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Abstract

This paper focuses on the antenna synthesis of uniformly spaced linear phase array using
artificial neural network (ANN) based on Particle Swarm Optimization (PSO). The weights of
the Artificial Neural Networks (ANN) are trained by Particle Swarm Optimization (PSQO).
Subsequently the Particle Swarm Optimization (PSQO) algorithm is applied in order to select the
"global best" ANNs for the future investment decisions and to adapt the weights of other
networks towards the weights of the best network. Chebyshev method is used to compare with
this approach. Although, Chebyshev method is able to generate perfectly leveled side lobes,
PSONN does not have the phenomena of up-swing in edges amplitude of the excitation and '
grating lobes does not appear in PSONN when the distances between elements are increased.
The basic rule is to alter the weights (current distributions of elements) such that the error
between the output values and the target values (desired values) is minimized. In this paper,
single layer feed forward neural network with PSO training is used.

Keywords: Antenna ,Synthesis, Optimization, Swarm, Chebyshev.
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L.Introduciion

The analysis problem is one of determining the radiation pattern and impedance of a given
antenna structure. Antenna design is the determination of the hardware characteristics (length,
angles, etc.) for a specific antenna to produce a desired pattern and /or impedance. Antenna
synthesis is similar to antenna design and, in fact, the terms are frequently used
nterchangeably. However, antenna synthesis, in its broadest sense, is one of first specifying the
desired radiation pattern and then using a systematic method or combination of methods to
amive at an antenna configuration which produces a pattern that acceptably approximates the
desired pattern, as well as satisfying other system constraints. Hence, antenna synthesis, in
general, does not depend on an a priori selection of antenna type .

The antenna pattern synthesis is an important issue in the design, whether it is traditional
antenna, or a new generation of mobile communications in the smart antenna pattern synthesis
play an important role. Pattern synthesis is the basis of the space radiation pattern needed to
select a group of the appropriate array element value or the right incentives, optimize the form
of the spatial distribution of the antenna. To change the array antenna radiation pattern methods
are three kinds: Adjusting the size of array element incentives, adjust the incentive phase of
array elements, adjust the spatial distribution of array elements [1,2,3].

Unfortunately, there is no single synthesis method that yields the “optimum’ antenna for
the given system specifications .we will pose the antenna synthesis problem as one of
determining the excitation of a gjven antenna type that lead to a radiation pattern which suitably
approximates a desired pattern. The desired pattern can vary widely depending on the
application. In most applications, it is desirable to have both a narrow main beam as well as low
side lobes. It would be therefore, useful to have a pattern as optimum compromise between beam
width and side lobe level. In other words, for a specified beam width the side lobe level would be
as low as possible; or vice versa, for specified side lobe level the beam width would be as narrow
as possible [4,5]. As might be expected the optimum beam width-side lobe level performance
occur when there are as many side lobes in the visible region as possible and when they have the
same level. Dolph recognized that Chbyshev polynomials posse this property, The. procedure
commonly referred to as Dolph-Chebyshev synthesis equates the array polynomial to a
Chebyshev polynomial and produces the narrowest beam width subject to a-given constant side
lobe level [4,5,6].

Over the last several decades, there has been significant attention paid to the area of array
pattern synthesis. In the medium of the Jast decade, antenna synthesis was started depends on
Intelligent systems such that neural network and several global optimization algorithms [1,2,3].
Duan Li et al. (2010) have presented an improved antenna pattern synthesis based on particle
swarm optimal algorithm[1]. Sadiq et al. (2005) has used artificial neural networks for
optimizing pattern synthesis of a linear phase array antenna [3]. Chuan et al. (2009) have used
differential evolution (DE) algorithm with a2 new differential mutation base strategy, namely
best of random, is applied to the synthesis of unequeally spaced antenna arrays[7]. Khodier et al.
(2009) have used (PSQ) method to optimize a linear and circular pattern [8]. Boufeldja et-al. -
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(2010) have described a new method for the synthesis of planar antenna arrays using fuzzy
genetic algorithms (FGAs) by optimizing phase excitation coefficients to best meet a desired
radiation pattern [9]. Wentao et al. (2010) have produced investigations on conformal phased
array pattern synthesis using a novel hybrid evolutionary algorithm using an improved both
genetic algorithm (IGA) and particle swarm optimization (IPSQO) [10]. Wentao et al. (2010) have
produced an extended particle swarm optimization (EPSQO) algorithm for designing conformal
phased arrays on the basis array radiation pattern in adaptive beam forming by finding the
weights of the antenna array element of traditional particle swarm optimization (PSO) and novel
velocity updating mechanism[11].Jeyali et al.(2011) have produced Genetic algorithm
optimization method for the synthesis of antenna ants that are optimum®o provide the radiation
pattern with maximum reduction in the side lobe level. This technique proved its effectiveness in
improving the performance of the antenna array [12].

Wang et al. (2011) have produced chaotic particle swarm optimization (CPSQO) as novel
algorithm explores the global optimum with the comprehensive learning strategy for the
equally spaced linear array, unequally spaced linear array and conformal array [13]. Wang
et al. (2011) have produced a complex-valued genetic algorithm for synthesis of the radiation
pattern of linear antenna arrays[14].

In this paper, the PSONN was introduced to synthesis of uniformly spaced linear phase array
in which the weights of the Artificial Neural Networks (ANN) are trained by Particle Swarm
Optimization (PSO) because PSO has a probabilistic mechanism and multi-starting points and
can avold getting into the local optimal solutions which show better performance than Chebyshev
methods.

2.The Proposed Particle Swarm Optimization Feed-Forward Neural Network
(PSONN)

PSO 1s one of the latest techniques that can be fitted into ANN. A swarm is made up of
particles, where each particle has a position and a velocity. The idea of PSO in ANN is to get
the best set of weight (or particle position) where several particles (problem solution) are trying
to move or fly to get the best solution, which ensures a satisfactory global search and quick
convergence, The particle velocity ranges could change adaptively during the optimization
process.

In PSONN, the position of each particle in swarm represents a set of weights for the
current epoch or iteration. The dimensionality of each particle is the number of weights
associated with the network. The particle moves within the weight space attempting to
minimize learning error (or Mean Squared Error- MSE or Sum of Squared Emor-SSE). Changing
the position means updating the weight of the retwork in order to reduce the error of the current
epoch. In each epoch, all the particles update their position by calculating the new velocity,
which they use to move to the new position. ' -

The new position is a set of new weights used to obtain the new error. For ?SO,- the new

weights are adapted even though no improvement is observed. This process is repeated for all
the particles. The particle with the lowest error is considered as the global best particle so far.
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The training nicess continues until satisfactory error is achieved by the best particle or
computationaj limits are exceeded. When the training ends, the welghts are used to calculate the
classification error for the training patterns. The same set of weights is used then to test the
network using the test patterns [15-18].

There is no back-propagation concept in PSONN where the feed-forward NN produced
the leaming error (particle fitness) based on set of weight and bias (PSO positions). The pbest
value (each particle’s lowest learning error so far) and gbest value (lowest learning error found
in entire learning process so far) are applied to the velocity update equation (4) to produce a
value for position adjustment to the best solution or targeted learning error. The new sets of
positions (ANN weight) are produced by adding the calculated velocity value (equation 4) to the
current position value using movement equation (5). Then the new set of positions is used for
producing new leamning error (particle fitness) in feed-forward ANN. The PSONN leaming
process is summarized as follows[15,18]:

1. Initialize particle for ANN problem.

2. Calculate fitness value (feed-forwared error or MSE in ANN) for each partigle.

3. If the fitness value is better than the best fitness value (pbest) in history, then set current
value as the new pbest.

4. Choose the particle with best fitness value of all the particles as the gbest.

5. For each particle, calculate particle velocity. '

6. Update particle position (ANN weight).

7. Repeat from 2 if condition not reached.

This process is repeated until the stop conditions are met (Minimum leaming error or
maximum number of iteration). Compared to BP, learning error is calculated in feed-forward
ANN starting from input nodes to hidden nodes and output nodes, then ANN makes a
backward pass from output nodes to hidden nodes and input nodes to produce new set of
weights.

3.The Problem Formulation
The problem of array pattem synthesis can be stated as follows: Given the-number of

array elements and the equal distance between elements, we want to find a set of weights
(cwrrent distribution for elements) such that the output pattern (Fo,(6)) as the same as the desired
pattemn Foes(8). The array pattern is given by [2, 3, 13,14]:

N-1
A e 5 il s s Wl o B T i eq (1)

n=0
where
AF 1s array factor.
W = fBdces8

B = 2% = wave number.
L

A is the wavelength. ‘ :
d is the distance between elements.
Wy are weights of ANN (represented current distribution ).
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The pattern synthesis with this algorithm can be modeled as shown in Figure 1. The inputs to
the model are the signals of unit amplitude. The signal from each array element is weighted and
then summed to give the amray output, which is compared with desired array response over an
angular range. The reference (desired) pattern Faes(9), as shown in Figure2 in which all the
responses in side Jobe regions are zero. The weights are updated through PSO iteration procedure
which leads to a satisfactory array pattemn.

3

4. Training Neural Networks with PSO

The PSO algorithm is vastly different than any of the tzadmonal methods of training.
PSO does not just train one network, but rather trains a network of networks. PSO builds a set
number of ANN and initializes all network weights to random values and starts training each
one. On each pass through a data set, PSO compares each network’s fitness. The network with
the highest fitness is considered the global best. The other networks are updated based on the
global best network rather than on their personal error or fitness. Each neuron contains a
position and velocity. The position corresponds to the weight of a neuron. The velocity is used
to update the weight. The velocity is used to control how much the positiéhi is updated. If a
neuron is further away (the position is further from the global best position) then it will adjust
its weight more than a neuron that is closer to the global best [13-17]. The iterative approach of
PSO can be described by the following sieps:

1. Initialize a population size, positions and velocities of agents, and the number of weights and
biases.

2. The current best fitness achieved by particle (p) is set as pbest. The pbest with best value is set
as gbest and this value is stored.

v' (O) = V' min +rand (vmax = ) L= SR, . SRSERN OO T 0 R Lo eq.(2)
x'(0)= x'min + rand T I NN (N
Vi(t+1)= wx Vvi(t)+en (beest = xi(r)} +ie,r (g best — x"(t)),i =L Mneg {B)

x"(t—i—l):x’_(t)—k vi(l‘—kl) AN e I T et o BB S o e :_..eq.(é)

3. Evaluate the desired optimization fitness function fp for each particle as the' Mean Square
Error (MSE) over a given data set
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4.Compare the evaluated fitness value jp of each particle with its pbest value. If fp < pbest
then pbest = fp and best xp = xp, xp is the current coordinates of particle p, and best xp
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18 the coordinates corresponding to particle p s best fitness so far.

5.The objective function value is calculated for new positions of each particle. If a better
position is achieved by an agent, pbest value is replaced by the current value. As in Step 1,
gbest value is selected among pbest values. If the new gbest value is better than previous
gbest value, the gbest value is replaced by the current gbest value and this value is stored. if fp
< gbest then gbest = p, where ghest is the particle having the overall best fitness over all
particles in the swarm.

6. Change the velocity and location of the particle according to Equations 4 and 5, respectively.

. Fly each particle ( p) according to Equation 5.

8. This process is repeated until the stop conditions are met (Minimum learning error or
maximum number of iteration), then stop; otherwise Loop to step 3 until convergence.

~J

Where (i) is the current iteration, r; and r, are two random vectors with value from zero to
one. ¢;and c; are positive constants,( w) is the inertia weight. (x' )represent the position of i®
particle. Pbest represents the best previous position (the position that giving best fitness function)
of i® particle. The gbest represents the position of the best particle among alkthe particles in the
population; and (vi ) represent the rate of the position change (velocity) for i™ particle, Fye 15 the
desired or target value, and Foy is the actual value (output pattern) computed by the neuron for
Input training pattern . The weights are adjusted to reduce the total error Eit overall output units.

Figure 1 shows the PSO training strategy for feed forward neural network.

@ Caleulote veloeity snd apdate pesition besed o
Ghest and Phest particie
initielize perticle position ; e =1L g
e
1226 " :

-4.23% 5

E'ﬁz -1.853 Repeat proosis 4, 5, 3 until meet
‘"mg «?.341 — tepgeted learning errac or
'2?:4 @Sgi maximum number of tertion

el 5 Teain NN uwsiag new P
particle position ! 5
Pagticis 03 : ¢ ‘
.
e +

Leeming Errar

{Set oyerall bast error s
Cihest end ench paricls
Totdl «umber of particles bast armor & Phest)

Pacticie D2 Train NN meing initial
paclizia position

Neural Netweork { Feediiorwend)

Fig.1 Particle Swarm Optimization Algorithm for Neural Network Training Steps.
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5.Results and Discussion

When starting the algorithm shown in Figure 2 with reference pattern (ideal pattern) shown
in. Figure 3 and initial pattern with side lobe level (SLL) is -20dB shown in Figure 4;where N is
the number of elements). To illustrate the effectiveness of the proposed approach, it is compared
with chebyshev method, three cases are discussed.

Case One:-

In this case the numbers of element are 20 elements and the distance between clements is
equal to 0.5A. Figure 5 shows the relative pattern using PSONN with $ide lobe level -40dB is
obtained, half power beam width is 6.9° compared with chebyshev pattern with the same side
lobe level. It is noticed that the results are approximately equal between the two methods. Figure
(6) shows the current distribution between the two methods. It is noticed that the two curves of
current distribution are closed to both. Table 1 shows comparison between the two methods with
respect to side lobe level, half power beam width.

g

Case Two:-
In this case the numbers of element are 40 elements and the distance between elements is
equal to 0.5\ Figure 7 shows the relative pattern using PSONN with side lobe level -33dB is
obtained, half power beam width is 3° compared with chebyshev pattern with the same side lobe
level. Figure 8 shows the current distribution for half number of an array between the two
methods. It is noticed that the chebyshev has an undesirable up-swing in the amplitude of the
excitation near the array edges. This phenomenon does not appear in PSONN. Table 2 shows
comparison between the two methods with respect to side lobe level, half power beam width.

Case Three:-
In this case the number of elements are 20 elements and the distance between elements is

equal to 0.8A. Figure 9 shows the relative pattern using PSONN with side lobe level -35dB is
obtained, half power beam width is 6° compared with chebyshev pattern with the same side lobe
level. It is noticed that the grating lobe appears at chebyshev pattern at this distance while grating
lobe does not appear in the PSONN pattern at this distance. Figure 10 shows the current
distribution for half number of an array between the two methods.It is noticed that the chebyshev
has an undesirable up-swing in the amplitude of the excitation near the array. edges.-This
phenomenon does not appear in PSONN as in the case two. Table 3 shows companson between
the two methods with respect to side lobe level, half power beam width.
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Tablel Comparison between PSONN and Chebyshev Methods with Respect to Side Lobe
Level, Half Power Beam width . For N=40, and d=0.5)..
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Fig.7 Comparison of the Relative Pattern of Linear Array by PSONN
and chebyshev Method at SLL =-33dB with 40 Element, and d=0.5A.
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Table2 Comparison between PSONN and Chebyshev Methods with respect to Side Lobe
Level, Half Power Beam Width. For N=40, and d=0.5)..
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Fig.9 Comparison of the Relative Pattern of Linear Array by PSONN
and Chebyshev Method at SLL =35dB with 20 Element , and d=i.
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Table 3 Comparison between ANN and Chebyshev with respect to Side Lobe Level, Half
Power Beam Width for N=20 and d=).

6.Conclusion ’

A simple and flexible artificial neural network trained by using PSO algorithm is proposed as
a general tool for amray pattern synthesis of uniformly spaced linear phase array antenna. The
performance of proposed hybrid algorithm is compared with Chebyshev method. Although,
chebyshev method is able to generate perfectly leveled side lobes, the PSONN algorithm does
not have the phenomena of up-swing in amplitude of the excitation in the edges as increasing the
number of elements. It is seen that when increasing the distance between elements, grating lobes ~
do not appear in an artificial neural networks based on PSO pattern while appear in-chebyshev
pattern at that distance. The simplicity of this method will allow arrays to be synthesized quickly.
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