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Smart antennas are now a day’s one of the most important elements of wireless communications technology.
This is because of their special characteristics and features. The future application of smart antenna technologies
in wireless structures, however, will likely greatly influence spectrum use efficiency, minimize the cost of new
networks, improve service quality and simplify the various wireless network technologies. Machine Learning (ML)
Techniques are very efficient, powerful, and popular techniques in recent decades. In resolving various nonlinear
issues that cannot be simply solved with traditional techniques, Artificial Neural Networks (ANN) have
demonstrated their vast capacity to provide higher performance. In this article, the application of artificial neural
networks to smart antenna systems is introduced. The most prominent adaptive beam-forming techniques are
compared with the smart antenna ANN algorithm. The Python and its powerful library “matplotlib.pyplo” and
“pyroomacoustics” functions will be used to decide the weights of the antenna features to decrease the error in the

signal received using the ANN back propagation algorithm.
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1. INTRODUCTION

Smart antenna systems enhance  wireless
performance by increasing gain in desired directions
and suppressing interference [1]. They improve signal
quality, network capacity, and coverage while saving
power. Beamforming, a key feature, adjusts signal size
and phase using algorithms like LMS to reduce mean
square error and prevent interference. Two types of
smart antennas, switched beam and adaptive arrays,
employ beamforming to track and optimize signal
direction. Neural networks, including RBFNN and
ADALINE, have been applied for multi-source tracking
and efficient beamforming, offering speed and accuracy
without prior source knowledge. Reconfigurable
antenna systems and modern ML techniques (ANNs,
KNN, Lasso) have further optimized antenna
performance for IoT and Massive MIMO applications.
Advanced algorithms enable adaptive beamforming,
side lobe reduction, and DOA estimation, improving
efficiency in LTE, 4G, and beyond. New ML-driven
adaptive techniques refine beam formation by
minimizing signal errors, ensuring smart antennas
meet growing wireless demands [2].

2. ADAPTIVE BEAMFORMING ALGORITHM
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Adaptive Beamforming is a method using a range of
antennae to maximize the receipt of a signal from a chosen
direction in a definite path while rejecting signals from the
identical frequency from other indication [3].

2.1 Mathematical Model

Consider a uniform linear array (ULA) in which the M
omnidirectional sensors are spaced on the incoherent plane
waves from distance d-D, pushing {61, 0z, ... Op.1}.

(k) = s(k) +i(k) + n(k) = sq(k)a+i(k) +nk) (1)

Where (k) is the composite vector of array remarks and
it stated as:

(k) =[x, (), x3(K), ..., X (IO]" @

s(k) — the signal waveform, a is the signal steering vector,
i(k) — the interference component, n(k) — the noise factor. A
narrowband beam former’s output is:

(k) = w"X (k) 3)

Where o the composite is vector of beam former weight
and is expressed as:

W = [Wq, Wy, ..., wWy] 4)
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The signal to interference plus noise ratio (SINR) has
the subsequent method

SINR = —Bsw__ (5)

WHR;+nW

Where Rs is M X M signal matrix that is the numerical
probability of signal vector and it is:

{s(k)s" (k)} (6)
Rin 1s signal plus noise covariance matrix as:
Riyn = (i(k) + n(k)) (i(k) + (k)" (7

To optimize the performance of a specific test, the
adaptive beam former weight vector is calculated. Although
we can utilize various criteria, we restrict ourselves to the
output SINR condition, which is changed to:

a?|wHa|®
whHR;+nw

SINR =

®

Where 62 is the signal power. The challenge of discovery
the maximum of (8) is the succeeding difficult of optimization.

Min wHR; ., w subject towfa = 1 9)

The succeeding resolution can be found from (9) for the
finest weight vector.
W= i (10)

Hp-1
a Ri+na

We find that the best SINR is supplied by inserting
(10) into (8).

SINR,,; = o2a"Ri}a (11)

Where equation (11) gives an upper bound on the
output SINR (8).

3. ARTIFICIAL NEURAL NETWORK

Artificial neural networks are incredibly influential
architectures of brain-stimulated computing units. They
were designed for addressing nonlinear difficult problems,
which appear to be wasteful in regular mathematical
procedures. There is the necessity for learning as the
principal commonality between a biological and artificial
thinking system [4]. ANN's main transmission functions
are the sigmoid vector and logarithm, as we already said.
The sigmoid logarithm formula is:

) =

1
1+e~¢

(12)

Where S is the transmission function input, and c is a
constant used for controlling the transfer function pitch.
For all real values this function is continuous and its
derivatives are given by:

ce S 1+ce”S-1
(1+e—°)2 (1+e=¢5)2

o(S) =

(13)

The function can be written as:
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ce™¢S 1
(1+e~¢)2 (1+e7¢)2

o(S) = (14)

If we choose the value of ¢=1, then the function
decreases to:

1+e~S 1 1 1
) = e~ e = e (L~ 1) = (A= () (15)

For each layer, the future network calculations can be
started by:

S=YLwy+by (16)

In this context, W, denotes a matrix containing the
weights of each layer, I, represents the vector of inputs, b
comprises the bias values utilized to stabilize the network
function. In order to ascertain the power output of the
computed sum, activation is utilized. The final activation
function involves the monitoring of the network output [5].
These outputs ought to resemble the desired output. Error
propagation occurs when the discrepancy between the
output and the objective value constitutes the error utilized:

E = (04— 0) (17)

Where o4 is the anticipated output. Using error E as a
value, we extract an error function that looks like:

A= (0ar — 01)k (1 — o) (18)

The novel values of the past weights are once more
determined based on this calculated value. The output
layer weights are then specified by:

wliclnew = wliclold + UAQO’H + (6w1’<lold) (19)

Another feature that takes account of the fault in the
output layer is used to update the hidden layers. The term
for the update is:

A"=0o"(1— 0™ Y wla, (20)
The new weights values are:
wliclnew = wliclold + ”Aholrcl + (awlrclold) (21)

There are two key parameters in ANN « and . The
training of a backbone distribution network is controlled.
The learning rate u adjusts how quickly it is. The learning
rate of a neural network can be increased or decreased [6,
7]. It is an important factor because it is quite complicated
to choose. The higher learning rate can make the network
unite quicker but fast convergence can lead to
memorization rather than learning phenomena. A low
level of learning can significantly extend the time of
training. Another key ANN learning parameter based on
Error Back propagation is the momentum factor a.
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Fig. 1 — Flow Chart of ANN Training Program

4. SIMULATION AND RESULTS

In this simulation procedure, the performance of
common adaptive methods including LMS, RLS, and CMA
are analyzed and compared. The intended signal's
amplitude reaction, convergence time, acquisition, and
monitoring were just few of the metrics used in the
comparison. DOA 30 degrees of desire signal and DOA - 60
degrees of interference signal were employed as simulation
parameters [8, 9]. The simulations vary a parameter of the
antenna array for the same process, such as the sum of
sensor elements or the space among the two parts of the
array. The simulation outcomes are shown in the following
figures for a range of element numbers and inter-element
distances. Arrays containing 4, 8, and 16 items were
employed at d = 0.1254, 0.254, and 0.54 distances. To avoid
spatial aliasing, the maximum distance between two
elements was 0.51.

4.1 LMS Algorithm

The Least Mean Square (LMS) algorithm was tested
for various array sizes at spacing d = 0.5. It amplified the
desired signal while suppressing interference.

s L B

Fig.2 — Beam formation of LMS algorithm for desire angle at 30°
and null at — 60° for (d = 0.54)
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Fig. 3 — Beam formation of LMS algorithm for desire angle at
30° and null at — 60° for (d = 0.254)
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Fig. 4 — Beam formation of LMS algorithm for desire angle at
30° and null at — 60° for (d = 0.1251)

Using 16 array elements improved responsiveness by
narrowing the reaction band. Similar results were observed
for d=0.251 and d=0.1254. However, reducing array
element spacing decreased response accuracy, highlighting
that larger arrays enhance algorithm performance

4.2 RLS Algorithm

The RLS algorithm was used for the same trials. In
this portion Figs. 5, 6, 7 show the outcomes. The results
suggest that when bigger numbers of pieces are used the
reaction is better. At certain unwanted angles of reach, the
answer shows an amplitude of around 0.4. These values
are regarded as disadvantages of the algorithm. The
results for N=16 have been enhanced for d=0.54,
however for the use of d=0.254 and d=0.1254 this was
not the case. The N=8 instance has shown improved
results. For a reduced inter-elemental distance, the
performance in terms of passing belt has proven better.
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Fig. 5 — Beam formation of RLS algorithm for desire angle at 30°
and null at — 60° for (d = 0.54)
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Fig. 6 — Beam formation of RLS algorithm for desire angle at 30°
and null at — 60° for (d = 0.251)
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Fig. 7 — Beam formation of RLS algorithm for desire angle at 30°
and null at — 60° for (d =0.1252)

4.3 Effect of N and d using ANN

The same experiments were carried out using Python
and its powerful library to draw an array factor for ANN
for varying element numbers and positioning. At
AOA =30°, the intended signal is reached, while the
desired signal is reached at AOA =—60°. The utilization in
the array of 16 components has enhanced the neural
network’s reaction by decreasing the main response band,
which is vital in certain applications, which need exact
tracking, such as in the mobile communication system.
However, with the reduction in the space among array
elements and the passing band, the precision of the
response is less than 0.51, when 0.1254 is achieved. It is
also clear that raising the quantity of pieces leads to
increasing the amount of side labels, an inconvenience that
increases the chances of getting signals from undesirable
directions. The act of ANN in terms of tracing the specified
signal is analyzed using Python with N=8 antennas
spaced at half-wavelength (d=0.54). Intend signal is
received at AOA =30 degrees, whereas desired signal is
received at AOA =— 60 degrees. Figs. 8, 9 depicts the mean
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square error that emerges from this process, which
approaches zero after 8 repetitions. The convergence rate
is good; the display output attains and follows the required
signal after about 8 iterations.
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Fig. 9 — Mean Square Error in ANN method

Table 1 — Parameters of the used Neural Networks

Layers 5 Second hidden layer 6
Hidden Layer 3 Transfer functions Linear
MSE le-5 Bias Weights No
Iteration 1000 Learning rate 0.06

5. CONCLUSION

In recent years, the wireless communication industry
has taken significant advantage of the range, speed, and
capacity of such systems as a result of their high efficiency,
which is based on the incorporation of the antenna array
with a digital signal processing system. This study
compared three widely used adaptive technologies: LMS,
RLS, and CMA with back propagation neural networks to
determine which is the most effective strategy for
optimizing antenna performance. Here it is shown that the
performance of Back propagation neural network performs
best among others.
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AJsIropuTMHN MAIIMHHOTO HABYAHHA V1A AJANITABHOTO ()OPMYBAHHSA IIPOMEHS B iHTEIEKTY AJIbHUX
AHTEHHUX CHUCTeMax
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PosymH1 aHTeHM CHOTOJHI € OJHMM 3 HAWBAYKJIMBINIMX eJIEMEHTIB TeXHOJIoTii GeamporoBoro 3B'asky. lle
MOB'SI3aHO 3 IXHIMHM OCOOJIMBHMM XapaKTepHUCTHKaMH Ta ocobnuBoctsimu. OnHak MailOyTHE 3aCTOCYBAHHS
TEXHOJIOTIN IHTEJIeKTYaJIbHUX aHTeH y 0e3JpOTOBHX CTPYKTypax, MMOBIPHO, 3HAYHO BIUIMHE Ha e(QeKTUBHICTDH
BUKOPUCTAHHS CIIEKTPY, MIHIMI3y€ BAPTICTH HOBUX MEPE’K, IIOKPAIIUTE SKICTh 00CJIyrOBYBAHHSI Ta CIPOCTUTH PI3H1
TexHOJIOTIT GeanporoBux Mmepesk. Merogu mammuaoro HaBuanus (MH) e gyske edexktwBHMMM, MOTY:KHUMH Ta
[OIYJIIPHUMY METOJAMU OCTAHHIX JeCSTHJITh. Bupimryroun pisHi HesHIMHI pobieMu, siKi HEMOMKJIMBO IIPOCTO
BUPIIINTH TpaguIiiHUMKU Meromamu, mry4i Heidiponi mepeski (IIIHM) mpomemoncTpyBanu cBoo BeInde3Hy
3/1aTHICTH 3a0€3IeYyBaTH BUIIY IIPOJYKTABHICTH. ¥ I CTATTI IPEJCTABJIEHO 3ACTOCYBAHHS IITyYHUX HEHPOHHUX
Mepes [0 CHCTeM IHTEJIeKTYaJIbHUX aHTeH. HaiBimominn wmeTonu amanTuBHOrO (QOPMyBaHHS IIPOMEHS
nopiHOIOTECS 3 asmropurvom IITHM st imresexryanpuHux adnteH. Python ta itoro moryskaa 6i6siorexa
"matplotlib.pyplo" Ta dyukmii "pyroacoustics" OyayTh BHKODPHCTAHI [JIT BHU3HAYEHHS BaroBUX KOeQiIlieHTIB
XapaKTepUCTUK aHTEeHHW, 1100 3MEHIINTH IMOXUOKY B CHTHAJI, OTPHMAHOMY 3a JIOIIOMOIOK AJITOPUTMY 3BOPOTHOTO
nommpensst [ITHM.

Knrouosi ciosa: ®opmysauns 6anku, llltyuni meitponni mepesxki, Python, AOA.
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