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Abstract: This paper proposes a radiation pattern synthesis of the almost periodic antenna arrays
including mutual coupling effects (that extracted by the Floquet analysis according to our previ-
ous work), which principally has a high directivity and large bandwidth. For modeling the given
structures, the moment method combined with the Generalized Equivalent Circuit (MoM-GEC) is pro-
posed. The artificial neural network (ANN) as a powerful computational model has been successfully
applied to the antenna array pattern synthesis. The results showed that the multilayer feedforward
neural networks are rugged and can successfully and efficiently resolve various distinctive complex
almost periodic antenna patterns (with different source amplitudes) (in particular, both periodic and
randomly aperiodic structures are taken into account). However, the artificial neural network (ANN)
is capable of quickly producing the synthesis results using generalization with the early stopping
(ES) method. A significant time gain and memory consumption are achieved by using this given
method to improve the generalization (called early stopping). To justify this work, several examples
are developed and discussed.

Keywords: Radiation pattern synthesis; Almost periodic structures; Mutual coupling effects; Artificial
neural network ANN algorithm; Early stoping method.

1. Introduction

Today, the synthesis of the radiation pattern of almost periodic planar structures is
the subject of various scientific researches, mostly in space and defense applications, com-
munication systems and electronic devices such as phased array radar systems, frequency
selective surface (FSS) applications [28], millimeter waves, and optical wave regions (for
other examples: reflection gratings, phased arrays, and electromagnetic bandgap structures,
leaky wave antennas, etc.) [9,11,14].

In general, smart antenna arrays involve intelligent systems including genetic algorithms
and neural networks to synthesize the radiation pattern [2,3]. Many research papers are
proving that genetic algorithm (GA) is used basically for sidelobe reduction in antenna
pattern synthesis [15,18]. As well, artificial neural networks (ANN) have been employed in
various purposes such as pattern recognition systems, and have been taken into use for
input-output mapping, system identification, adaptive prediction, etc..... Consequently, the
present work is centered on the neural network technique that will be implemented for the
synthesis of almost periodic network models, pointing out their most prominent features
and distinctive characteristics [17,24,25].

The objective is then to develop a feedforward neural network with supervised training
approximating the function of the radiation pattern which is provided by the method of
moments simplified by the equivalent circuit scheme.

For clarity, this paper presents some basic details on the optimum size of a feedforward
neural network to prevent overfitting problems. Next, the radiation model datasets will
be divided for training, testing, and validation, and then a feedforward neural network
will be generated and trained [21]. The output values will be built and denormalized, and
finally, the neural network performance will be examined by checking the output values
against the numerical target values [24,25].

This fact reduces the complexness of the problem by setting and adapting the neural net-
work patterns, such as training function, architecture, and parameter, which would enhance
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and give more accuracy about the input-output relations [18]. Our main idea here is to
address the synthesis of antenna arrays for coupled almost periodic array geometries and
especially in future complex extended aperiodic configurations [19,32].

This paper is organized as follows: in the section 2, the fundamental theoretical background
of numerical analysis including the computation of the radiation field is reminded, partic-
ularly for almost periodic arrays. To synthesize the radiation pattern, the basic concepts
of artificial neural networks (ANN) and their applications are recalled in the section 3. It
describes how to introduce the basic principles of artificial neural networks (ANNSs). Some
fundamental networks are examined in detail for their capability to deal with the problem
of simple pattern synthesis. These fundamental networks, together with the principles of
ANN s, will lead to the development and construction of new architectures for the synthesis
of complex almost periodic antenna arrays (e.g. randomly aperiodic phased arrays). The
next section illustrates the numerical results and discussions. In the last section, some
conclusions are presented.

2. Problem Formulation: (Radiation pattern of the almost periodic structures)

This section takes up the main expression of the radiation pattern related to the

proposed almost periodic planar structures (see figure (1) of the periodic antenna array
example) [6-8] which is discussed in our previous work [5,9,11]. To resolve this problem, it
is claimed that an integral method based on the method of moments combined with the
generalized equivalent circuit (MoM-GEC)[6,7,10] is implemented.
Therefore, the relation of the total near-field distribution set on the surface of the disconti-
nuity (rectangular opening aperture) (metal form + dielectric substrate) of the global almost
periodic structures can be defined according to the Galerkin procedure as follows [6-8,14]:
e On the metallic part, the electric field can be given by:

ZZ JpaXpql8pq) 1)

e On the discontinuity plane (or on the radiating aperture), the electric field is expressed in
function of the guide’s modes as :

=32 ) (ZlpgXpg{ fiun|gpa) | frnn) ()

mn p g

with:
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and the Inner product is yielded by :

= / / uv* ds 4)
D
(* refers to the complex conjugate)
| fn) denotes the modes |TEun),|TMpn).
|gpq) indicates the test functions used and X, the inconnue weights of this function to be
evaluated and Z,,, are the total modal impedance related to the guide modes.
A specific choice of test functions that express the unknown current density established on
the metal parts of the selected structures.
Based on the Fourier Transform, the far field of the given total structure can be written as:
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Figure 1. Section of periodic planar phased array dipoles: the walls of the environment can be
selected from EEEE ( waveguide with electric walls), EMEM (waveguide with two electric walls and
two magnetic walls), EPEP ( waveguide with two electric walls and two periodic walls), PPPP (
waveguide with periodic walls)

Eaperture (x,y) is obtained by a spatial calculation of the MoM method. The pair (6y, ¢o) is
seen as the orientation direction of the main beam (steering direction) and the pair (6, ¢)
indicates the shape of the radiation pattern.

To restraint the electromagnetic calculation on one unit cell, the dependence on Floquet
modes («x or (&, 8)) is taken into account [9,11,14,32]. Then, the field components can be
therefore expressed in the generalized Fourier series expansions, and the analysis region
can be reduced to only one periodicity cell bounded by the known periodic walls, as
presented in the figure (2). In this case, the interaction between cells can be taken into
consideration using a novel expression of the mutual coupling shown in the previous work
[9,11]. All details about the electromagnetic modal calculation based on the Floquet analysis
are proven in [9,11,14]. To remind the radiating pattern expression Ey (6, ¢) developed
through the modal decomposition in the spectral domain, we can detail the following steps
given below [14]:

The total electric field radiated by the structure is:

1 %_1'%_1
E(x, y)uperture = NN Z Etxp,ﬁq,aperture(x,y)ef"‘l’(ldX)e]/g"(de) (6)
R e s
Then, the normalised radiating pattern is given by:
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Figure 2. Section of periodic phased array microstrip lines (planar dipoles):(unit cell delimited by
periodic walls)

Moreover, the far radiating field made in the Floquet domain when the z > 0 region,
is written as follows:

EL0.0) = [ [ ey ®

e(]ko(sm(e)cos(qa) sin(6g)cos(¢pg)) dx}
ekosin(@)sin(g) —sin(6o)sin(pn))9) gy

After that, the expression of the directivity (in Floquet space) is obtained as [31]:
| Esp(¢b0, 60) |
" Jo" 1Eup(6,9) Psin(@)dpde

Therefore, to study the spatial electromagnetic behavior of periodic antenna arrays (as
explained in the previous section in Equation (6)), another way to proceed based on the
superposition of Floquet states (superposition theorem) in a finite or infinite periodic array

wp(¢0,00) = ©)
I

e For small and large finite arrays:
We must indicate that the Floquet states are considered discrete (with their physical fields):
The spatial electric and current fields are deduced as:

Mg Mg
E(idﬁwkdy) \/W Z Z Egppfgure(x/y) (10)
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Then, the total radiating electric field is:
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e For infinite arrays:
The Floquet states are taken as continuous values which belong to brouillin domain & €
- 1 B€ [_d%’ %] Then, the spatial electric and current fields are defined as:

dydy (12 [T - o
Jeew) = o [ [ Taune (e ) e da dp (13)
ax Ty
dxdy & % B jax ,jBy
E(x,y) = T /77[ /771 Eapertwe(x,y)e PV du dp (14)
dx Ty

Consequently, the radiation field is written as:

dedy (i [dy zvyh0,
E(0,9) = s /i AN (60, ¢) da dp (15)
T 7 dy

The directivity values can always obey the superposition theorem in the finite and infinite
cases, as has been proven in the electric, current, and radiation fields.

A well-detailed explanation of Floquet’s modal analysis and its results has been proven in
[31].

To study the aperiodic configuration, it is possible to change the amplitudes\ phases
weights between periodic elements. Note that the electromagnetic calculation remains
valid with some modification at the level of the excitation values.

So, the numerical electromagnetic radiation pattern of the whole coupled almost periodic
array can be presented as database content to build a feed-forward neural network training
with supervised learning that approximates the following array pattern’s function [13,16,
17].

3. Artificial neural networks (ANN) principle

As we have previously seen in our previous work, this section explains how to conjoin
the application of neural networks and almost periodic antenna array systems [13,16,17].
A neural network is a way to model any input to the output by establishing connections
between their related radiation model data, especially if nothing is known about the model.
By using the MATLAB tool, this neural processing can show a simple explanation of the
model. In fact, the neural network technique is commonly used in two stages: the training
phase and the performance phase. For more precision, the MLP network architecture
structure is fixed: the number of hidden layers and neurons (nodes) in each layer. The
activation functions of each layer are also chosen at this stage, i.e. they are supposed to
be known. The unknown parameters to be estimated are the weights and biases. Many
algorithms exist to define the network parameters. Here, we will focus only on the use
of Levenberg-Marquardt which is generally more efficient but requires more computer
memory [1],[22]-[27]. We briefly summarize the learning algorithm procedure for multilayer
perceptron networks:

1.  The structure of the network is first defined. In the network, activation functions are
chosen and the network parameters, weights, and biases are initialized.

2. The parameters associated with the training algorithm like error goal, the maximum

number of epochs (iterations), etc, are defined.

The training algorithm is called.

4. Once the neural network is determined, the result is first tested by simulating the
output of the neural network with the measured input data. This result is compared
to the measured output. The final validation must be performed with independent
data.

@

In general, three different types of data sets (inputs) are employed, known as the training
set, validation set, and test set. The training set is a set of values that hold information
about the target function for training the network. The validation set is assigned to the
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early stopping technique. During the training phase, the validation error is monitored to
prevent the network from overfitting the training data. Normally, the test set is just used to
assess the performance of the network afterward. 60% of the data is used for training the
network and the remaining 40% is used equally for validating and testing the network on
unlearned inputs respectively [13,18]. Specifically, the application randomly divides the
input vectors and target vectors into three known sets as follows: The input vectors and
target vectors are divided into three known sets.

® 60% are used for training.

® 20% are used to validate that the network is generalizing and to stop training before
overfitting.

o The last 20% is used as a completely independent test of network generalization.
Thus, the structure of the network was provided in figures (3)and (4), when the learning
phase allowed to elaborate the synaptic weights taken from each formal neuron. In this
example, we are using a feed-forward network with a default tan-sigmoid transfer function
in the hidden layer and a linear transfer function in the output layer.

The table (1) lists the training parameters of the artificial neural network (ANN) and the

Table 1. Artificial neural network (ANN) training parameters

Number of input neurons 100
Number of hidden layers 2
Number of output neurons 1
Algorithm Im
Learning rate 0.01
Momentum 0.95

MSE goal 1e73
Minimum performance gradient 1e=>
Initial mu 0.001

mu decrease factor 0.1

mu increase factor 10
Maximum mu 110
Epochs between displays 25
Generate command-line output false
Show training GUI true
Maximum time to train in seconds inf
Maximum number of epochs 300
Regularization parameter 0.8
Transfer function in hidden layer tan-sigmoid ("tansig")
Transfer function in output layer linear("purelin”)

architectural parameters prepared for the implementation of the artificial neural network
(ANN) models.[13,18].

After the training phase, the performance phases of the almost periodic array are accom-
plished to obtain the optimal weights for the new incoming signals. The performance
analysis of this application can be examined by changing the number of antenna elements,
the radiation value, the target applications and the angular separation between the incom-
ing signals[24,25].

In this work, the Levenberg Marquardt minimization algorithm (LMA) has been checked
to train the artificial neural network (ANN). The accuracy of its models is evaluated by
the mean sum of squared error (MSE) between the calculated (desired) radiation pattern
obtained using numerical analysis and the predicted values for the training data set [24].
To perform some analysis of the network response, we can perform a linear regression
between the network outputs and the corresponding targets [26].
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Figure 3. Basic structure of an artificial neuron Figure 4. An illustration of a typical feedfor-
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4. Results and observation
4.1. Numerical results

After studying the convergence level of the input impedance and the current distri-
butions in function of the guide’s modes and the trial functions, as explained in the past
work to demonstrate the coupling terms of the almost periodic array [9,11]. This paper
focused essentially to create the radiation pattern associated with the planar almost periodic
structures [6-8]. At first, the electromagnetic states in electric and current fields of the
proposed configuration examples are drawn, that presented at the waveguide aperture.
Then, the desired radiation pattern (or the electric far-field) can be computed using the
main Fourier expression written and explained in the previous section [6-8,14], where the
near field distribution that defined on the discontinuity plane is weighted by a numerical
MoM-GEC formulation [5,9,11].

[IJell

( ’%10
‘><./
60 0

Figure 5. Current density for a unit cell of an almost periodic 2D array (half-wave and full-wave
dipoles) defined over the guide aperture, described by the test functions using : f=5.4Ghz, ay = 0 rad
m~1, Bo = 0rad m~!, w=1mm,s = 0.75mm(w < Ag,d < Ag),dy = 108mm, dy = 108mm, a)L =
% ~ 27mm—b)L = Ag = 54mm, s = 1.25mm and € = €, = 1 (air)(see to [28] as a comparison
reference).

The figures (5),(6)and(7) illustrate numerical current densities and their corresponding

electric fields that are calculated for a unit cell of a periodic planar dipole antenna that
surrounded by periodic walls. As a result, the far-field of the given unit structure can be
described by the following figure(8)[14,20]. [5,9,11].
In this way, the preceding case of the basic element would be generalized to almost periodic
array configuration [6-9,11]. Thus, based on the formulation problem detailed in [9,11], the
electromagnetic fields (E, J) of the whole structure would be shown. So, the figures (9),(10)
and (11) allow to verify all the proposed boundaries conditions in term current and electric
fields associated to periodic planar structure.
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Il Eel

Figure 6. Current density for a unit cell of 2D almost periodic array (half and full wave dipoles)
defined on the guide wave’s aperture, described by the basis functions (guide’s modes) using:
f=5.4Ghz, ay = 0 rad m~1, Bo = 0 rad m™1, w = lmm,§ = 0.75mm(w < Ag, 6 < Ag),dx =
108mm, dy, = 108mm, a)L = % ~ 27mm—b)L = Ay ~ 54mm, h = 1.25mm and € = ¢, = 1 (air) (see
to [28] as a comparison reference).

Figure 7. Electric field of 2D almost periodic array’s unit cell (half and full wave dipoles) defined
on the guide wave’s aperture, described by the basis functions (guide’s modes) using: {=5.4Ghz,
ag = 0rad m~!, Bp = 0rad m™!, w = Imm, 6 = 0.75mm(w < Ay, 8 < Ap),dy = 108mm, d, =
108mm, a)L = % ~ 27mm—b)L = Ay ~ 54mm,h = 1.25mm and € = ¢, = 1 (air) (see to [28] as a
comparison reference).

IE, 1 (4B)

Full wave diplole antenna !
half wave dipole antenna

30}

351

—A4 1 1 1 1 1 1 1 1 1
-100 -80 -60 -40 -20 0 20 40 60 80 100
6(deg)

Figure 8. Radiation pattern calculated using the MoM-GEC method for a half-wave and full-wave
dipole antenna: f=5.4Ghz, ay = 0 rad m-1, Bo = Orad m~1, w=1mm,é = 0.75mm(w < Ay, d <
Ao),dx = 108mm, d;, = 108mm, a)L = % ~ 27mm—b)L = Ay &~ 54mm, h = 1.25mmand e = ¢, =1
(air).
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Identically, the 1D and 2D quasi-periodic structures follow the same manner to repre-
sent the current and electric fields, as indicated in the figures (12), (13), (14), (15) and (16).
It’s observed that the electromagnetic coupling is expressed by the lying of weak current
surface on the non-exciting elements of the aperiodic configuration (which explains also
the phenomenon of leaky waves). As shown in the figure(13), a Gibbs effect appears when
the guide’s modes number is not correctly reached the convergence level.

Figure 9. Current density of an example of almost periodic 2D array (half-wave dipoles) defined
on the guide wave aperture, described by a)test functions b)basis functions (guide modes) at the
operating frequency f=5.4 GHz. The physical parameters used are : ag = 0 rad m~!, Bg = O rad m~1,
w = 1mm, = 0.75mm(w < Ag,d < Ag),dy = 108mm, d, = 108mm, L = % ~ 27mm, h = 1.25mm
and € = €, = 1 (air) (see to [28] as a comparison reference).

1

Figure 10. Current density of the almost periodic network (half-wave dipoles) defined on the aperture
of the waveguide , described by a)the test functions b)the basic functions (guide modes) at the
operating frequency f=5.4 GHz. The physical parameters used are :ag = 0 rad m~!, By = O rad m~1,
w = 1mm,§ = 0.75mm(w < Ay, K Ag),dr = 108mm, dy = 108mm, L = % ~ 27mm, h = 1.25mm
and € = €, = 1 (air) (see to [28] as a comparison reference).

In the same way, the radiating pattern of the whole planar almost periodic dipole
antenna array can be given by the figures (17),(18) and (19). The mutual coupling effects
are taken into account by varying the separation periods and the number of elements when
the electromagnetic calculation is achieved, as illustrated by the same figures.

According to the figures (17),(18), the proposed structure offers high directivity with a
reduced main radiation beam, but suffers from a high sidelobe level (SLL), especially, when
the number of elements is grown up and the array elements are decoupled (has a separation
period (dy > A). The good radiation pattern description is observed in both E-plane and
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H-plane cuts at the operative frequency {=5.4 GHz as shown in figure(19).

Figure 11. Electric field of the almost periodic array (half wave dipoles)defined on the waveguide’s
aperture, described by the basis functions (guide’s modes) using a)three cells b)seven cells at the
operating frequency f=5.4 GHz. The chosen physical parameters are: ag = 0rad m~!, By = 0rad m~!,
w = 1mm,§ = 0.75mm(w < Ay, K Ag),dr = 108mm, dy = 108mm, L = % ~ 27mm, h = 1.25mm
and € = €, = 1 (air) (see to [28] as a comparison reference).

_Excwt'ed:
[

Exciled}

Figure 12. Current density of 1D aperiodic array’s example (half wave dipoles )defined on the
waveguide’s aperture, described by the test functions at the operating frequency f=5.4 GHz. The
used physical parameters are:xy = 0 rad m~1, Bo = 0rad m~1, w=1mm,é = 0.75mm(w < Ay, d <
Ag),dy = 13.5mm, dy = 108mm, L = % ~ 27mm, h = 1.25mm and € = €, = 1 (air).

A good comparison is achieved between both periodic and aperiodic structures in

terms of the radiation pattern, as given in the figure(20). To validate this latter result an
array factor formulation is proposed, which is applicable for the periodic array containing
isotropic elements with separation d, > %
The figure (21) shows the radiation beam steering (with ¢s = 0°,6; = 45°) of different
periodic and aperiodic arrays, and explains how to reduce side lobes levels by varying
the voltage configurations. As seen, the proposed antennas structures have a good beam
steering property which is highly effective to cover the spherical beam coverage.
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Figure 13. Current densities examples of 1D aperiodic arrays (half wave dipoles )that appeared on the
guide wave’s aperture and described by the basis functions (Guide’s modes) (Without convergence) at
the operating frequency f=5.4 GHz. The used physical parameters are:xy = Orad m~1, Bg = Orad m~1,
w = 1mm,§ = 0.75mm(w < Ay, 5 < Ag),dy = 27mm, dy = 108mm, L = % ~ 27mm,h = 1.25mm

and € = €, = 1 (air).
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Figure 14. Current densities 1D and 2D of aperiodic arrays’s examples (half wave dipoles ) that lying
on the guide wave’s aperture and described by the basis functions (guide’s modes) at the operating
frequency f=5.4 GHz. The used physical parameters are:xg = O rad m~!, By = Orad m~!, w =
1mm, é = 0.75mm(w < Ay, d < Ag),dx = 13.5mm, dy = 108mm, L = % ~ 27mm, h = 1.25mm and

€ = ¢, = 1 (air).
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Figure 15. Distribution of the electric density for (5x1) aperiodic phased half-wavelength planar
dipoles (with (1,0,1,0,1) voltage configuration) described with the basis functions (guide’s modes) at
f=5.4 Ghz (using EEEE electric walls).
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Figure 16. Distribution of the electric density for (5x1) aperiodic phased half-wavelength planar
dipoles (with (0,0,1,0,0) voltage configuration) described with the basis functions (guide’s modes) at
f=5.4 Ghz (using EEEE electric walls).
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Figure 17. Radiation pattern computed with a MoM-GEC method against the motifs number at the
operating frequency f=5.4 GHz (Periodic array)
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Figure 18. Radiation pattern computed with a MoM-GEC method against the periods at the operating
frequency f=5.4 GHz (Periodic array)
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Figure 19. E-and H-plane cuts of the radiation pattern computed with a MoM-GEC method at the
operating frequency f=5.4 GHz (Periodic array)
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Figure 20. Radiation pattern for distinct aperiodic configurations compared to periodic arrays using
electromagnetic and analytic formulations (MoM-GEC and analytic formulations )
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Figure 21. 3D Electronically scanned radiation pattern examples for distinct aperiodic array configu-
rations compared to periodic array using the electromagnetic calculation (MoM-GEC method):¢s =
0°,0; = 45° angles of steering
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4.2. Artificial Neural Network (ANN) Application

MoM-GEC method
applied for almost
periodic antenna

Collection and
preparation
of data

v

array (radiation pattern) / ANN
€
Y False
Antenna array Is the optimization
parameters criteria satisfied?
Feeds True
Decision

A 4
End

Figure 22. Flow diagram illustrating the numerical radiation pattern optimization using artificial
neural network algorithm

The diagram presented in the figure(22) resumes the applied process to generate

the optimized radiation pattern. Firstly, the necessary data collection is prepared for
training employing a numerical calculation obtained by the moment method combined
with an equivalent circuit, when the parameters of the almost periodic array structure are
given. Then, the architectural parameters of the default ANN model are established and, a
comprehensive analysis of the ANN training is carried out in order to develop a predictive
performance. To propose an optimal ANN representation of high performance and to
improve generalization capabilities of the ANN models, the early stopping (ES) method is
mainly used in ANN training [21].
In general, two frequently used ways to overcome the overtraining condition, i.e., to decide
when to terminate the training process, are the early stopping (ES) and regularization
methods. Early stopping (ES) is typically used because it is easy to be understood and
implemented and has been appreciated over the regularization methods. In order to utilize
the ES method, the existing data must be divided into three sets [18]:

1. The training set was used to determine ANN weights.

2. The validation set was used to check the ANN performance and decide when to stop
the training process.

3. The test set was used to assess the performance capabilities of the developed ANN
model.

Next, a more detailed explanation of the ES method is illustrated graphically in the figures
(23),(24)and (25). The methodology of the ES approach can be found in [18,21].

As seen in figures (24) and (25), a good accuracy improvement generalization of the nor-
malized radiation field is proven with the Early Stopping (ES) technique. However, an
artificial neural network (ANN) based on the ES method (Network with early stopping)
is able to generate very fast the results of synthesis compared to default artificial neural
network (ANN) (Network without early stopping) which requires much more CPU time
and memory. In consequence, the network with the ES method can better adapt to the test
data set with fewer divergences, so the early stopping feature can be used to prevent the
over adaptation of the network towards the training data.

To obtain the computation time acceleration, the difference in consumption time between
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the default training and training with the early stopping method (using the Levenberg algo-
rithm) is given in the table below (2). It shows that the time consuming of an early stopping
method is less than the time required for a default training (without early stopping).

Table 2. Time consumption learning presented on the overall progress of the artificial neural network
(ANN)

Training time consumed by the algorithm (seconds)

Default training (with levenberg algorithm) 126.863
Training with early stopping method (using
levenberg algorithm)

19.276

The numerical radiation pattern is data divided into three subsets:
Training set, Validation set and Testing set

0 A
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Figure 23. Radiation field is data divided into three subsets: Training set, Validation set and Testing
set. The parameters which chosen to simulate the suggested almost periodic array antennas are
«p = 0deg, Ny = 3 elements, and dy = 2A=108 mm

The Numerical Radiating Pattern Function Approximation with Early Stopping:
Improving Generalization with Early Stopping
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Figure 24. Radiation pattern function approximation with Early Stopping(ES): Improving Gener-
alization with Early Stopping (ES).The parameters which chosen to simulate the suggested almost

periodic array antennas are :¢p = 0 deg, Ny = 3 elements, and dy = 2A=108 mm (For periodic array
example)
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The Normalized Array Factor Function Approximation with Early Stopping:

0 Improving Generalization with Early Stopping (ANN output)
T T T T T .

T
Target : Numerical solution|
Without Early Stopping

= x= With Early Stopping

Normalized Array Factor (dB)

_45 | L | | 1 | L l L
-100 -80 -60 -40 -20 0 20 40 60 80 100

Figure 25. The ANN output as radiation pattern with Early Stopping(ES)( Improving Generalization

with Early Stopping (ES)): For (5x1) aperiodic phased half-wavelength planar dipoles with (10101)
voltage configuration

Table 3. Total CPU time (in seconds) used by electromagnetic calculation optimized through ANN

algorithm
EM calculation using ANN ANN with spatial MoM ANN with Floquet MoM
optimization coding coding
Elapsed CPU Time (in

2704.502344 1750.368348
seconds)

Following the table (3), the optimization and synthesis using ANN with Floquet
moment method [9,11,14] is favored than the ANN with the spatial method, when the used
motifs are considered coupled, because of the consumed CPU time of the modal analysis is
more efficient and short compared to the old spatial MoM.

As the elapsed CPU time, the used memory is proven and discussed in our previous work,
where the modal Floquet analysis remains more appreciated in comparison to the classical
spatial MoM [9,11,14].

4.3. Artificial Neural Network (ANN) Performance

When the training process and the application of Multilayer Neural Network are
complete, the network performance is checked and determines if any changes are needed
to be implemented into the training algorithm, into the network architecture, or the data
sets. It measures the network’s performance according to the mean of squared errors. The
accuracy of the artificial neural network (ANN) models is evaluated by the mean sum of
squared error (MSE) between the(targets, outputs) values for the training data set. A plot of
the training errors as shown in the following figure(26), respectively, the mean of squared
error of the aperiodic configuration is presented in (27). This training is stopped when the
training error increases against iterations to converge to the optimal solution. As clear, the
training process for the artificial neural network (ANN) model is determined at 31 training
epochs when MSE'’s best validation performance reaches the value of 0.12953 (Respectively,
for the aperiodic structure, the MSE best validation performance value is 0.59252 about at
11 training epochs). The early stopping technique is finished if the validation parameter
max fail reached a maximum 11 validation checks at epoch 40, with the gradient descent
value 0.27225 (Whereas the gradient decent value of the aperiodic structure is 0.0475 when
the max fail reached a maximum 11 validation checks at epoch 11), with reasonable Mu
value 1.00 which would cause the convergence of the network fast, as presented in the
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overall progress of the artificial neural network (ANN)[18,24,25].

The next validation step in the network is to create a regression plot showing the relationship
between the outputs of the network and the targets. If the training is perfect, the network
outputs and the targets would be accurately equal, but the relationship is rarely perfect
in practice. The dotted line in the training graph represents the perfect result: outputs
= targets. The solid line indicates the best-fit linear regression line between the outputs
and the targets. The R-value is an indication of the relationship between the outputs and
the objectives. If R = 1, this indicates that there is an exact linear relationship between
outputs and targets. If R is close to zero, there is no linear relationship between outputs
and targets. In this example, the training data indicates a good fit. The regression analysis
was performed in an artificial neural network (ANN) model then the network concludes
training. It is a statistical process for estimating the relationships between the output and
target of the network. The plot regression function takes two parameters (targets, outputs)
values and plots the linear. From all the presented graphs of the figure (28)(with the same
manner for the aperiodic antenna array), the best regression value for validating the data is
equal to R=0.99993 (Concerning the aperiodic array R=0.9958), regression value for testing
the data is defined as R=0.99996 (As for the aperiodic array R=0.99993 ), regression value for
training the data is defined as R=1 and overall regression value is R=0.99996 (as regards the
aperiodic array R=0.99857). This proves the developed model and the network procedure
of training, testing and validation are significantly valid [26].

Best Validation Performance is 0.12953 at epoch 31
10" E T T T T T T

Train
Validation
= Test
Best
- Goal

)

Mean Squared Error (mse)

10 = 1 1 1 | | 1 1 1
0 5 10 15 20 25 30 35 40
41 Epochs

Figure 26. Evaluation of mean squared error (For periodic array example)

Best Validation Performance is 0.59252 at epoch 11
T T T T T T -
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Validation | |
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Best
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3
T
m
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Mean Squared Error (mse)
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Figure 27. Evaluation of mean squared error (For quasi-periodic array example)
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Figure 28. Regression plot of network (For periodic array example)

5. Conclusion

This work is interested to synthesize the radiation pattern of the planar almost peri-
odic arrays including mutual couplings effects that developed and modeled by the known
moment method combined with Generalized Equivalent Circuit (MoM-GEC). This inves-
tigation uses a novel algorithm based on neural technique as a computational model to
occur the array pattern.

Many advantages are shown for synthesizing the calculated numerical radiation pattern
using Artificial Neural Network algorithm, for example, :

e Reducing the computing time and storage memory, especially by adopting the early
stopping method that eliminates the overfitting problem.

e Suitable to be used for a coupled and complex quasi-periodic configuration.

e Simple and easy for implementation than others optimization techniques (genetic,
LMS,...etc).

e Adaptable to complex electromagnetic calculations taking into account the effects of
mutual coupling.

This analysis is the starting basis for future work on neural network solutions for the
synthesis of non-uniform, irregular, and sparse antenna arrays.

For future research, other optimization techniques (genetic, LMS,...etc) are suggested to
be applied in complex almost periodic arrays to predict the desired radiation that can be
adopted to increase the gain and to scan the range by suppressing the sidelobe level (SLL).
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MoM-GEC  Method of Moment with Generalized Equivalent Circuits

FSS Frequency Selective Surfaces
EEEE Electric walls

EMEM Electric and Magnetic walls
EPEP Electric and Periodic walls
PPPP Periodic walls

1-D Uni-dimensional

2-D Two-dimensional

ANN Artificial Neural Network

GA Genetic Algorithm

ES Early Stopping technique

MLP Multilayer Perceptron

LMA levenberg-Marquart Algorithm
MSE Mean Squared Error

CPU Central Processing Unit

LMS Least Mean Squares algorithms
Appendix A

Midpoint Sums Approximating Double Integrals to calculate the far field [30]

In this work, the proposed double integrals of the far-field expressions are evaluated by
means of the midpoints sums approximation:

When .
Swn =Y. ) fw,opoxiy ~ [[ flxy)axdy (A1)
i=1j=1
With -
up=a+ %Ax (A2)
And
=p j__lll
[ (A3)

u; and v; are the midpoints of the ij-aperture subrectangle [x; 1, x;][y;-1Y;]-
Denote the midpoints of the ith x-subinterval and the jth y-subinterval (respectively),then
Ax and Ay are the m and n subintervals length of the waveguide aperture.

Appendix B
Matlab’s code to express the far-field (radiation pattern) cuts [29]
Here, the main Matlab code used to calculate the far-field expression (based on the Fourier

transform) that obtained by the moment method simplified by the equivalent circuit
(electromagnetic calculation): Matlab’s code to express the far-field (radiation pattern) cuts

Phi=0;

Theta=0;

a = 0; b =d.x; c =0; d=d_y;

m=8; n=12;

dx = (b — a)/m; dy = (d — ¢)/n;

i=1:m J=12:n;

u=a+ (1 — 1/2)=*dx;

v =c+ (J— 1/2)xdy;

[u,v] = meshgrid(u,v);

10 intgralmax=sum( sum(abs(calcul_E_{aperture} (u,v,A,Xs,alfa_moinsl,beta_moinsl))
11 .*kexp(li.xk.*((u.*xsin(Theta) .*xcos (Phi)+v.*xsin(Theta) .*sin(Phi)))) ))*dxx*xdy;
12 radiationmax=intgralmax;

13 Theta=—pi/2:pi/100:pi/2;

14 for j=1l:length (Theta)

15 Integral (j)=sum( ...

sum (abs (calcul_E_{aperture} (u,v,A,Xs,alpha,beta)) .xexp (1i.x*xk.x*

© ® N @ R w N e
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16 ((u.*sin(Theta(j)) .*cos(Phi)+v.*sin(Theta(j)) .*sin(Phi)))) ))*dxx*xdy;
17 En(j)=Integral(j)./radiationmax;

18 Edb(j)=20.*1ogl0 (abs(En(j)));

19 deg(j)=Theta(j).*180./pi;

20 value (j)=Edb(J);

21 end

2 figure,plot (deg,value, g );

Where Calcul E aperture (u,v,A,Xs,alpha,beta) is the radiating field calculated at the waveg-
uide’s aperture (discontinuity plane) through the moment method combined by the equiv-
alent circuit (as described in the figures 11,15 and 16).
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