
Characterization of Microwave Filters Using
Machine Learning Techniques

Clara Iglesias Tesouro and Valentı́n de la Rubia
clara.iglesias.tesouro@upm.es, valentin.delarubia@upm.es
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Abstract—The characterization of the frequency response of
microwave filters has traditionally been carried out through
rigorous analysis and simulations based on theoretical models,
which can be complex and time-consuming.

By training neural networks on input-output pairs obtained
from filter measurements or simulations across a range of
frequencies, the model learns to accurately predict the response
of the filter for unseen inputs. This methodology offers several
advantages over traditional methods, including faster analysis,
reduced computational complexity, and the ability to handle
complex filter responses.

In this work, we use Machine Learning techniques for the
characterization of microwave filters. In particular, we propose
a neural network which is able to estimate S and Z-parameters
for a given frequency band, taking as input the dielectric material
parameter configuration of the microwave filter.

I. INTRODUCTION

The characterization of microwave filters plays a fundamen-
tal role in the field of communication systems. This behavior
is studied through the transfer function of the filter, usually by
means of the scattering parameters or even by means of the
impedance parameters. The understanding of these parameters
as a function of frequency gives us a complete description of
the filter response to an input signal, selective attenuation, and
other key aspects of its performance.

To obtain these parameter descriptions, the most com-
monly used methodology today involves the resolution, using
numerical methods, of Maxwell’s equations, applied to the
electromagnetic device under analysis. This procedure can
sometimes require high computational capabilities, which lead
to slow and costly computing processes.

Machine Learning techniques offer an alternative solution
to this problem [1]–[7]. The design of a suitable neural
network, and its subsequent training with already known
responses from a filter, could provide information from other
similar filter responses. In this way, the network learns how
the frequency response (either S or Z-parameters) changes
with a small variation in the filter material or geometry
(characterized throughout different parameters), providing the
complete description of a new filter without the need to solve
Maxwell’s equations over and over again.

In this work, we consider the case of an inline dielectric
resonator filter, proposed in [8] and shown Fig. 1. The aim is
to design a neural network that, after training it with known
filter frequency responses, is capable to predict new responses
as a result of small physical variations in the filter. This work
is structured as follows. Section II presents the samples that
will be used in our study and explains how the data will
be treated for training, validation and testing of the neural

Fig. 1. Inline dielectric resonator filter proposed in [8].

Fig. 2. |Z11|, |Z12|, |S11| and |S12| parameters for different sample points
(ε1, ε2), obtained from FEM simulations.

network. Sections III and IV analyze the behavior of S and
Z-parameters with frequency and permittivity variation and
show the results obtained from the training of the proposed
neural network. Finally, in Section V, we comment on the
conclusions.

II. PROBLEM STATEMENT

A sixth order inline dielectric resonator filter, designed
in [8], consisting of two triplets in corresponding separate
metallic cavities is taken into account. The dielectric materials
within each metallic cavity, with relative dielectric permittivity
values ε1 and ε2, respectively, are taken into account as
parameters. The geometrical 3D model depicted in Fig. 1 and
material characteristics of the dielectric resonator filter have
been developed within Gmsh software [9]. In addition, this
software provides a tetrahedral mesh of the filter 3D model.
Subsequently, Maxwell’s equations are solved for this mesh



using the finite element method (FEM), and a reduced-order
model (ROM) is used for fast frequency sweep, as detailed in
[10]. As a result, the frequency response of the filter can be
obtained with ease, either in S or Z-parameters.

For neural network processing [1], [2], [6], [7], we have 500
samples of (ε1, ε2) parameters that have been generated with a
2D Latin Hypercube sampling in the [76.5, 77.5]×[76.5, 77.5]
parameter range. For each pair of permittivities, the response
in Z and S-parameters, as a function of frequency, have been
obtained in the [2.15, 2.19] GHz band. Specifically, 4001
frequency points have been mapped for each sample point
(ε1, ε2). One has, therefore, 4001×500 examples of frequency
responses of a dielectric resonator filter, for different physical
configurations and frequencies. Some of these examples are
plotted in Fig. 2.

With these samples, we want to train a neural network
which, from an input I = {ε1, ε2, fi}, estimates a response
O = {Z ′

11, Z
′
12, Z

′
21, Z

′
22}, or else O = {S′

11, S
′
12, S

′
21, S

′
22}.

That is, for a given material configuration, the response in the
desired frequency band will be predicted by the appropriately
trained neural network.

As mentioned, the study of the frequency response can be
done through S or Z-parameters. Both are a rational function
of frequency, but S-parameters have a smoother behavior
along frequency and with permittivity values.

The treatment of each group of parameters will be devel-
oped separately in Sections III and IV. For both cases, a total
of 2000500 samples are available. Of these, 1600400 (80%)
are dedicated to network training, of which 160040 (8% of
the total) are reserved for validation. The remaining 400100
samples are reserved for testing network learning.

III. SCATTERING PARAMETERS PREDICTION

In this Section, the aim is to obtain the S-parameters
considering as input variables the permittivities (ε1, ε2) and
a given frequency fi.

A. Data Analysis

Before designing an architecture for the network and setting
the appropriate hyperparameters, it is convenient to analyze
the behavior of our data. It has already been seen, in Fig. 2,
that S-parameters have a smooth behavior with frequency.
In Fig. 3, the absolute values of these parameters, in linear
scale, are plotted for each sample (ε1, ε2) at some specific
frequencies. It can be seen that, as the frequency increases in
the given interval, the minimum of |S11| (maximum of |S12|)
occurs for increasing values of the pair (ε1, ε2).

B. Results

As a first test, a network is trained such that, for a fixed
frequency fi, is able to predict the response in S-parameters
as a function of (ε1, ε2).

Figs. 4 and 5 show the estimated S-parameters at f = 2.15
GHz and f = 2.17 GHz, respectively, made by a neural
network with 4 dense layers of 16 neurons and 4 dense layers
of 32 neurons. Each neuron is activated with the activation
function relu. The network has been trained for 3000 epochs
and batch size was set to 8.

Samples used in the neural network test were not part of
the training, so the network can be considered to have made

Fig. 3. |S11|, |S12|− (ε1, ε2) relations for several frequencies. S-parameter
matrix is symmetrical and |S11| = |S22| y S12 = S21.

Fig. 4. Estimated S-parameters versus real ones at f = 2.15 GHz, for
different pairs (ε1, ε2).



Fig. 5. Estimated S-parameters versus real ones at f = 2.17 GHz, for
different pairs (ε1, ε2).

good predictions of cases that it had not seen before. Train and
validation loss function, measured with mean squared error
class, were 8.0 · 10−7 and 3.3 · 10−7, respectively, for the
training with samples at f = 2.15 GHz, and 0.021 and 0.019
for that with samples at f = 2.17 GHz.

IV. IMPEDANCE PARAMETERS PREDICTION

In this Section, the same treatment as in the Section III will
be carried out for the case of Z-parameters.

A. Data Analysis

It can be seen in Fig. 6 how the relation of the response with
the material parameters is not smooth enough. As depicted in
Fig. 2, Z-parameters have a sharper frequency behavior since
the poles of a lossless system lie on the frequency axis, and
therefore also with permittivity parameters.

B. Results

Z-parameter predictions resulting from the same neural
network architecture used in Section III, trained with the
appropriate data, are shown in Figs. 7 and 8 in the respective
cases of f = 2.15 GHz and f = 2.17 GHz. This time, the
training also lasted 3000 epochs and batch size = 8. In the first
case, loss function was 0.0015 and validation loss function
was 0.00093. In the next case, loss function was 0.0017 and
validation loss function was 0.0011.

Fig. 6. Z11, Z12, Z22 − (ε1, ε2) relations for several frequencies. Z-
parameter matrix is symmetrical so Z12 = Z21.

Fig. 7. Estimated Z-parameters versus real ones at f = 2.15 GHz, for
different pairs (ε1, ε2).



Fig. 8. Estimated Z-parameters versus real ones at f = 2.17 GHz, for
different pairs (ε1, ε2).

V. CONCLUSIONS

In this work we have presented a simple neural network
that can make a first approximation of the response of a
dielectric resonator filter with different material configurations
at specific frequencies. It is then reaffirmed that Machine
Learning techniques are a promising alternative to current
simulation methods for the characterization of microwave
filters.

This work has only been a first step towards complementing
simulations with artificial intelligence approaches for design
purposes. With sufficient samples, a similar neural network
could be trained to obtain predictions over an entire frequency
band of interest.
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