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Abstract. In the paper, an original methodology for the
automatic creation of neural models of microwave structures is proposed and verified. Following the methodology,
neural models of the prescribed accuracy are built within
the minimum CPU time.
Validity of the proposed methodology is verified by developing neural models of selected microwave structures.
Functionality of neural models is verified in a design –
a neural model is joined with a genetic algorithm to find
a global minimum of a formulated objective function. The
objective function is minimized using different versions of
genetic algorithms, and their mutual combinations.
The verified methodology of the automated creation of accurate neural models of microwave structures, and their
association with global optimization routines are the most
important original features of the paper.
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1. Introduction
In the microwave frequency band, dimensions of
components are comparable to the wavelength. Therefore,
Maxwell equations have to be solved when analyzing microwave structures (so called full-wave analysis) [1], [2].
CPU-time demands of the full wave analysis are its
basic problem. In order to reduce CPU-time requirements,
artificial neural networks can be used: the neural network
is trained to provide the same results like the full-wave
analysis, and therefore, the numerical model can be replaced by the neural one [3]–[6].
CPU-time modest neural models can be combined
with genetic algorithms to perform the global optimization
of the designed structure [3]–[6]. While genetic algorithms
are well-described in the open literature, e.g. [7]–[9], the
methodology of creating neural models has not been published yet.

In section 2 of this paper, the proposed methodology
of creating neural models is described, and its application
is illustrated by developing the neural model of a frequency
selective surface (FSS). In section 3, the neural model of
FSS is associated with genetic algorithms to obtain a tool
for the global design. The section 4 concludes the paper.

2. Neural Design
Neural networks have been widely used in electronics
since middle eighties. Their development has been related
to the rapid grow of a potential computational power of
computers. In the area of microwave applications, neural
networks have been used for computing resonance frequency of microstrip antennas [10], modeling microwave
circuits [11], [12], computing effective permitivity of microwave lines [13], and many other applications. Nevertheless, the general methodology of their utilization has been
missing.
We have developed methodologies for creating neural
models of scatterers (represented by FSS), transmission
lines (represented by a microstrip in layered media), and
planar antennas (represented by a microstrip dipole). Common features of those methodologies have been extracted
into a general recipe [14].
The basic principles of the developed methodology
are demonstrated on modeling a FSS, which consists of
a periodic array of perfectly electrically conductive rectangular patches on an infinite substrate. Parameters of the
substrate are identical with the parameters of the surroundings.
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Fig. 1. Frequency selective surface.
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The described FSS is analyzed by the spectral domain
method of moments to build a training set. Input patterns
are created by doublets [b, B] where b is the width of the
rectangular patch and B is the width of the substrate cell
containing the patch (Fig. 1). Output targets are formed by
triplets [f1, f2, f3] where f2 is the frequency of the first maximum of the module of reflection coefficient, and f1 and f3
are frequencies of 3 dB decrease of the module of reflection coefficient. In analysis, we assume the Floquet mode
(0, 0), and the vertical polarization of the incoming wave.
The neural model is going to be built over the input
space b ∈ <1 mm, 7 mm> and B ∈ <10 mm, 22 mm>. Initially, the input space is roughly sampled using the equidistant sampling (the step length was set to 3 mm in our case).
Hence, the initial input pattern has consisted of 3 × 5 values. In the following steps, the sampling is refined in regions exhibiting an unacceptably high modeling error.
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The initial architecture of the feed-forward neural network has contained 2 hidden layers each having 4 neurons.
The network has been trained to provide the same results
like the full-wave analysis: the maximum number of cycles
has been set to 500, the desired accuracy to 10-6, and Bayesian regularization has been used for training (see Tab.
1.). Finishing the training, the model accuracy has been
tested by comparing network outputs and analysis results
for the sampling step 0.5 mm (thus, the input space is represented by the matrix consisting of 13 × 25 values). If an
unacceptably high modeling error is exhibited, the neural
network architecture is refined.
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Tab. 1. Results of searching the optimal neural network architecture using Bayesian regularization.

Let us assume that the optimal architecture of the
neural model has been found. This fact does not necessarily mean that the neural model provides results with the
training accuracy (column Accuracy Achieved in Tab. 1).
For input patterns, which differ from the training ones, the
modeling error might be much higher. The optimal architecture therefore means that the modeling accuracy is sufficient (below 5 %), and that the number of efficiently used
parameters of the neural network is within 50 % to 80 %.
For the optimal architecture of the neural model, further tests and improvements have been performed:
• The same architecture has been trained using Levenberg-Marquardt algorithm to refine network settings;
• The input set has been enriched by additional training
points in regions, where the desired accuracy has not
been reached (training has been repeated by both the
Bayesian regularization and the Levenberg-Marquardt
algorithm);
• A small number of neurons (one or two) has been
removed from the first hidden layer or the second one
to prevent over-training [16]–[18], and consequently,
the network has been trained with Levenberg-Marquardt algorithm;

Fig. 2. An error of the FSS neural model trained by Bayesian regularization, Δb = ΔB = 3 mm.

Fig. 3. An error of the FSS neural model trained by LevenbergMarquardt algorithm, Δb = ΔB = 3 mm.
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• The third hidden layer can be potentially added in between the already existing hidden layers to prevent
over-training [16]–[18], and consequently, the network has been trained with Levenberg-Marquardt.
Results of the tests are depicted in Fig. 2 for the Bayesian
training and in Fig. 3 for the Levenberg-Marquardt
training. Training results are expressed in the form of the
percentage cumulative error

c(b, B ) =

100
3

3

∑
n =1

~
f n (b, B ) − f n (b, B )
f n (b, B )

(1)

where f~n(b, B) is a frequency at the n-th output of the
neural model, and fn(b, B) denotes the frequency computed
by the numerical analysis of the frequency-selective surface. Obviously, the error is lower than 3 % in case of the
Bayesian training except of the region b ∈ <6 mm, 7 mm>
and B ∈ <10 mm, 12 mm>. Hence, this region has to be
sampled using a shorter sampling step, the training set has
to be enriched by new patterns, and the training has to be
repeated.
In case of the Levenberg-Marquardt training, there
are three regions, which have to be refined.
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Fig. 4. Methodology of the efficient creation of the neural models of microwave structures: the flowchart diagram of getting the optimal
architecture and training neural network model.
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Results of the tests (Figures 2 and 3) have been recorded,
and the algorithm for optimizing the network architecture
was generalized in the flowchart (Fig. 4). In this flowchart,
all the necessary steps for reaching the goal have been displayed.
A general conclusion for the neural network design
can be formulated as follows:
1. Create a basic architecture and optimize it using Bayesian regularization.
2. In case the model does not reach the desired accuracy:
A. Add extra points into the input pattern regions,
where the error is unacceptably high, and repeat
the Bayesian regularization.
B. Modify the neural network architecture (change
the number of hidden neurons) and re-train the
network using Levenberg-Marquard (LM).
C. Increase the number of input patterns by adding
extra points in between existing ones, and re-train
the neural model using LM algorithm.
In detail, the algorithm is depicted in Fig. 4.Following the
methodological flowchart, the neural model of FSS has
been developed with a prescribed accuracy. In section 3,
we describe its association with genetic algorithms in order
to obtain a tool for designing FSS.

the reflection coefficient f2 and its 3 dB decrease f1 and f3
on the desired frequencies. In order to speed up the design
process, the objective function is evaluated by calling the
neural model instead of the numerical analysis.
The genetic optimization was run with the following
parameters [7]–[9]:
• The number of individuals in each generation:
I = [10; 20; 50];
• The number of generations:
G = [20; 50; 200];
• Selection strategies:
o Population decimation,
o Tournament selection,
o Random combination of both selection strategies;
• Probability of crossover and mutation:
pc = [0.9; 0.7; 0.5], pm = [0.1; 0.5; 0.9];
• Maximum acceptable value of the objective function:
fmax = 0.05.
Results for each combination of parameters I, G, pc and pm
are given in Tab. 2. Considering the results obtained, the
following conclusions can be stated:

3. Genetic Algorithms

• I = 10 individuals in a generation, and G = 20 generations for an optimization run are sufficient. Probability of crossover pc = 10 to 50 %, and probability of
mutation pm = 10 % were optimal for designing FSS.

The genetic optimization is asked to find such dimensions b, B of the FSS (see Fig. 1) to have the maximum of

• No selection strategy wins, all strategies and their
combinations give satisfactory results.
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Tab. 2. The resultant minimum values of the objective function depending on different values of parameters I (the number of individuals in
a generation), G (the number of generations in a single run of the optimization), pc (probability of crossover), and pm (probability of
mutation) when frequency-selective surfaces were optimized applying tournament selection.

4. Conclusions
In the paper, the methodology of developing CPUtime modest and efficient neural models of microwave
structures has been proposed. The methodology has been
explained on an example of a frequency-selective surface.

In order to demonstrate the abilities of the neural model, we associated it with a genetic algorithm to design
a frequency-selective surface of prescribed properties. Results of the neural design were verified by the full-wave
analysis by the spectral domain method of moments with
a good correspondence (the declination below 5 %).
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The presented methodology was also verified on other
planar microwave structures [14]: a microstrip in layered
media represented microwave transmission lines, and a planar dipole on various substrates represented microwave
antennas. Also here, the declination of the neural modeling
was below 5 % compared to the full-wave analysis.
In our research, we concentrated on feed-forward
neural networks. The further development is planned to be
focused on different types of neural networks – recurrent
ones, and radial basis ones.
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