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Abstract—Frequency selective surfaces (FSSs) have selective
transmission/reflection properties and usually consist of an ar-
rangement of periodic unit cells. The design of these complex
structures to meet specific properties is time-consuming and
usually relies on iterative cycles of simulations. To tackle this
demanding process, a machine learning technique with the imple-
mentation of a neural network (NN) has proved its effectiveness
for designing such structures in recent years. In this work we
first design an FSS structure with a new configuration for biasing
the lumped elements that are used in tunable structures, and
afterwards we use the NN method for predicting the optimal
design parameters employed in the constructed FSS shape.
This study is conducted by applying the active devices in the
FSS structure with cut-slots. The effectiveness of the proposed
methodology is verified by employing the trained NN for the
constructed structure operating from 2 GHz to 14 GHz.

Index Terms—Biasing network, frequency selective surface
(FSS), neural network (NN).

I. INTRODUCTION

Frequency selective surface (FSS) structures are widely
used in numerous applications such as reducing radar cross-
section, minimizing coupling among antennas, and creating
high impedance surfaces [1]. The main design requirements
of FSS structures include the incidence angle of the incoming
wave and the bandwidth [2]. In the case of conventional FSS
structures, due to the dependence on the incidence angle and
frequency, there is the critical issue of having reflection and
transmission characteristics that meet objectives, which has
made designers come up with new techniques [3].

The solution methods include multiplexing of frequencies,
harmonic generation, and applying lumped elements. Using
lumped elements such as PIN diodes or varactors is one of
the most useful ways to achieve reconfigurability, allowing for
a tuning of the resonance frequency. To overcome the design
difficulties a generative machine learning (ML) method was
employed for optimizing metasurface structures, facilitating
the scatterer shapes and dimensions [4]. Also, The Bayesian
optimization was used in [5] for tunning the internal parameter
of an FSS structure.

The main purpose of this work is to introduce a new
configuration that uses an indirect biasing by the means of

a control network (CN) method. After constructing the FSS
design, the NN-based method is used, leading to a fast design
of the optimal design parameters.

This work is organized as follows: Section II presents the
proposed method in a nutshell and Sec. III introduces the
simulation results achieved with the proposed methodology.
Finally, Sec. IV concludes this work.

II. PROPOSED METHODOLOGY IN A NUTSHELL

The NN-based method becomes important since it is facili-
tating the design process of high-dimensional structures. After
generating the initial structure of the FSS, the optimal design
parameters can be predicated through the trained NN. This
section presents the steps for constructing the NN.

As the first step, the targeted FSS structure must be gen-
erated in the 3D EM analysis software and afterwards the
design parameters (here the width (W) and length (L) of the
configuration as shown in Fig. 1) must be iterated randomly for
achieving a suitable amount of data. This amount of data from
any numerical analyzer is used for training the NN, in which
the input layer presents the design parameters and the output
layer is devoted to predicting the TE (transverse electric)
and TM (transverse magnetic) reflection and transmission
properties for the designed structure.
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Fig. 1. Proposed NN for achieving optimal design parameters.

III. SIMULATION RESULTS

The structure in Fig. 2 is built on an FR-4 substrate layer
with ϵr = 4.3, a loss tangent of 0.025, and a thickness of 1.58
mm and a substrate dimension of 18 × 18 mm. To introduce



tunability (using PIN), eight cuts are used in the main structure
as shown in Fig. 2 (right). There are three parallel microstrip
lines as a control network located at the bottom of the structure
(length = 12 mm and width = 0.4 mm). Via-holes are added to
connect the FSS and CN : one at the center (Op1 = 9 mm) and
two on the sides (Op2 = 3.5 mm, Op3 = 6.5 mm), measured
from the structure’s edge Fig. 3 (left).
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Fig. 2. General FSS structure. (left) FSS structure with cut-slots. (right)
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Fig. 3. Via-hole positions and Control Network (CN) schematic. (left)
Equivalent circuit of PIN Diode in ON and OFF states. (right)

Two states of PIN diodes shown in Fig. 3 (right): ON which
the dioded is modeled a series resistor–inductor (RL) circuit
and OFF, which is modeled as a parallel resistor–capacitor
(RC) circuit in series with an inductor, with specific nominal
element values provided as follows: L = 30 pH, C = 28 fF
Ron = 7.8 kΩ Roff = 30 kΩ.

For the presented structure, the NN depicted in Fig. 1 is
trained with 850 data sets having a 0.078 RMSE value for the
transmission coefficient magnitudes leads to a prediction of
the optimal design parameters. The constructed NN includes
3 hidden layers with 100 neurons in each one. In this study the
structures are performed for normal incidence (θ = 0 and ϕ =
0 in spherical coordinates). Fig. 4 (left) shows, the stopband
takes place between 7.22 - 11.62 GHz, centered at 10 GHz
(-37.41 dB) in TE incidence. While the first -10 dB band-stop
(7.73 - 9.27 GHz) for the main structure in TM incidence
happens at 8.7 GHz with a frequency notch of -28.5 dB.

Fig. 5 (left) presents cut-structure in TE mode where the first
notch is at 4.2 GHz (-23.78 dB) with a stopband from 3.85
to 4.38 GHz. Additionally, a 2.37 GHz wider stopband occurs
from 8.29 to 10.65 GHz, with a notch exhibiting -30.024 dB
of attenuation at 9.54 GHz. TM incidence case shown in Fig. 5

Fig. 4. Transmission coefficient in the main-structure structure for TE
incidence (left) and TM incidence (right).

(right) has the first frequency stopband between 2.42 to 3.46
GHz (-34.76 dB at 2.75 GHz), and then a second -10 dB
stopband occurs from 10.63 to 11.297 GHz with a -17.851
dB frequency notch at 10.945 GHz.

Fig. 5. Transmission coefficient in the cut-slot structure for TE incidence
(left) and TM incidence (right).

IV. CONCLUSION

This work proposes an NN-based method to resolve the
complexity and biasing challenges of lumped elements in
FSS structures. The method optimizes the dimensions (W
and L) of a general FSS structure, after which cut-slots are
introduced for PIN diode integration to enable tunability.
Simulation results for both TE and TM incidences demonstrate
the optimized FSS performance across 2–14 GHz.

REFERENCES

[1] H. Lv, L.-Y. Xiao, H.-J. Hu, and Q. H. Liu, “A spatial inverse design
method (sidm) based on machine learning for frequency-selective-surface
(fss) structures,” IEEE Transactions on Antennas and Propagation,
vol. 72, no. 3, pp. 2434–2444, 2024.

[2] R. Zhao, B. Gong, F. Xiao, C. He, and W. Zhu, “Circuit model analysis of
switchable perfect absorption/reflection in an active frequency selective
surface,” IEEE Access, vol. 7, pp. 55 518–55 523, 2019.

[3] C. Fan, K. Duan, Y. Deng, K. Chen, T. Jiang, J. Zhao, and Y. Feng,
“Switchable frequency-selective surface for multi-state highly selective
transmission in ku-band,” IEEE Antennas and Wireless Propagation
Letters, pp. 1–5, 2024.

[4] P. Naseri and S. V. Hum, “A generative machine learning-based approach
for inverse design of multilayer metasurfaces,” IEEE Transactions on
Antennas and Propagation, vol. 69, no. 9, pp. 5725–5739, 2021.

[5] K.-R. Kim, Y. Kim, and S. Park, “A probabilistic machine learning
approach to scheduling parallel loops with bayesian optimization,” IEEE
Transactions on Parallel and Distributed Systems, vol. 32, no. 7, pp.
1815–1827, 2021.


	Introduction
	Proposed Methodology in a Nutshell
	Simulation Results
	Conclusion
	References

