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Abstract—The radiation pattern (RP) specification is an im-
portant graphical representation of diverse quantities such as
directivity, gain, or electric field/power density in various antenna
designs. Hence, optimizing the RP will effectively influence the
overall performance of any communication system. calculating
the RP in both the E-plane and H-plane is time-consuming
and requires additional effort with simulations, since the cal-
culations require the knowledge of the surface current on the
overall structure. To tackle this drawback, we propose impressive
methodologies for achieving the RPs through neural network-
based approaches: generative adversarial network (GAN), and
long short-term memory (LSTM)-based deep neural network
(DNN). These two networks are strong enough to predicting
the RP specifications at specific frequencies. To prove the ef-
fectiveness of the proposed method, a frequency-selective surface
structure operating at the X-band is designed and afterward,
the RPs are predicted through the two proposed networks (i.e.,
GAN and LSTM-based DNN) at 10.5 GHz which shows good
agreement.

Index Terms—Antenna, deep neural network (DNN), fore-
casting, generative adversarial network (GAN), long short-term
memory (LSTM), radiation pattern (RP).

I. INTRODUCTION

Antennas are fundamental components used for various

applications such as remote sensing, satellite communications,

radio frequency identification, and wireless power transfer [1],

[2]. For modern wireless communications, electromagnetic

(EM) optimizations are taking the attention of antenna de-

signers leading to achieving the optimal solutions in terms of

specifications such as S-parameters, radiation patterns (RPs),

gain, and so on. Hence, optimizing antennas is required to get

highly directional performances [3]. Recently, various studies

have been reported that focus on the optimization methods

used for antenna designs.

In [4], a convex relaxation iterative optimization is em-

ployed as a solution for grating lobe suppression in antenna

designs. The Pareto optimization method is applied in [5]

for designing the elements of an antenna array along with

their feed weights. For sideband radiation suppression, in

[6] a methodology as the probability-based time-modulated

array is presented to achieve suitable RPs. For reconfigurable

multiple-input multiple-output (MIMO) antenna array, in [7] a

sequential optimization framework with manifold optimization

and eigenvalue decomposition is presented for obtaining max-

imization pattern design. In another study, [8], the excitation

optimization technique is employed for enhancing the array

isolation. The dynamic convex optimization is employed in

[9] leading to array synthesis and providing a good initial

starting point. For sparse conformal arrays, an improved

snake optimization is presented in [10] for the beamform-

ing design with the targets of decreasing the array element

number and obtaining the best sparse array structure. There

are various reported EM-based optimization methods in recent

years which are mostly time-consuming and require massive

analyses [11]. To tackle these drawbacks, machine learning

(ML) methods for accelerating the optimization process and

facilitating complicated design steps prove their effectiveness

recently [12], [13].

This work is devoted to presenting two effective neural

networks (NNs) based methodologies leading to the prediction

of the RPs in both E and H-planes. Here, the generative

adversarial network (GAN) and also long short-term memory

(LSTM)-based deep neural network (DNN) are presented

for being trained and for estimating the RPs at the specific

frequency(ies). The effectiveness of the presented method is

validated by first designing a frequency selective surface (FSS)

structure and then training two determined NNs for estimating

E-plane and H-plane RPs at 10.5 GHz frequency. The accura-

cies of trained networks are validated by making comparisons

with the simulation results. This paper is organized as follows:

Section II presents the methodology for predicting the RPs at

the specific frequency(ies). The presented methods are verified

in Sec. III by designing and optimizing an FSS structure and

predicting the RPs for this configuration. Finally, Sec. IV
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Fig. 1. General configuration of GAN.

concludes this work.

II. TWO NN-BASED METHODS FOR PREDICTING RPS

As previously mentioned, extraction of RPs in both E-plane

and H-planes especially for high-dimensional designs is time-

consuming and needs additional effort. For this case, this

section is devoted to presenting a new paradigm leading to the

prediction of the RPs with two NN-based methods: 1) GAN

network to predict the RPs based on the previously defined

RPs at various frequencies through extracted RP images, 2)

LSTM-based DNN leads to estimate RPs based on the inserted

S11 specification.

A. GAN network

The general structure of GAN is depicted in Fig. 1 includes

the generator network and the discriminator network. In this

DNN-based network, random vectors are the input for the

generator network leads to having data namely as ’training

data’. With the help of this training data and also the produced

data from the generator, the discriminator network estimates

labels (either real or generated). For training an accurate

network and verifying the accuracy in terms of the loss func-

tions, parameters such as filter Size, number of filters, dropout

probability, along a number of epochs must be optimized and

determined here we use a ’rule of thumb’ method for defining

these ones. With the help of this network, the RPs of any

antenna can be predicted for the determined frequency.

B. LSTM-based DNN

The presented LSTM-based DNN in Fig. 2 is another

solution for estimating the RPs in both E and H planes. Here,

the S11 specification is the input data and the RPs are the

output specifications that are estimated by the trained DNN.

Like the GAN, the ’rule of thumb’ can be used for determining

the number of hidden layers with the number of neurons in

each one. In this kind of network, the type of hidden layer is

LSTM.

III. PRACTICAL IMPLEMENTATION OF PROPOSED

METHODS

The proposed NN-based approaches are validated by design-

ing and optimizing an FSS structure operating at the X-band.

This configuration is used for predicting the RPs at a specific

frequency (here, 10.5 GHz) [14]. This section is devoted to
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Fig. 2. LSTM-based DNN for predicting the RPs.

presenting the practical simulation results achieved from GAN

and LSTM-based DNN leads to estimate the RPs.

The general structure of the designed FSS is depicted in

Fig. 3. Here firstly a circular patch is designed and afterward,

it is divided into sub-sections. The design parameters of

the configuration (i.e., geometric parameters) are optimized

with the help of a genetic algorithm (GA). The employed

optimization method (i.e., GA) will result in optimal variables

starting from the smallest circular shapes with a diameter of

2 mm and thickness of 0.5 mm. Then, the next circle shape

is enlarged in size with a coefficient of 2. The configuration

is executed on FR-4 with relative permittivity εr=4.1 and

of thickness of 0.5 mm for which L2=36 mm, W1=18 mm,

and L1=17.5 mm. The S11 performance representation for the

designed FSS is presented in Fig. 3 operating as follows: 5.70-

5.92 GHz, 7.23-7.52 GHz, 8.24-8.70 GHz, 9.10-9.59 GHz,

10.23-11.05 GHz, and 13.57-13.75 GHz, respectively.
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Fig. 3. Structure of FSS employed for training GAN and LSTM-based DNN.

The important step for training any NN is the generation of

a suitable amount of training data. For this case, the design

parameters of the designed FSS is iterated randomly and for

each condition specifications in terms of S-parameter (here,

S11) and RPs are achieved. In total 700 RP-based images are

extracted for training the GAN and 1000 data are extracted for



Fig. 4. S11 performance of designed FSS configuration.
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Fig. 5. Accuracy of trained GAN (right) and RMSE representation of trained
LSTM-based DNN (left) for the designed FSS structure.
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Fig. 6. RPs for designed FSS at φ = 0 (left), and φ = 90◦ (right).

constructing the LSTM-based DNN. In the trained GAN, 64

filters are used for both generator and discriminator networks,

also the filter size is defined as 5. For the designed FSS, two

NNs are trained and the accuracy of trained GAN in terms of

the epoch is depicted in Fig. 5-(left). From another point of

view, the root mean square error (RMSE) specification is used

for presenting the accuracy of the constructed DNN which

shows that a 0.087 value is achieved for the trained DNN

with 3 hidden layers and 300 neurons in each one, as Fig.

5-(right) shows.

With the trained GAN and LSTM-based DNN, the RPs for

both E-plane and H-plane are depicted in Fig. 6. Here, for

various frequencies, the RPs are extracted and for 10.5 GHz

the RPs are predicted by the GAN and LSTM-based DNN. It

is observed that the outcomes achieved from simulation and

predictions at 10.5 GHz show a good agreement.

IV. CONCLUSIONS

In this work, two methodologies for predicting the RPs are

presented — GAN and LSTM-based DNN. For the GAN

structure, a suitable amount of RP-based images and for

LSTM-based DNN, frequency-based outcomes in terms of S11

must be prepared leading to training the networks. The trained

networks predict the RPs at the determined frequency(ies)

which saves the long-time simulations and helps the designers

to extract results much faster. The proposed method is vali-

dated by designing and optimizing an FSS structure for which

RPs are predicted at the specific frequency and shows great

agreement with the simulation results.
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