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Abstract: In this work, a computationally efficient method based on data-driven surrogate models
is proposed for the design optimization procedure of a Frequency Selective Surface (FSS)-based
filtering antenna (Filtenna). A Filtenna acts as a module that simultaneously pre-filters unwanted
signals, and enhances the desired signals at the operating frequency. However, due to a typically
large number of design variables of FSS unit elements, and their complex interrelations affecting
the scattering response, FSS optimization is a challenging task. Herein, a deep-learning-based
algorithm, Modified-Multi-Layer-Perceptron (M2LP), is developed to render an accurate behavioral
model of the unit cell. Subsequently, the M2LP model is applied to optimize FSS elements being
parts of the Filtenna under design. The exemplary device operates at 5 GHz to 7 GHz band. The
numerical results demonstrate that the presented approach allows for an almost 90% reduction of the
computational cost of the optimization process as compared to direct EM-driven design. At the same
time, physical measurements of the fabricated Filtenna prototype corroborate the relevance of the
proposed methodology. One of the important advantages of our technique is that the unit cell model
can be re-used to design FSS and Filtenna operating various operating bands without incurring any
extra computational expenses.

Keywords: metamaterials; optimization; deep learning; frequency selective surfaces; filtering antenna

1. Introduction

Metamaterials are materials that are artificially engineered by humans. The word itself
is derived from the Greek ‘meta’ meaning ‘beyond’ and the Latin ‘materia’, which stands
for ‘material’. Metamaterials exhibit unusual properties that are generally different from
their base materials occurring in nature [1]. In the realm of high-frequency electronics, they
are often realized as a composition of materials such as metal and plastic to form elementary
(or unit) cells. These are placed in a specific pattern, depending on the wavelength of the
applications they are being devised for. The properties of metamaterials depend on the
geometry/material parameters of the unit cells, their placement pattern, and orientation.
Metamaterials possess remarkable properties that help manage electromagnetic waves by
bending, absorbing, blocking, or increasing them and resulting in far better performance
of the devices they are incorporated into as compared to those achievable with traditional
materials [2,3].
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With the phenomenal growth of mobile communication technology, there has been a
similar increase in the electromagnetic interference of signals. For example, GSM signals
create widespread interference in equipment used in locations such as hospitals, military
workplaces, and railways [4–6]. This may lead to damage and operating issues for the
affected equipment. Studies on the subject have shown that the most significant electro-
magnetic interference is due to GSM 900/1800 bands [7,8].

The upsurge in the usage of multifunctional modules has led to the development of
filtering antennas (referred to as filtennas). These act as pre-filtering systems for multifunc-
tional units. A communication system that includes a sensitive receiver has, at its front end,
a band-pass RF filter. The filter separates the superfluous signals present out of the band
from the signals needed for the system operation. When the antenna and the band-pass
filter are combined into a single module enabling a pre-filtering process, filtering out of
redundant signals becomes possible, even when these are stronger than the desired ones.
The pre-filtered signal at the input stage will thus improve the signal-to-noise ratio in the re-
ceiver, enhancing the performance. At the same time, it will make the system more efficient
and compact. Recent advancements in this field have examined the amalgamation of filter
and antenna functions. One of the antennas with a built-in filter has been devised by using
dual-post resonators [9]. Another study suggests a filtering antenna realized by a Substrate
integrated waveguide structure [10]. Other studies investigated the employment of filters
and microstrip patches in single-layer or multilayer substrates [11–13]. Frequency-selective
surfaces (FSSs) constitute a class of meta-materials that may be one- or two-dimensional
structures implemented on a dielectric substrate. They can be used in various applications
such as the design of radomes, polarizers, beam splitters, and reflector antennas. They
can also be used as radar absorbers. FSSs are especially useful for military purposes in
aircraft, missiles, and ships where they can be used in antennas and for radar cross-section
(RCS) reduction. The popularity of FSSs has increased tremendously with the burgeon-
ing of communication systems. Strong electromagnetic interference (EMI) can seriously
affect and damage electronic devices used for communication systems and necessitate
the employment of anti-interference means. To achieve this, communication systems are
amalgamated with FSSs. Despite their increasing popularity, there are surprisingly few
studies conducted on the subject of the integration of antennas and FSSs. The very first
mention of this technique can be found in [14]. However, therein it was used to boost the
antenna radiation efficiency and was referred to as an artificial magnetic conductor for
its use as a material with high impedance. Other studies have discussed multilayer FSS
integration with open-end wave-guide radiator arrays but these specifically examine only
the filtering ability of the integrated module [14–18].

Metamaterials have the disadvantage of possessing unwieldy configurations. Fabrica-
tion of these materials can also be a complicated process. However, researchers have found
a way around this disadvantage by using metasurfaces to achieve the same manipulation
of the front of an electromagnetic wave [19]. Metasurfaces are akin to metamaterials and
feature a similar 2D design. They are made of unit cell elements laid out in a stipulated pat-
tern that helps manipulate electromagnetic waves with innate properties such as negative
refraction [20]. Another advantage of metasurfaces is that they are capable of prolonging
the π phase span of an electric resonant plane, leading to a phase modulation of nearly 2π.
As stipulated by the Huygens principle, this allows the wave-front to be deployed fully;
both electric and magnetic surface currents are manipulated resulting in unidirectional
scattering. Optimum efficiency is thus achieved in the transmission due to the manipulation
ability of metasurfaces [21,22].

As mentioned earlier, FSSs have gradually become the structures of choice for com-
munication systems in applications that require high-quality co-polarization with a low
cross-polarization level over broad ranges of frequencies [23,24], especially for radars
and antennas in military platforms such as aircraft, ships, and missiles, where it is im-
perative that they are not impacted by unnecessary external signals [25,26]. A powerful
electromagnetic interference (EMI) can seriously affect electronic devices, even to the point
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of destroying them. Therefore, an anti-interference element is crucial for the optimum
operation of communication systems. This makes the integration of antenna and FSSs
advantageous. Such a device can be designed as a single filtering antenna unit [27,28].
FSSs can also be printed on conductive materials or even the wall of the system itself
by inserting another layer of printed or etched FSS pattern on the isolation material. A
number of studies have examined various techniques of shielding GSM signals that are
based on Double Square Loop (DSL) and double ring components [25,26]. There have
been numerous other recommendations as well. One of these suggests the utilization of
passive FSS designs within integrated modules whereby they can be used as a coating on
the energy-saving glass. This approach may permit a selection of frequencies to be passed
through while filtering out the unwelcome ones [29,30].

Designing a high-performance filtenna is a challenging undertaking. Filtennas need to
exhibit high performance in various aspects such as appropriate allocation of the operating
bands and their enhancement levels (regardless of whether they are single, dual, multiband,
or ultra-wideband). In addition, filtenna development has to account for the structure
size and to ensure low manufacturing costs. At the same time, the devices should be
versatile to permit diverse applications [31]. A full-wave electromagnetic (EM) analysis
is an indispensable design tool as it allows for precise characterization of the antenna
structures. However, EM is computationally expensive, especially when combined with
numerical procedures such as tolerance analysis or optimization. This aspect somewhat
undermines the benefits of EM simulation as a reliable evaluation engine. A workaround
for the high-cost issue is the incorporation of data-driven surrogate modeling methods.
This approach has proven successful as a low-cost alternative for designing high-frequency
systems in various contexts such as optimization of scattering parameters [32,33], reflection
phase of reflectarray antennas [34], or design of microstrip filters [35]. The mentioned
design procedure involves various Artificial Intelligence (AI) regression techniques, for
instance, polynomial approximation, kriging, Support Vector Regression (SVR), Artificial
Neural Networks (ANNs), and Deep Learning (DL) [36]. These methods are used to render
an accurate mapping between the input space of the model and the targeted outputs.

This study employs data-driven surrogate modeling to enable low-cost design op-
timization of unit elements of FSS for the development of a filtenna. The objectives are
to ensure a high radiation performance but also to maintain a small size, thereby ful-
filling the space-related constraints of the target application. The training data samples
for surrogate model construction are obtained from the 3D EM simulation model of a
unit FSS element. The model input includes the operating frequency, geometrical design
variables, and the radiation direction. The scattering parameters of the FSS unit cell are
the model outputs. The hyper-parameters of the surrogate are identified using Bayesian
Optimization (BO). Given the surrogate, the optimum design variables of the proposed
filtenna are obtained using the Honey Bee Mating Optimization (HBMO) procedure directly
optimizing the data-driven model. The goal is to develop an FSS unit element that can be po-
sitioned perpendicularly on the aperture of a horn antenna as a band-stop pre-filter for the
5-to-7 GHz frequency band. The numerical results demonstrate considerable (almost 90%)
design speedup achieved with the proposed surrogate-assisted approach as compared to
direct EM-driven design. Whereas, experimental validation of the filtenna corroborates
the adequacy of the complete design procedure. One of the important advantages of the
proposed technique is that the surrogate model rendered for optimization of the specific
filtenna considered here may be re-used without incurring any extra computational to
develop other designs, e.g., operating at different frequency bands.

2. Data-Driven Surrogate Model of Frequency Selective Surface Unit Element

Figure 1 shows a proposed 3D-printable unit element of the FFS. The material of
choice is Polylactic acid (PLA) 1.75 mm 3D printing filament [37] featuring a dielectric
constant of 2.4. Design variables of the cell and their ranges have been gathered in Table 1.
A parametric analysis of the variables can be found in Figure 2. It can be noted that all
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variables have significant effects on the resonant frequency of the element. To obtain
the optimal design variables for a specified scattering parameter response, simultaneous
optimization of the parameters is imperative, which has to be conducted in a global sense.
However, direct EM-driven is extremely expensive in computational terms. In this work,
to reduce CPU costs, Artificial Intelligence (AI)-based regression models are employed.
The prerequisite for maintaining low costs is that both the training and test (holdout) data
sets must be reasonably small. Here, the model is constructed using 500 Latin-Hypercube
Sampling (LHS)-generated training samples and 100 hold-out samples. Each of the samples
is a vector of scattering parameters evaluation within the frequency range from 2 to 10 GHz
with the step of 0.1 GHz. To reduce the total number of design variables/dimensions of
the problem, some of the design variables are taken as constant or are functions of other
variables as follows: L = W, L1 = 0.9L, W1 = 0.9W − 2L2.

For comparison, a number of state-of-the-art modeling methods are used: (i) Multi-
Layer Perceptron, (ii) Support Vector Regression Machine, (iii) Gradient Boosted Tree;
(iv) Keras Deep Residual Neural Network (NN) Regressor, (v) Gaussian Process Regres-
sion(vi) Modified Multi-Layer Perceptron (M2LP) [38]. All these methods are used to
construct behavioral models of the FSS unit cell scattering parameters with respect to the
design variables defined in Table 1. The predictive power of the model is measured using
the Relative Mean Error (RME)

RME =
1
N

N

∑
i=1

|Ti − Pi|
|Ti|

(1)

where Ti and Pi stand for the target and model-predicted value of ith sample, whereas N is
the total number of samples.
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Figure 1. Schematic views of the proposed 3D FSS unit element. 

Table 1. Design variables of the FSS unit element and their lower and upper bounds in [mm]. 

Parameter  Lower Boundary  Upper Boundary 
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Figure 1. Schematic views of the proposed 3D FSS unit element.

Table 1. Design variables of the FSS unit element and their lower and upper bounds in [mm].

Parameter Lower Boundary Upper Boundary

H 1 20
H1 0.5 3
L2 0.5 5
W2 1 10
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Figure 2. Parametric analysis of the FSS unit element for: (a) |S11| (as a function of H); (b) |S11| (as
a function of H1); (c) |S21| (as a function of L2); (d) |S21| (as a function of W2). All the variables
are taken as constant values while the selected one is swept, H = 10.5, H1 = 2, L2 = 2, and W2 = 4, all
variables are in [mm].

The results shown in Table 2 are based on K-fold cross-validation (K = 5). While the
K-fold is used to identify the best model based on the training process, the holdout data set
is used to estimate the over-fitting performance of the surrogates. The hyper-parameters
of the models are determined using Bayesian Optimization with maximum objective
evaluations epoch set to 30. Based on data in Table 2, although the best performance is
achieved by the FCRM surrogate model (4.1% hold-out error), the required training time
for the model and its optimization is more than twice the time for the M2LP surrogate
model, which achieves a hold-out error of 4.7%. Both models exhibit a similar error rate
of less than 5%, both according to cross-validation and the hold-out test, which suggest
that they are not only well-trained but also not over-fit. Thus, in overall performance
comparison, the M2LP model is evaluated as a better solution from the perspective of
overall computational efficiency. Here, it is worth mentioning that there are other types
of approaches for modeling FSS unit elements such as the usage of equivalent circuit
models [39] or physics-based models [40]. However, these methods have major limitations.
They are computationally intensive, which prevents their direct use for circuit design. In
most cases, it is inevitable to introduce simplifying assumptions in order to make the
model computationally tractable [39]. Consequently, in this work, to ensure computational
efficiency, a Deep-Learning-based surrogate modeling approach is taken into consideration,
which exhibits excellent generalization capability even when working with small amounts
of data. Consequently, the M2LP model will be employed for filtenna design as elaborated
on in Section 3.
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Table 2. Performance comparison of data-driven surrogate models.

Model Hyper-Parameters K-Fold/Holdout Total Training
Time [Minutes]

MLP Hidden Layer size-2; Hidden Layer Neurons
sizes 15–20; Activation function sigmoid 6.0%/7.5% ~17.5

SVRM Kernel-function: Radial, Type:
Epsilon, Epsilon: 0.1. 6.4%/8.1% ~14.0

Gradient Boosted Tree Learning-rate = 0.045; Depth: 5;
N. estimators: 4800 7.6%/8.4% ~8.5

Keras Deep Residual
NN Regressor N. Layers:2; N. Neurons: 512–512 4.6%/5.4% ~27.0

Gaussian Process Regression
Kernel-function: ard-matern3/2;

Prediction-method: Block-coordinate-descent;
block-size: 750

5.4%/6.2% ~27.0

M2LP Depth: 3, initial Neuron N.: 64 3.9%/4.7% ~21.0
Convolutional

Neural Networks N. Layers:3; N. Neurons: 64–128-256 4.3%/5.2% ~29.0

FCRM [36]
Block size = 3;

Sublock = Fully Connect + Leak ReLU
Sublock neurons Number = {256, 1024, 1024})

3.2%/4.1% ~42.5

3. Surrogate-Assisted Design Optimization of Filtenna

In this section, the M2LP surrogate model is used for the design optimization of
the filtenna. The search engine is the Honey Bee Mating Optimization [41] (HBMO),
a meta-heuristic algorithm based on the mating strategy of Honey Bees. HBMO is a
population-based procedure capitalizing on the evolutionary algorithm principles. In this
particular routine, the fittest individual (candidate solution) becomes the Queen Bee. The
quality of design corresponding to a particular individual (parameter vector) determine
the fertility rate of the Queen Bee or queen candidates. At each generation, the quality of
the newly created individuals is compared to that of the Queen. The superior individual
becomes the new Queen itself, affecting the creation of new individuals for the subsequent
iteration. This outline corresponds to the global part of the optimization process. The
operating details of the algorithm can be found in the literature [41]. Another parameter
that significantly affects the fitness of Queen Bees is “Royal Jelly”. This nutrition can
extend the life of a common bee from thirty days to two years which is the key to a bee
becoming a Queen. This phenomenon also is being used in the HBMO protocol to foster
local optimization. Thus, HBMO is a hybrid search protocol that combines both global and
local searches for finding the optimal solution to the problem.

It should be mentioned that although a selection of the optimization protocol is
generally important, in our particular case, it is of secondary relevance. Having a fast
surrogate model, any global search procedure can be used and set up with an essentially
unlimited computational budget. With a model evaluation time of about 1 ms, even
hundreds of thousands of objective function evaluations would not entail meaningful costs
as compared to even a single EM analysis of the FSS unit cell. On the other hand, direct
EM-driven optimization is normally prohibitive. The EM simulation time of the unit cell
in our case is around 1 min. With a computational budget of, say 5000 objective function
evaluations (still rather conservative), the CPU time of the search process reaches 80 h.

The objective function utilized to optimize the FSS is defined as follows:

x∗= argmin
x

[w1C1(x) + w2C2(x) + w3C3(x)] (2)

where
C1(x) = min{ f ∈ [ fc2, fc3] :|S11(x, f )|} (3)
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C2(x) = min{ f ∈ [ fc1, fc2] :|S21(x, f )|} (4)

C2(x) = min{ f ∈ [ fc3, fc4] :|S21(x, f )|} (5)

Here, x is the vector of design variables of x= [W1 L1 S1 H2]T. [fc2, fc3] is the target
operating band, whereas [fc1, fc2] and [fc3, fc4] are the rejection bands, where the transmis-
sion coefficient is to be minimized. [w1, w2, w3] are weighing coefficients to adjust the
importance of the terms Cj, j = 1, 2, 3. Here, we put equal weights, i.e., wj = 1, j = 1, 2, 3.
The C1 and C3 determine the worst-case transmission for the frequency ranges [f c1, f c2]
and [f c3, f c4]. The term C2 is the maximum in-band reflection within the target
band [f c2, f c3]. Here, we set fc1 = 3 GHz, fc2 = 5 GHz, fc3 = 7 GHz, fc4 = 9 GHz. The
optimal parameters of the FSS unit element for the operating band of 5–7 GHz are H = 10,
H1 = 1, L1 = 18, L2 = 2, W1 = 14, W2 = 4, and W = L = 20 [mm]. The control parameters of
the HBMO algorithm were taken as follows: the maximum number of iterations 15; the
number of drone bees 20, the Royal Jelly step size ±0.1 [41]. Figure 3 shows a comparison
of the M2LP-model-predicted and EM-simulated FSS responses at the optimum design
found by HBMO. The agreement between the two sets of data is excellent. In the next
section, for finalizing the filtenna design, the obtained unit element will be used to form an
array to be placed in the aperture of a horn antenna.
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Figure 3. EM-simulated and M2LP-predicted responses: (a) |S11|, (b) |S21|, responses of optimally
selected FSS element. H = 10, H1 = 1, L1 = 18, L2 = 2, W1 = 14, W2 = 4, and W = L = 20 all in [mm].

4. Experimental Results

The optimally designed FSS unit element has been manufactured using 3D printing
technology. A 3-by-3 array has been assembled as shown in Figure 4. Although it is possible
to extend the performance of the design with a larger size of the FSS array (Figure 5a,b),
for the selected horn antenna design [42], an FSS array design with a 3-by-3 element is
selected to have a smaller module volume size. The top layer of the 3D-printed FSS array
is metal-coated using copper tape and placed into the aperture of a ready-to-use horn
antenna. Figure 5a,b show the scattering response of the unit element and the FSS array. It
can be observed that the unit element response is preserved by the array configuration. The
measured reflection and maximum gain radiation of the filtenna and horn antenna without
an FSS array have been shown in Figure 5c,d. As for further analyses of the performance of
the FSS design, the effect of oblique incident angles are also studied in Figure 5e,f. As can
be seen from the measurement results, the filtenna enhances the radiation characteristic of
the horn antenna within the target operating band of 5-to-7 GHz, while the outer bands of
the antenna are reduced by almost 7 dBi (Table 3). The 3D printed filtenna then is metalized
using copper tapes. It is worth mentioning that surface roughness is a parameter that
might deteriorate the overall performance of a design [43–45]. However, as can be seen
from the simulated results and measurements, the surface roughness on the prototype FSS
can be neglected. Consequently, the radiation characteristic of the antenna is enhanced
by almost 2 dBi at the desired operating range but also a pre-filtering characteristic is
obtained for the unwanted frequencies (Figure 6). Thus, with the proposed approach, the
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major obstacle of geometry parameter adjustment of the FSS unit cell to ensure proper
electrical performance and to maintain the required size, has been achieved through a
computationally-efficient design optimization procedure. It should be emphasized that
accurate evaluation of the cell requires EM analysis, which is computationally heavy. In
particular, direct EM-based optimization is usually impractical. With the typical simulation
time of around 1 min and global optimization of the FSS cell requiring at least 5000 analyzes,
the overall design time exceeds 80 CPU hours. The approach adopted here employs a deep-
learning-based model M2LP to create a fast surrogate. M2LP has been found superior to
commonly used state-of-the-art techniques such as MLP, SVRM, Boosted Trees, Depp NN,
and Gaussian Process regression, in terms of predictive power. Here, it is worth mentioning
that, there other data-driven surrogate approaches such as inverse modeling [46] can be
used to yield high-performance designs. However, these methods also exhibit drawbacks,
such as limited Design of Freedom (DOF) for variables of the problem, where the same
targeted performance might have more than one (or even dozens of) possible solutions,
effectively leading to non-uniqueness issues. In particular, the model may fail to render
a unique response due to the failure in adjusting the model weighting coefficients for
the same input and different outputs. Consequently, the designer has to cancel out or
take constant values of some of the design variables that would reduce the DOF and
performance of the obtainable optimal FSS design. The direct (or forward) modeling
approach is not affected by the aforementioned uniqueness issues. On the other hand, the
disadvantage of forward-modeling-based methods is the necessity of often time-consuming
model optimization to determine the optimal solution for the target performance response.
Yet, if the forward model is computationally cheap, as is the case in this work, the said
drawback has been effectively eliminated: the unit cell optimization cost becomes negligible.
As each (model-predicted) function evaluation takes less than one millisecond, even an
optimization process involving 10,000 objective function calls would be shorter than one
minute, the time corresponding to a single EM analysis of the unit cell. The obtained
numerical and experimental data indicate that the proposed design approach is highly
reliable and computationally efficient. The estimated speedup with respect to direct EM-
driven optimization using population-based methods is almost 90%. Additionally in
Table 4, the performance of the optimal design Filtenna is compared with state-of-the-art
designs reported in the literature.
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Figure 6. Measured radiation pattern (@ φ = 90◦) of the horn and filtenna designs at (a) 4 GHz,
(b) 5 GHz, (c) 7 GHz, and (d) 8 GHz.
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Table 3. Measured maximum gain [dBi].

Frequency [GHz] TEM FILTENNA

4 9.1 1.9

5 9.9 11.8

6 10.5 12.8

7 11.7 13.8

8 12.5 6.8

Table 4. Comparison of gain enhancement of state-of-the-art filtennas operating in similar fre-
quency bands.

Work
Operating

Band [GHz]
Design Size [mm]

Gain Alteration [dBi]/[GHz]

4 5 6 7 8

This work 4–8 60 × 60 –7.2 1.9 2.3 2.1 –5.7

[47] 5–15 16 × 16 0 1 0.5 0 0.5

[48] 1–15 60 × 100 2 2.5 3 3 4

[49] 2–13 25 × 73.5 1 1.5 2 2.5 2.7

[50] 2–13 100 × 100 0 5 4.5 5 2

[51] 3–12 80 × 800 2 1 3 2 3

[52] 6–18 90 × 90 — — 4 5 5.5

[53] 8–12 114 × 114 — — — — 1.5

[54] 8–18 106 × 16 — — — — 2

[55] 6–12 22 × 20 — — 1 0 1.5

5. Conclusions

Herein, computationally-efficient design optimization of an FSS-based filtering an-
tenna using data-driven surrogate models has been proposed. Our methodology employs
a deep-learning-based model M2LP to create a fast surrogate, which is also found to be
superior to benchmark models reported in the literature in terms of predictive power. In
our case, the FSS has been optimized using the HBMO algorithm. The HBMO routine has
been deployed to carry out design optimization of geometry parameters of printable FSS
for a filtenna operating in the 5-to-7 GHz range. Experimental validation of the filtenna
has been carried out by fabricating the FSS array in the 3D printing process and placing
it on the aperture of the horn antenna. The filtenna achieves a pre-filtering performance
of up to 7 dBi in the rejecting band. Further, it enhances the gain characteristic in the pass
band (5–7 GHz) by up to 2 dBi. The obtained numerical and experimental data indicate
that the proposed design approach is highly reliable and computationally efficient where
the total computational cost of the optimization procedure is reduced by almost 90%.
Another advantage of the presented method is the possible re-usability of the surrogate
model, which represents the FSS unit cell over broad ranges of geometry parameters and
frequencies. Consequently, it can be reused to design filtennas under a variety of scenarios
involving different geometric constraints and target operating bands without any extra
computational investments. The future work will be focused on extending the applicability
range of the discussed methodology to multi-layer FSSs intended for the development of
higher performance filtennas.
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