
2 « real(trace(R)))

H=1 (17)

where R is the autocorrelation matrix relating correlation
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between various elements of signal array vector and is
given by

R = [X; * (X0)'] (18)

From (17), we can update the coefficients of the smart
antenna system automatically by getting a new real value
for each iteration with the aim to make the signal power
constant. Therefore the autocorrelation matrix plays a
significant role in the mechanism of AGC. By introducing a
mechanism of AGC in the proposed algorithm, although
there is complexity but it is acceptable due to another
promising property of robustness towards noise and
interference.

Equation (15) of the proposed algorithm implies that as
the adaptation progresses, the adaptive process will finally
converge to mean square error. It means that the weight
matrix update of proposed algorithm approaches its true
value, when the number of samples grows i.e. k — oo and
thus the estimated weights approaches the optimal solution
Wiiiisg) — W or Wyse.

The proposed beamformer can be outlined as follows:

Step 1  Obtain signal array vector (X;) in (2)

Step 2 Get output {yppp)} of the blind Bessel
beamformer in (14) concluding both the parts of
CMA and BLMS algorithms

Step 3 Calculate overall error signal {eyppp)} in (16) for
optimizing the weight vector

Step 4  Calculate the adaptive weights {W; y(pp)} in
(15) for proposed beamformer

Step 5 Repeat the above steps for getting optimum

results in closed loop

B. Alternate Model for optimal weight vector

The proposed model as shown in Fig. 1 may be reduced to
general adaptive filter structure as shown in Fig. 2 that may
be proven useful for adaptive filtering tasks.

The optimal weight vector for proposed beamformer as
shown in Fig. 2 alongwith an overall error signal {ey(zpp)}
can be further explained as given by

exBB) = dk — Yk(BLMS) (19)

In our case, reference signal is obtained from the output
of CMA, therefore

€i(BBB) = YK(CMA) — Yk(BLMS) (20)

Putting value of (1) and (12) into (20) where T for
transposition is dropped for simplicity, then (21) with input
signal is given by

exsss) = Xi(Wema — Warus) (21)

where (21) implies that as the adaptation progresses, the
adaptive process will finally converge to mean square error.
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Fig. 2 Generalized structure of
blind Bessel beamformer
Input Output Overall output
—» Blind Bessel Beamformer —» | +| —»
Error

Thus the overall error signal of the blind Bessel beam-
former (BBB) becomes as given by

o T
€k(BBB) — kak(BBB) (22)

o T
where Wy gge) = Ju(N)Wi(ppp).-

Differentiate (22) w.r.t. weight vector W, where sub-
script k is dropped for simplicity and then we have

d
CKBEE) _ 1 (NYX, (1) + 0 = J,(N)X,

] o 23
O0Wggp 23)

Therefore, simply putting value of (23) in the gradient
estimate of the form [16] given by

6ek
o |ow
Vi=2e| = 2e;{J,(N)X;} (24)
aek 6€k
a oW, —aWo
where % =J,(N)X; = )
aek
oW,

For developing and analyzing a variety of adaptive
algorithms, we have steepest decent method [Widrow et al.,
chap 2 (2.35) at Ref. [16] [Haykin, (4.36) at Refs. [17, 18].
Using this method as described by

Wk+1 = Wk - /,LVA]( (25)

Putting (24) into (25), then we have the required weight
vector

Wii1888) = Wisss) + 2terssp)Jy(N)Xi (26)

where y is a variable step-size as defined in (17) and (26) is
the required weight vector to update the beamformer in
accordance with the adaptive environment.

3 Simulation results

In this section, let us assume an N = 8 element array with
one fixed known desired source and two fixed interferers.
All signals are assumed to operate at the same carrier
frequency. Let us assume an eight—element array with the
desired signal at 20° angle of arrivals (AOAs) and two
interferers at — 50° and 50° AOA are shown in Fig. 3.
Optimum array gain towards desired user is achieved at 20°
whereas null is also placed towards interferers at — 50° and
50°. Subsequent MSE is obtained as shown in Fig. 4.
Sidelobe level (SLL) w.r.t. array gain is found small which
indicates that proposed method gets less interference and
provides quality signal to desired users, thus it enhances
capacity and security by suppressing interference. Due to
optimum array gain (in terms of focusing energy), range is
also be increases.

The performance curve as shown in Fig. 4 indicates that
MSE behaviour of proposed algorithm follows steady path.
It means that convergence is satisfactory which is observed
from frequent optimum array gain also. In this case, vari-
able step size is obtained by (17). It is to be noted that step
size has significant effect on convergence and stability of
the proposed beamformer. The step size at which conver-
gence is achieved is considered final value. Results
obtained are summarized in Table 1.

4 Performance comparison

A. Performance w.r.t. Array Gain

Comparison of the proposed method is also made with
BLMS, CMA and LMS algorithms for further evaluation as
shown in Fig. 5. In Fig. 5, a strategy with 04 desired users
is adopted that are coming at same AOAs as 0° alongwith
two interferers placed at — 50° and 50° which are picked
up by smart antenna equipped with proposed method,
BLMS, CMA and LMS beamformers respectively in order

@ Springer
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Fig. 3 Radiation pattern of
blind Bessel beamformer
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Fig. 5 Radiation patterns
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to assess its performance in terms of array gain. You can
see that proposed method have same optimum array gain
with greater null depth performance towards interferers as
compared to BLMS, CMA and LMS beamformers. This
improvement comes in proposed method due to self
adjustment w.r.t step size which is necessary for good
convergence and to avoid instability. In addition to this,
proposed method is blind whereas BLMS beamformer is
non blind requires reference signal to update its complex
weight vector. Thus proposed method updates itself auto-
matically and changes the directionality of its radiation
patterns in response to its signal environment more effec-
tively. However, the step sizes for BLMS, CMA and LMS
beamformers are adjusted (set at 0.001) by trial and error
method, requiring operator’ involvement which is missing
in case of proposed method where all other parameters
remain constant for better comparison.

Thus the performance characteristics (such as capacity)
of cellular system using smart antenna equipped with
proposed method may be enhanced drastically. Therefore,
proposed method is superior to BLMS, CMA and LMS
algorithms.

B. Performance w.r.t. Convergence

If we compare and observe the performance curve for
steady state MSE as shown in Fig. 6, then proposed algo-
rithm has minimum MSE as compared to BLMS, CMA and
LMS techniques however, all of them are not following
steady path and exhibiting fluctuation. The proposed
technique has a clear performance advantages (i.e. array

-20 0 20 40 60 80 100
Angle of Arrival(degree)

gain with greater null depth performance towards inter-
ferers and lower MSE) over other BLMS, CMA and LMS
algorithms. It in turn may reduce interference, enhance
range, provide quality signal to desired users and increase
capacity of the system. Therefore, its application in wire-
less cellular communication is important for enhancing
quality and increasing capacity of the system by sup-
pressing interference. The performance parameters as
shown in Table 2 are extracted from Fig. 5.

5 Discussion on results

A Salient aspects of the results are concluded as follows:

e The proposed method does not require an external
reference signal for its operation but adapts itself
entirely through self-referencing (i.e. output of CMA is
utilized as the input and reference signal for BLMS to
train the beamformer for its optimum convergence)
whereas algorithm proposed in [3] requires initially a
few iterations only for LMS and uses a (non blind) LMS
trained equalizer first to open the ISI communication
eye and when the eye was open, the training finished/
LMS switched out and the system reverted to blind
decision feedback. However, the configuration shown
in [3] still requires training, but just to open the eye at
start or whenever the blind algorithm fails.

e The proposed method has achieved similar beam
pattern and array gain with same SLL but with greater

@ Springer
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Fig. 6 System performance 102
w.r.t. MSE of blind Bessel
beamformer, BLMS, CMA and
LMS algorithms
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Table 2 Perpormance analysis Algorithms Input parameter Output parameter
AOA (°) Null depth (dB) Gain (dB)
Blind Bessel beamformer 0 — 38 19.0
BLMS 0 — 34 19.0
CMA 0 — 28 19.0
LMS 0 — 28 19.0

null depth performance towards interferers as compared
to BLMS, CMA and LMS beamformers.

e The proposed scheme has an advantage over BLMS and
LMS that it does not need an external reference signal
for its adaptation whereas the latter require training/
external reference signal to update its complex weight
vector.

e The proposed method is based on the idea to reduce
system overhead and maintain gain on the signal while
minimizing the total output energy. As a result, a
number of bits for transmitting information are
increased that leads to enhance capacity because it
does not require an external reference signal to train the
adaptive weights.

e The proposed method is having self adjustment prop-
erty where no operator involvement exists. Whereas
BLMS, CMA and LMS do not have self adjustment
property but requires a step size by trial-and-error
method.

e Under the given conditions, the MSE of proposed
method is found most favorable and is following steady
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state as compared to BLMS, CMA and LMS. It means
that proposed system with small MSE indicates that this
system has accurately modeled, predicted, adapted and/
or converged to a solution for the given system.
Therefore, its application in wireless cellular commu-
nication is effective for enhancing quality and capacity
of the system.

The proposed method is slightly more complex as
compared to BLMS, CMA and LMS when treated as
single entity. However, at the same time, it has more
array gain and small MSE in comparison with BLMS,
CMA and LMS. Further, the complexity of the
proposed method increases with AGC because the
processor will also take time to calculate autocorrela-
tion matrix first in order to measure the step size. This
complexity of the proposed algorithm can be compro-
mised due to its self adjustment property of AGC which
results stability in the system. However, it is be noted
that nowadays powerful low cost digital signal proces-
sors (DSPs) are commercially available, therefore
algorithm complexity or computational cost w.r.t.
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execution time would not make much difference if all
other requirements such as large array gain, lower MSE
and self gain control, are met by the proposed method.
So, it is better to use proposed method for wireless
cellular communication companies to get aforesaid
advantages for cost effective solution in smart antenna.

B. From the above discussion, following generalized
results may be derived that can provide cost effective
solution for the current state of the art technologies.

e The proposed method enhances range and security due
to optimum array gain.

e The proposed method directs its energy towards desired
user only and there is no leakage of energy towards
interferers, therefore it conserves energy, due to which
battery life installed at Base Transceiver Station (BTS)
increases. Thus, it obeys the law of conservation of
energy and in turn power optimization is achieved.
Power optimization means that the transmit power can
be reduced in both directions (i.e. at uplink and
downlink) for a given signal quality.

e With increase range, minimum BTS is required to cover
the service area and thus infrastructures cost may be
reduced. Burdon on subscribers may be cut down
subsequently.

e As such, there is no leakage of energy towards
interferers therefore security of the subscriber increases
and tapping of the classified information may be
reduced/restricted.

e The proposed method reduces conventional wear and
tear of smart antenna as such it eliminates the need for
physical movement of the antenna in order to carry out
scanning for transmission and reception beams elec-
tronically through the constructive and destructive
interference.

6 Conclusion

In this paper, we have introduced a hybrid adaptive
beamforming algorithm with new blind concept and AGC
in order to claim high performance in terms of large gain,
lower MSE and self gain control property. It is recom-
mended to wireless cellular communication companies if
this breakthrough design may apply at BTS, they will find a
cost effective solution for their systems to enhance range,
provide quality & secure signal and increase capacity.

References

10.

11.

12.

13.

14.

15.

17.

18.

. Gross, F. B. (2005). Smart antennas for wireless communications

with MATLAB. New York: McGraw-Hill.

. Dietrich C. B., Jr. (2000). Adaptive arrays and diversity antenna

configurations for handheld wireless communication terminals.
Ph.D. dissertation (pp. 29-52). Virginia Polytechnic Institute,
State University, (Chapter 3).

. Yasin, M., & Hussain, M. J. (2016). A novel adaptive algorithm

addresses potential problems of blind algorithm. International
Journal of Antennas and Propagation, 2016, 1-8. https://doi.org/
10.1155/2016/5983924.

. Srar, J. A., Chung, K. S., & Mansour, A. (2010). Adaptive array

beamforming using a combined LMS-LMS algorithm. IEEE
Transactions on Antennas and Propagation, 58(11), 3545-3557.

. Srar, J. A., & Chung, K. S. (2008). Adaptive array beamforming

using a combined RLS-LMS algorithm. In: The 14th Asia-Pacific
conference on communications, Tokyo (pp. 1-5).

. Srar, J. A., & Chung, K. S (2008). Performance of RLMS algo-

rithm in adaptive array beamforming. In The 11th international
conference on communication systems, Guangzhou (pp.
493-498).

. Aounallah, N., Bouziani, M., & Taleb, A. A. (2014). A combined

DMI-RLS algorithm in adaptive processing antenna system.
Arabian Journal for Science and Engineering, 39(10),
7109-7116.

. Tariqul, I. M. Z., & Rashid, A. A. (2006). MI-NLMS adaptive

beamforming algorithm for smart antenna system applications.
Journal of Zhejiang University Science A, 7(10), 1709-1716.

. Hang, R., & de Rodrigo, C. L. (2016). Low-complexity robust

adaptive beamforming algorithms exploiting shrinkage for mis-
match estimation. IET Signal Processing, 10(5), 429-438.

Jian, Y., Xi, Hongsheng, Feng, Y., & Yu, Z. (2006). Fast adaptive
blind beamforming algorithm for antenna array in CDMA sys-
tems. [EEE Transactions on Vehicular Technology, 55(2),
549-558.

Yasin, M., & Akhtar, Pervez. (2014). Mathematical model of
bessel beamformer with automatic gain control for smart antenna
array system. Arabian Journal for Science and Engineering,
39(6), 4837-4844. https://doi.org/10.1007/s13369-014-1089-4.
Yasin, M., Akhtar, Pervez, & Pathan, Amir Hassan. (2014).
Mathematical model of bessel beamformer with automatic gain
control for smart antenna array system in rayleigh fading channel.
IEEJ Transactions on Electrical and Electronic Engineering,
9(3), 229-234.

Yasin, M., & Akhtar, Pervez. (2014). Design and performance
analysis of live model of bessel beamformer for adaptive array
system. COMPEL: The International Journal for Computation
and Mathematics in Electrical and Electronic Engineering, 33(4),
1434-1447.

Zhang, L., So, H. C., Ping, Li, & Liao, Guisheng. (2003).
Effective beamformer for coherent signal reception. /IEEE Elec-
tronics Letters, 39(13), 949-951.

Zhang, L., So, H. C., Ping, L., & Liao, G. (2004). Adaptive
multiple-beamformers for reception of coherent signals with
known directions in the presence of uncorrelated interferences.
Elsevier Journal Signal Processing, 84(10), 1861-1873.

. Widrow, B., & Stearns, S. D. (1985). Adaptive signal processing.

London: Pearson Education, Inc.

Haykin, S. (2002). Adaptive filter theory (4th ed.). London:
Pearson Education, Inc.

Soni, R. A., Jenkins, W. K., & Schirtzinger, T. A. (1998).
Learning strategies for adaptive equalizers using the constant
modulus error criterion. International Journal of Adaptive Con-
trol and Signal Processing, 12, 97-116.

@ Springer


https://doi.org/10.1155/2016/5983924
https://doi.org/10.1155/2016/5983924
https://doi.org/10.1007/s13369-014-1089-4

2422

Wireless Networks (2020) 26:2413-2422

Muhammad Yasin received a
Ph.D. degree in electrical engi-
neering with specialization in
adaptive signal processing in the
field of wireless cellular com-
munication  from  National
University of Sciences and
Technology (NUST), Islam-
abad, Pakistan. He obtained
M.Sc. degree in electrical engi-
neering from NED, University
of Engineering and Technology
Karachi and B.Sc. degree in
electrical ~ engineering  with
Honour from University of
Engineering and Technology Peshawar, Khyber Pakhtunkhwa. He
also holds a Master degree in Economics from University of Karachi.
He is a Professional Engineer and lifetime member of Pakistan
Engineering Council (PEC) and an active fellow of Institute of
Engineers Pakistan (IEP). He is a Certified Internal Quality Auditor
and also served as Certified Quality Assurance Officer. His research
interests include signal processing, adaptive filtering, implementation
of communication networking and its performance evaluation.

@ Springer

Prof Muhammad Junaid Khan
was born in 1971 in Bannu,
Pakistan. He received his
Bachelor and Master degrees
both in Electrical Engg from
NED Engg University, Pakistan
and Iowa State University,
USA, in 1994 and 2002,
respectively. In 2008, he
obtained Ph.D. Degree in
Automation Engg from the
Department of Automation,
Tsinghua University, Beijing
China. He has been the recipient
of two Medals of Distinction
from the Government of Pakistan and three research awards from
industries and academia. His main research focus has been on non-
linear systems approximation, autonomous underwater and ground
vehicles, networked systems and renewable energy technologies. He
is currently working as Director Postgraduate Programs, National
University of Sciences and Technology, Islamabad, Pakistan.

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.



	Development of blind algorithm with automatic gain control
	Abstract
	Introduction
	Mathematical model of proposed method
	Simulation results
	Performance comparison
	Discussion on results
	Conclusion
	References




