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Abstract

This paper presents an Al-driven approach to optimize a low-profile, multi-band antenna for
direction-finding applications. A Feed-Forward Back Propagation (FFBP) neural network was trained
on 84 antenna configurations, simulated using a Method of Moments (MoM)-based tool, to predict
resonant frequencies, VSWR, and gain across four frequency bands (433 MHz, 877.5 MHz, 2.4 GHz,
and 5.8 GHz). The proposed method dramatically reduces computational cost while maintaining
accuracy. Compared to a brute-force approach requiring over 8% full-wave simulations, our
technique achieves similar precision with only 84 simulations, followed by 8° rapid Al-based
predictions, and a fine-tuning procedure targeting the segments with the highest contribution to the
error figure. These results highlight the potential of machine learning to enhance antenna design,
particularly for protecting sensitive areas e.g., distributed energy facilities from illegal drone
incursions.
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1. Introduction

Antenna design must often meet simultaneous and even contradictory constraints, e.g. optimal
operation on several frequencies or in a broad frequency band, in terms of directivity, voltage standing
wave ratio (VSWR), shape and/or physical size. An initial design can be generated based on physical
principles; however, the results can still be different from the target characteristics. Simulation is
generally a good choice for performing a fine tuning of the initial structure [1-4].

In order to avoid structure changes leading to divergent results some authors propose
approaches based on evolutionary algorithms [5,6] and machine learning [7-9]. It should be noted
that such approaches are really needed when physical modeling would be too complex and / or too
many configurations have to be simulated.

Mimetic antennas [10,11] are essentially radiating structures that should fit into a given shape
and size, as they could not be visually identified. Mobile direction finder equipment [12,13] may use
such antennas resembling to a car luggage rack. As an example, triangulation with direction finding
mobile equipment using mimetic antennas can be used for protecting energy facilities distributed on
large areas from illegal drone incursions [14-16].

For multiple band or wideband operation the antenna should provide optimal resonant
frequencies, directivity, and gain figures for a given shape and size. Under such constraints the only
way to get optimal characteristics is to decide which parts of a fixed shape structure should be made
out of a conducting or insulating material [17]. Adjustments may lead to a large number of structures
to be simulated and therefore a well-trained machine learning algorithm might help to find the
optimal structure much faster than simulating all possible conductor-insulator combinations.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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To support the proposed optimization methodology, recent studies have emphasized the
importance of prediction volume and model selection in achieving high-accuracy antenna designs.
For instance,[18] demonstrates that even a limited number of simulation-based predictions, when
strategically chosen, can effectively guide structural antenna optimization using machine learning.
Similarly, [19-22] explore various learning algorithms (ANN, SVM, Random Forest, XGBoost),
confirming that both model type and the number of predictions significantly influence the accuracy
of VSWR and resonant frequency estimation. For the fine-tuning stage, [23] shows that scaling high-
impact structural segments using Bayesian optimization leads to substantial performance gains.
Complementarily, [24] illustrates how adjusting slot dimensions via support vector regression
enables convergence toward target resonant behavior with minimal error.

In this paper, we propose a two-step procedure to optimize a luggage-rack-like antenna for four
frequency bands centered on 433 MHz, 877.5 MHz, 2.4 GHz, and 5.8 GHz. The first step consists of
encoding three-segment combinations of conductor and dielectric on each rack bar. We then develop
a machine learning algorithm to efficiently choose among all possible configurations the optimal one
that minimizes an error figure defined in terms of VSWR and resonant frequencies. The training was
performed on a set of configurations chosen by analyzing the potential resonant paths and keeping
them fixed. The Al prediction focused on varying the structure of the bars neighboring the potential
resonant paths in the least-error configuration of the training set.

The second step of our procedure is a fine-tuning based on scaling the segments with the highest
impact on the error figure. The results clearly show that the final antenna structure approaches the
target characteristics at an error of less than 5%.

2. Methodology

The antenna should fit the shape of a 1 by 1.3-meter luggage rack with fourteen equally spaced,
parallel bars (Figure 1). The gap between the antenna and the car roof acting as a ground should be
kept at 10 cm, and the bar diameter at 1.5 cm.

Bar # Binary

1 encoding

L 20

14 13 1211 10 9 8 7 6 5 4 3 2

g

-

B

7t

Segment Feed point

Figure 1. Antenna shape.

Each bar is considered as made out of three equal length segments; each of them can be either a
conductor, or a dielectric rod. We encoded each bar by using a three-bit binary word, where 1 means
conductor and 0 dielectric; for a simpler description one can then convert the binary word into a
decimal digit between 0 and 7. The most significant bit was considered on the excitation point side.

The first step in designing the initial radiator structure is to ensure that there it will be at least a
current path close either to an odd multiple of a quarter wavelength (monopole mode resonance) or
a halfwave multiple (patch mode resonance) for each resonant frequency. The configuration
providing the closest approximation to a resonant length at each frequency of interest is that with the
bars # 3, 5, 6, and 8 providing each of them an open-ended segment i.e., the corresponding code word
should be either 4 or 5.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The current paths corresponding to each resonant frequency are shown in Figure 2, and Table 1
shows the resonant path length in terms of wavelength both for monopole mode and patch mode
resonance.
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Possible resonant path for 877.5 MHz and 2.4 GHz Feed point

Possible resonant path for 877.5 MHz and 2.4 GHz

Possible resonant path for 433 MHz and 877.5 MHz
Possible resonant path for 877.5 MHz and 2.4 GHz

Resonant path for 5.8 GHz

Figure 2. Possible resonant current paths.

Table 1. Possible resonant path length in terms of wavelength: patch mode resonance and monopole mode

resonance.
Resonant Path Patch Mode Resonance Monopole Mode Resonance
Color (ref. Figure 2) Length [m] (Multiple of A/2) (Odd Multiple of A/4)
Blue 0.58 5Aat24GHz aprox. 1.75 A at 877 MHz
Red 0.78 6.5 A at 2.4 GHz aprox. 2.25 A at 877 MHz
Green 0.88 2.5 A at 877.5 MHz aprox. 1.25 A at 433 MHz
9Aat2.4GHz
Purple 1.08 1.5 A at 433 MHz aprox. 3.25 A at 877 MHz
Yellow 0.05 aprox A/2 at 2.4 GHz aprox. A at 5.8 GHz

A total number of 84 configurations were characterized by using a MoM-based simulator for
wire antennas, by applying the resonant path constraint as described before.

A Feed-Forward Back Propagation (FFBP)-type, three-layer neural network algorithm was
developed [25,26] and trained with the configurations described before. The input layer consisted of
14 neurons corresponding to the antenna bar encoded as shown above. The output layer had 12
neurons corresponding to the output characteristics i.e., VSWR, resonant frequency, and gain for each
of the frequency bands to be covered, and the hidden layer comprised 20 neurons.

In order to assess the overall performance of a given antenna structure we have defined a
normalized, multi-objective metric as follows:

fn—fno\> VSWRp-min(VSWRy 0, 2)]°
_ [potnny o o
= § : M

where f, and VSWR,, are the computed resonant frequency for the n-th frequency band, and the

corresponding voltage standing wave ratio, respectively; with f,, and VSWR, , were denoted the
target (objective) figures. The metric weights equally resonant frequencies and VSWR; it was set such
as a VSWR figure below 2 has no effect on the error figure.

It should be emphasized that only configurations with a minimal gain of 2 dBi on each resonant
frequency were retained. For each frequency band of operation, the resulting resonant frequency f,
was chosen as corresponding to a minimum of VSWR within the range f,, , £ 10%.
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3. Results

The training set was defined as shown in Table 2 and Figure 3 respectively. Configuration #78
in the training set, with the bar sequence [5656551561 61 6 1] yields the lowest error figure
computed using (1) i.e., e=14.24% along with a gain over 2 dBi on all resonant frequencies and was
therefore chosen as a reference for assessing further improvement after applying the ML-based
optimization.

Table 2. Training set.

Code Word for the Resonant Code Word for the Bars #1, 2, 4,

Configuration Bars (43, 5, 6, and 8) 7,and 9 - 14
#1-42 4 5 or 7 for #1; 1 or 3 for the rest
#43 - 63 5 5or 7 for #1; 1 or 3 for the rest
#64 - 84 5 5or 7 for #1; 1 or 6 for the rest
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Figure 3. (a) Configuration #1 — 42; (b) Configuration #43 — 63; (c) Configuration #64 — 84.
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After training the neural network, the resulting weights between the neuron layers were stored
and used to predict the performance of different antenna structures in terms of resonant frequencies,
VSWR, and gain over all the four frequency bands of interest.

For prediction, we analyzed three strategies for choosing the bars on which we scan all possible
combinations of conductor and dielectric segments. First, we choose to scan all the combinations for
the bars neighboring those corresponding to the resonant paths i.e., #2, 4, 7, and 9. The rationale
behind this choice was based on the fact that the neighboring bars would mostly affect the resonance
through mutual coupling. That is, the prediction was performed on a total number of 8¢ = 4,096
configurations. After excluding the structures providing a gain below 2dBi the resulting optimal
configuration is [5250554 53161 6 1] (Figure 4a). The resulting error figure for the optimal
configuration is €=13.47%.
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Figure 4. Optimal configuration predicted by the ML algorithm for different strategies on scanning the
combinations of conductor and dielectric segments: (a) bars neighboring the resonant paths; (b) first bar and

bars neighboring the resonant paths; (c) first bar, last bar, and bars neighboring the resonant paths.

Next, we also scanned all the conductor/dielectric combinations on bar #1; the first bar includes
the feed point, and therefore the stub configuration may impact on the input impedance. We analyzed
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8% = 32,768 configurations; by running the prediction algorithm, a minimum of the error figure i.e,,
€=13.078% was found for the combination [5050554571 61 6 6] (Figure 4b).

We further include in the scanning process the last bar i.e., #14. Thus, the prediction was
performed on a total number of 8¢ =262,144 configurations. The resulting optimal configuration is [4
050554571616 7] (Figure 4c) yields an error figure e=13.077%. It comes out that the last bar does
not essentially impact on the error figure; conversely, the computing effort was multiplied by 8,
compared to the second scanning strategy.

The optimal configuration was then simulated by using the same MoM simulator as for the
training set, and the results were compared to those predicted by the ML algorithm (Table 3).

Table 3. Optimal configuration: prediction versus simulation.

Resonant Resonant Gain - Gain -
Frequency Frequency- Frequency - VSWR-  VSWR- _. . . .
. . . . . . ) . Simulation Simulation
Band [MHz] Prediction Simulation Prediction Simulation [dBi] [dBi]
[MHZz] [MHZz]

433 433 438 1.97 1.5 4.31 5
877.5 894 937 2.06 1.75 7.33 5.65
2400 2642 2640 2.68 2.79 6.73 6.9
5800 6293 6350 1 1.04 21.29 15.8

Figures 5, 6, 7 and 8 illustrate the VSWR variation for each frequency band considered, as well
as the corresponding radiation patterns at the resonant frequency in the E-plane and H-plane.
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Figure 5. VSWR variation for: (a) 433 MHz; (b) 877 MHz; (c) 2.4 GHz; (d) 5.8 GHz bands.
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Figure 8. Gain in the E-plane for @ = 90°: (a) 433 MHz; (b) 877 MHz; (c) 2.4 GHz; (d) 5.8 GHz.

In order to further optimize the antenna performances and ensure resonance at the target
frequencies, a detailed analysis of the current distribution along each segment was conducted. The
study revealed that the feed segment plays a predominant role in achieving a resonance at 2.4 GHz,
whereas segment 1 of bar #1 has the most significant influence on the resonance at 433 MHz.
Consequently, a fine-tuning approach based on segment scaling was applied, as follows:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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i)  the feed segment was lengthened from 5 cm to 6.25 cm to shift the resonance closer to 2.4 GHz;
ii) segment 1 of bar #1 was extended from 33 cm to 38 cm to provide resonance at 433 MHz.

Figure 9 illustrates the antenna structure after the fine-tunning.
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Figure 9. Antenna structure after the fine-tunning.

Figure 10 illustrates the VSWR variation for each frequency band for the optimized antenna
structure. Table 4 shows the characteristics of the final antenna design. Figures 11, 12 and 13 show
the radiation patterns corresponding to the resonance frequency in the E-plane and H-plane.
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Figure 10. VSWR variation for (a) 433 MHz; (b) 877 MHz; (c) 2.4 GHz; (d) 5.8 GHz bands.
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Table 4. Optimal configuration characteristics.

Resonant Frequency [MHz] VSWR Gain [dBi]
433 1.38 5.95
877.5 2.07 5.1
2400 1.52 6.2
5800 2.18 13.8

330

300

24 N6 8 70270
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Figure 13. Gain in the E-plane for @ = 90°: (a) 433 MHz; (b) 877 MHz; (c) 2.4 GHz; (d) 5.8 GHz.

After performing the fine tuning as shown before the error figure as defined in (1) went down
to 3.41%.
4. Conclusions

This work presents a method to generate a multi-band antenna, based on a fixed-shape structure
imitating a car luggage-rack.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.1766.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 22 July 2025 d0i:10.20944/preprints202507.1766.v1

14 of 16

The first step was to encode each bar of the structure as a three-bit code word, and to apply an
artificial intelligence approach to minimize an error figure targeting a VSWR less than 2 and to
minimize the discrepancies between the resonant frequencies and the frequencies of interest.

The results demonstrate the effectiveness of the machine learning-based optimization in
identifying an improved antenna configuration, with the error figure reduced from 14.24% to
13.078%. This improvement suggests that the best-performing configuration from the training set was
already close to the optimal solution.

Moreover, the computational efficiency gain is substantial. While a brute-force approach would
require 8= 4,398,046,511,104 full-wave simulations, our method achieved comparable accuracy
using only 84 simulations for training, followed by 8°=32,768 rapid predictions. This represents a
dramatic reduction in computational cost while maintaining precision, proving the capability of Al-
driven techniques to accelerate and enhance antenna design optimization. We show that a higher
number of predictions e.g., 8¢ = 262,144 configurations improves the error figure by only 0.001 % at a
computing time eight times longer. We can therefore conclude that an error-to-computing time
tradeoff has been reached for our three-bit bar encoding scheme.

The next step was to further reduce the error figure by scaling the segment dimensions to fine-
tune the resonant frequencies, allowing for better control of the antenna multi-band operation. Size
scaling targeted the segments virtually leading the higher shift in resonant frequency and thus, the
final error figure was made as low as 3.41%.

Further enhancements can be achieved by refining both the antenna design parameters and the
neural network model. Additionally, increasing the number of segments per bar would provide a
finer mesh in the optimization process, potentially leading to superior configurations. Yet, increasing
the number of segments leads to a larger number of configurations and might therefore increase the
computing time more than size scaling on targeted segments would do.

From a machine learning perspective, several factors could be explored to enhance prediction
accuracy. These include adjusting the number of neurons in the hidden layer, increasing the number
of hidden layers, and evaluating alternative neural network architectures and training algorithms.

By integrating these refinements, the proposed approach can achieve even greater accuracy and
efficiency, further advancing Al-driven antenna design methodologies.
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The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
FFBP Feed-Forward Back Propagation

ML Machine Learning
MOM Method of Moments
VSWR Voltage Standing Wave Ratio
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