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Abstract: This paper presents the design and implementation of a single-element circular microstrip antenna capable
of eight-direction beam switching for fifth generation (5G) sub-6 GHz wireless communication at 2.6 GHz. The
antenna operates based on short-circuit control along its edge to steer the main beam toward the desired direction.
Electromagnetic simulations were performed using CST Studio Suite, generating 140 datasets for machine learning
(ML) training. The input parameters included short-circuit direction, radial distance, number of short-circuit holes,
and spacing between holes, while the outputs were the main beam direction (degrees) and reflection coefficient (dB).
Four ML algorithms—Gradient Boosting Regression, Lasso Regression, Linear Regression, and Random Forest—
were applied to improve design efficiency and reduce simulation time. The Random Forest model achieved the best
performance with an R? of 1.0 and zero mean error for beam direction prediction, and an R? of 0.805 with a mean
error of 0.21 for reflection coefficient prediction. The predicted values closely matched CST simulation results, with
deviations within £5 dB. Based on ML predictions, a prototype antenna was fabricated using copper shorting wires,
capacitors, and PIN diodes controlled by a microcontroller. Measurements confirmed accurate beam switching in eight
directions (0°, 45°, 90°, 135°, 180°, 225°, 270°, 315°) at 2.6 GHz. The results demonstrate that the Random Forest
algorithm effectively enhances antenna design accuracy, reduces simulation time, and achieves reliable beam-
switching performance suitable for compact 5G sub-6 GHz communication systems.

Keywords: Switched beam; antenna; 5G communications; 5G sub-6 GHz communications; machine learning;
artificial intelligence; simulation time reduction

1 Introduction

In the era of fifth generation (5G) sub-6 GHz wireless communication [1-3], high-quality signal
transmission and rapid response have become essential requirements for modern communication systems.
Wireless communication enables reliable long-distance connections and continues to evolve through the
development of more compact, cost-effective, and high-performance antennas. Among various antenna
types, the microstrip antenna has gained widespread use due to its low profile, light-weight structure, and
ease of integration with planar circuits. However, single element microstrip antennas often face limitations
in controlling radiation directionality. When the antenna radiates energy in undesired directions, signal
interference and degradation may occur. To overcome this issue, switched-beam antenna techniques have
been introduced to steer the main beam toward the desired direction while suppressing unwanted side lobes,
thereby enhancing communication efficiency and coverage. Several studies have demonstrated the
effectiveness of single element switched beam antennas. For example, low-cost, multiband designs for 5G
applications [4-5] allow beam switching across multiple frequency bands without the need for complex
phased array systems. Other efforts have focused on performance optimization, including reducing
backlobe radiation in circular patch antennas to enhance efficiency [6], developing compact antipodal
Vivaldi antennas with consistent gain suitable for 5G [7], and using shorting pins in microstrip patches to
lower the specific absorption rate (SAR), thereby improving safety and efficiency in mobile applications
[8].

Recently, machine learning (ML) has emerged as a powerful tool in antenna design due to its ability
to analyze complex parameter relationships and predict antenna performance with high accuracy.
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Conventional antenna design often requires extensive electromagnetic (EM) simulations, which are
computationally expensive and time-consuming. ML-based modeling can significantly reduce design time
by predicting key performance metrics—such as return loss, gain, and beam direction—based on pre-
collected simulation data. This approach allows for faster optimization and improves the precision of
antenna performance prediction.

Several studies have applied beam-switching and ML techniques to enhance antenna performance. For
example, [9] proposed a circular microstrip antenna capable of 360° beam steering using 24 rectangular
parasitic strips controlled by PIN diodes, achieving a gain of 1.79 dBi at 3.21-3.54 GHz. In [10], a Yagi—
Uda switched-beam antenna array for wireless sensor networks operating at 2.45 GHz was introduced,
capable of switching among eight beam directions with a main beam gain above 5.5 dBi. In addition, [11]
applied five ML algorithms—Decision Tree, Random Forest, XGBoost Regression, K-Nearest Neighbor
(KNN), and Artificial Neural Network (ANN)—to predict the resonant frequency of a single-element
antenna, where the KNN model achieved 98% accuracy. Similarly, [12] compared seven ML algorithms to
predict antenna resonant frequencies, finding the Decision Tree model to yield the lowest mean squared
error (MSE). Furthermore, [13] employed ML to improve the performance of a Quasi-Yagi—Uda antenna
using Linear and Gaussian Process Regression, while [14] applied Random Forest to optimize a dual-band
F-shaped RFID antenna with an accuracy of 99.96%. Moreover, [15] demonstrated the use of ML
algorithms such as KNN and XGBoost to predict the return loss of microstrip antennas, showing that KNN
provided superior prediction accuracy.

Although these studies have successfully demonstrated ML-based prediction and switched-beam
mechanisms, most existing designs rely on multi-element or diode-controlled structures, which increase
complexity, cost, and power consumption. Recent works have also applied ML techniques to predict beam-
switching directions in single-element antennas using input features such as the number and position of
shorting points [16-19]; however, these studies focused solely on prediction without experimental
verification. There remains a need for a compact, single-element switched-beam antenna that can provide
efficient beam steering without energy-intensive components, while also integrating ML-based prediction
for performance optimization.

To address this gap, this work proposes the design of a 2.6 GHz single-element circular microstrip
switched-beam antenna for 5G sub-6 GHz wireless communication applications. The proposed antenna can
steer its beam in eight distinct directions while maintaining a compact and energy-efficient structure. ML
algorithms are applied to predict two key antenna parameters—the return loss and main beam direction.
Four ML algorithms—Gradient Boosting Regression (GBR), Lasso Regression (LR-Lasso), Linear
Regression (LR), and Random Forest (RF)—are trained using datasets generated from CST Studio Suite
simulations. The predicted results are compared to determine the most effective algorithm for accurate and
efficient antenna performance prediction. This study extends our previous work on ML-based switched-
beam antenna design by incorporating comprehensive experimental validation and enhanced model
evaluation. Unlike the earlier version, which focused primarily on simulation-based analysis, the present
work includes fabrication, measurement, and comparative assessment of the proposed antenna. The ML
dataset and performance metrics are also refined to verify the practical accuracy of predicted beam
directions and return loss. The proposed design aims to contribute to sustainable and energy-efficient
wireless infrastructure by combining compact antenna design with intelligent ML-based optimization.

2 Methods

This section describes the methodology used for the design, analysis, and performance prediction of
the proposed switched-beam antenna. It is organized into two subsections. The first subsection presents the
antenna structure and beam-switching configuration, including the circular microstrip patch design and the
placement of short-circuit positions used to control the radiation direction. Key geometric parameters that
influence the antenna performance, such as beam direction and return loss, are also discussed. The second
subsection introduces the ML models employed to predict antenna performance based on these design
parameters. Several regression-based ML algorithms are implemented to model the relationship between
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the antenna configuration and its radiation characteristics, enabling efficient performance prediction and
reducing the need for extensive full-wave electromagnetic simulations.

2.1 Antenna Design and Beam-switching Configuration
The proposed antenna is designed on an FR-4 substrate with a dielectric constant (¢,) of 4.4, substrate

thickness (/) of 1.6 mm, and ground-plane thickness of 0.03 mm. The radius of the modified circular patch
(a) was initially calculated using [20]

a= d : (1)

2
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Then designed in CST Studio Suite, with adjustments made until the antenna operated at the target
frequency ( 7. ) of 2.6 GHz. The final configuration of the antenna is shown in Figure 1, and the

corresponding return loss is presented in Figure 2. Beam switching is achieved by introducing short-circuit
holes distributed along the edge of the patch. Eight configurations are created by selectively opening and
shorting specific positions to redirect the main beam toward eight angular directions.

The modified short-circuit layout differs from conventional uniform patterns by grouping holes into
variable-spaced sets, resulting in distinct radiation characteristics across all eight cases. CST Studio Suite
simulations confirm that the antenna maintains resonance at 2.6 GHz with return loss below —10 dB for all
configurations, while the radiation pattern shape changes slightly according to the switching case. For
example, each antenna design uses 56 holes along the edge, with 49 short-circuiting points. The return loss
of this antenna remains nearly identical across all eight switching cases, confirming stable operation at 2.6
GHz, as shown in Figure 2. To provide a concise visual comparison, the eight antenna configurations are
combined in Figure 3, while the corresponding radiation patterns for all cases are grouped in Figure 4. In
Case 1, the activated open-circuit positions at 0°, and the main beam of the radiation pattern points in the
same direction, opposite the shorted positions. In Case 2, the open circuits are activated at 45°, producing a
main beam at 45°; in Case 3, activation at 90° results in a main beam at 90°; and in Case 4, activation at
135° aligns the main beam with 135°. Similarly, Cases 5 through 8 activate open circuits at 180°, 225°,270°,
and 315°, respectively, with the main beam in each case pointing along the activated open-circuit direction.
This demonstrates the antenna’s effective beam-switching capability through controlled placement of short
and open-circuit points.

2.2 Machine Learning Model for Performance Prediction

In switched-beam microstrip antennas, small geometric variations can strongly influence antenna
performance. The patch radius directly affects the resonant frequency, while the short-circuit direction
primarily determines the orientation of the main beam. In addition, the radial distance and number of short-
circuit holes play a critical role in shaping the radiation behavior; an improper combination of these
parameters may fail to produce the desired beam direction or result in non-directional patterns. Although
the main beam direction in an ideal switched-beam antenna is geometrically associated with the open-circuit
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location, practical beam steering behavior is not solely determined by this parameter. In the proposed
antenna, the beam direction and radiation quality are jointly influenced by multiple interacting factors. For
example, an insufficient number of short-circuit holes or improper spacing can prevent effective beam
switching or introduce high sidelobe levels, while variations in radial distance can shift the resonant
frequency, leading to degraded return loss at the target frequency of 2.6 GHz. Moreover, even when the
same short-circuit direction is applied, the main beam may deviate from the ideal direction (e.g., a measured
offset of several degrees), indicating that the beam response is not strictly deterministic. These coupled and
nonlinear effects make rule-based or purely geometric prediction insufficient, motivating the use of
machine learning to capture complex relationships among design parameters and to reliably predict both
beam direction and return loss under practical conditions.

A total of 150 simulated data samples were generated using CST Studio Suite. Among these, 140
samples were used for machine learning model development and were divided into a training set of 112
samples (80%) and a test set of 28 samples (20%). In addition, 10 independent simulation cases, not
included in the training or test datasets, were generated and used solely to evaluate the prediction accuracy
of the models. The relatively limited dataset size is a consequence of the high computational cost of full-
wave electromagnetic simulations and reflects the proof-of-concept nature of this study rather than an
attempt to achieve full statistical generalization. Each dataset includes four input parameters: short-circuit
direction (group number) (Inl), radial distance from patch center to short position (In2), number of short-
circuit holes (In3), and spacing between shorted groups (In4). The target outputs are: main beam direction
(degrees), and return loss (dB).

Four regression-based ML algorithms—GBR, LR-Lasso, LR, and RF—were implemented using Python.
The models were trained using the training dataset and evaluated on the test dataset. The key hyperparameters
used for each algorithm are summarized in Table 1. In the RF model, the number of estimators was set to 100
with a random state of 42 to ensure reproducibility. The LR model was implemented with the intercept term
enabled (fit intercept = True). For the GBR model, the learning rate was set to 0.1 and the number of
estimators was set to 75 to balance model accuracy and complexity. The LR-Lasso model used a regularization
parameter (alpha) of 0.01, which provided the best performance for the given dataset. Although k-fold cross-
validation is commonly used to improve model generalization, it was not applied in this study due to the
computational cost associated with repeated electromagnetic simulations. Instead, a fixed training—test split
was adopted. In addition, an independent set of simulation cases, excluded from both the training and test
datasets, was used to further evaluate the robustness and prediction capability of the models. The prediction
performance was evaluated using the coefficient of determination (R?) and mean absolute error (MAE),
defined as [21]

1 N
MAE =3 |y, -, (3)

R’ =1—(ZN1:(y,- -y, )2 i(y,- —;)2] 4)

where N is the total number of samples, y, and ,, represent the simulated and predicted values,
respectively, and 5, denotes the mean of the simulated values. The results are summarized in Table 2 for
main beam direction prediction and Table 3 for return loss prediction.

Table 1: Hyperparameters of the ML models.
Algorithm Hyperparameters Values

RF n_estimators 100
random_state 42




LR fit_intercept True
GBR learning_rate 0.1
n_estimators 75
LR-Lasso alpha 0.01
181
182 Table 2: Main beam prediction.
inputs outputs
LR-
Inl In2 In3 In4 CST GBR .50 LR RF
1 51.0 77 4.0 0 0.1 0 0 0
1 49.0 63 4.0 0 0.1 0 0 0
2 48.0 49 6.0 45 43.04 45 45 45
3 51.0 35 6.0 90 90 90 90 90
4 51.0 35 6.0 135 135 135 135 135
5 485 49 5.0 180 180 180 180 180
6 495 63 4.0 225 225 225 225 225
6 495 35 5.0 225 225 225 225 225
7 500 49 4.5 270 272.3 270 270 270
8 495 63 4.5 315 314.89 315 315 315
R? 1 1 1 1
MAE 0.447 0 0 0
183 Table 3: Return loss prediction.
inputs outputs
LR-
Inl1  In2 In3 In4 CST GBR Lasso LR RF
1 51.0 77 4.0 13.23  14.09 12.06 12.08 13.94
1 49.0 63 4.0 13.52  13.65 12.91 13.33  12.82
2 48.0 49 6.0 13.97  13.55 14.02 15.61 14.17
3 51.0 35 6.0 10.06  16.48 15.23 15.18  12.08
4 51.0 35 6.0 1426  13.28 11.91 11.95 13.04
5 48.5 49 5.0 13.03 14.10 14.52 1440 13.72
6 49.5 63 4.0 13.40  19.20 15.46 1496  13.23
6 49.5 35 5.0 9.49 13.92 13.15 13.18  13.35
7 50.0 49 4.5 11.96 13.81 12.79 12.63 12.59
8 49.5 63 4.5 13.42 1193 13.63 13.21 12.83
R? 0.898 0.544 0.800  0.805
MAE 0.520 0.271 0.239  0.210
184
185 For main beam direction prediction, LR, LR-Lasso, and RF achieved perfect accuracy (R>= 1, MAE =

186  0), reflecting the strong linear relationship between beam direction and short-circuit position. GBR also
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performed well but exhibited a slightly higher MAE due to its sensitivity to nonlinear variations. These
results indicate that beam direction prediction is largely deterministic when the short-circuit geometry is
properly defined.

In contrast, return loss predictions exhibited more complex and nonlinear behavior. Among the
evaluated models, the RF algorithm achieved the lowest MAE of 0.21 with an R? value of 0.805,
demonstrating reliable performance in modeling nonlinear electromagnetic responses. The LR model also
produced a relatively high R? of 0.800 with an MAE of 0.239, while LR-Lasso achieved an R? of 0.544 and
an MAE of 0.271. Although the GBR model achieved the highest R? value of 0.898, it produced the largest
prediction error with an MAE of 0.520 among the evaluated models. Therefore, considering both accuracy
and prediction error, the RF model provides the most balanced performance for return loss prediction.
Overall, RF was the most reliable algorithm, accurately predicting main beam directions and achieving the
lowest average error for return loss. These results suggest that RF is well suited for ML-assisted antenna
analysis under limited-data conditions, providing robust performance for both linear and nonlinear
characteristics.

3 Results and Discussion Section

This section presents the fabrication and performance evaluation of a single-element antenna capable
of switching its main beam in eight directions. Antenna parameters were derived from a ML—predicted
dataset (Section 2) and used to construct a physical prototype. Performance was assessed based on radiation
patterns and return loss, and results were compared with CST Studio Suite simulations for validation.

The fabricated antenna features a substrate thickness of 1.6 mm, with the conductive patch and ground
plane each 0.03 mm thick. The square patch measures 150 x 150 mm?, with a dielectric constant of 4.4.
Using the sixth dataset input (Table 2 and Table 3), a circular patch of 48.5 mm radius was implemented.
Fifty-six holes were drilled along the perimeter with 5 mm spacing; seven were used for active switching,
while the remaining were short-circuited with copper wires. Diodes and capacitors were soldered along the
circle to control beam switching. The eight beam-switching cases were implemented using the same single-
element antenna shown in Figure 5. For each case, a specific set of seven holes along the patch perimeter
was opened, while the remaining 49 holes were short-circuited. By selectively biasing the corresponding
diodes, the antenna could switch its main beam sequentially to 0° (top), 45° (top-right), 90° (right), 135°
(bottom-right), 180° (bottom), 225° (bottom-left), 270° (left), and 315" (top-left) without the need for
multiple elements, enabling efficient operation using a single patch.

All eight beam-switching cases were tested at 2.6 GHz, with a microcontroller controlling the diode
bias to open or short-circuit the appropriate holes. The measured return loss values ranged from 12.26 dB
to 15.34 dB across all beam-switching cases, with an average value of 14.25 dB. Figure 6 presents the
measured return loss for Case 1 as a representative example, demonstrating stable impedance matching
behavior of the antenna. Radiation pattern measurements in Fig. 7 show that the main beam of the fabricated
antenna generally aligns with the intended open-circuit direction, demonstrating good overall agreement
with CST Studio Suite simulations. Although most cases show close agreement between simulation and
measurement, several cases exhibit noticeable beam shifts. Specifically, Case 4 shifts from 135° (simulated)
to 165° (measured), Case 5 from 180° to 200°, and Case 8 from 315° to 300°. The maximum observed beam
deviation is 30°. These deviations are mainly attributed to practical implementation effects that were not
fully included in the CST model, such as the parasitic impedance of PIN diodes, biasing circuits, solder
joints, and connecting wires. These elements can alter the current distribution along the antenna structure
and slightly modify the resulting radiation pattern. It should be noted that the proposed antenna operates as
a switched-beam antenna designed to provide directional coverage across discrete angular sectors rather
than precise beam pointing. Despite the observed deviations, the measured radiation patterns clearly
demonstrate beam switching toward the intended directional regions, confirming the practical feasibility of
the proposed antenna and supporting the effectiveness of the ML-assisted design approach.

The predicted return loss ranged from 13.7 to 14.7 dB, closely matching both simulations and
measurements as shown in Table 4 and Table 5. These results confirm that the antenna achieves reliable
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beam steering and consistent reflection performance as designed.

Table 4: Simulation, ML, and measurement results of main beam direction

In1 CST GBR LR-Lasso LR RF Measurement

1 0 2.83 0 0 0 0

2 45 45.003 45 45 45 45

3 90 90.00 90 90 90 90
4 135 137.41 135 135 135 165
5 180 180 180 180 180 200
6 225 225 225 225 225 225
7 270 269.93 270 270 270 270
8 315 314.14 315 315 315 300

Table 5: Simulation, ML, and measurement results of corresponding return loss

Inl CST GBR LR-Lasso LR RF Measurement
1 14.16 14.13 14.47 14.32 14.63 15.17

2 14.11 14.12 14.49 14.36 14.58 15.34

3 13.85 13.69 14.50 14.40 14.52 14.49

4 14.11 14.08 14.44 14.46 14.51 12.26

5 13.85 14.10 14.47 14.40 14.52 14.22

6 13.89 14.07 14.47 14.34 14.69 14.83

7 13.85 14.09 14.55 14.28 14.54 14.54

8 13.89 13.74 14.59 14.23 14.55 13.16

These results demonstrate that the antenna performs reliably according to design specifications.
Moreover, the study confirms that ML can effectively assist in antenna design by predicting and refining
parameters, thereby enhancing design accuracy and overall performance.

4 Conclusion

This work presented the design and fabrication of a single-element antenna capable of switching its
main beam across eight directions at 2.6 GHz for 5G sub-6 GHz wireless communication. The beam-
switching mechanism relies on selectively short-circuiting holes along the patch perimeter. A total of 112
simulated datasets generated from CST Studio Suite were used to ML models. Four regression algorithms—
GBR, LR-Lasso, LR, and RF—were applied to predict the main beam direction and return loss. Among the
tested models, RF achieved the best performance, obtaining an R? of 1 and MAE of 0 for beam direction
prediction, and an R? of 0.805 with MAE of 0.21 for return loss prediction. These results showed strong
agreement with CST simulations. Using the predicted parameters, a prototype antenna was fabricated, with
copper wires short-circuited on the front patch and diodes and capacitors soldered on the back, controlled
via a microcontroller for beam switching. Experimental results verified that the antenna successfully steers
its main beam toward the intended directions of 0°, 45°, 90°, 135°, 180°, 225°, 270°, and 315°. The measured
radiation patterns generally agree with CST simulations and ML predictions, with minor deviations
attributed to practical implementation effects. These findings demonstrate that ML, particularly the RF
model, can effectively assist antenna design by reducing simulation effort while maintaining strong
agreement with experimental results.

For future work, prediction performance could be further improved by exploring more advanced ML
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approaches such as neural networks or deep learning models. In addition, expanding the dataset beyond
112 samples through additional CST simulations may improve prediction accuracy, particularly for
parameters with more complex behavior such as return loss.
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5G Fifth-Generation

ML Machine Learning

SAR Specific Absorption Rate
EM Electromagnetic

KNN K-Nearest Neighbor
ANN Artificial Neural Network
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GBR Gradient Boosting Regression
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LR Linear Regression

RF Random Forest

R? R-squared

MAE Mean Absolute Error
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357 Figures, Figure Title and Legend Section
358
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360 Figure 1: Configuration of the antenna without short circuit.

361  Detailed: Final configuration of the proposed single-element switched-beam antenna.
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363 Figure 2: The corresponding return loss of the antenna with and without short circuit.

364  Detailed: Simulated return loss of the antenna operating at 2.6 GHz.

365
° Case 1
366
367 Figure 3: Configuration of the antenna with short circuit.

368  Detailed: Eight antenna configurations obtained by changing the short-circuit positions along the
369  patch edge.

370
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Case 1
— — —Case2

3 71 180
372 Figure 4: Radiation pattern of the antenna with short circuit.

373  Detailed: Simulated radiation patterns corresponding to the eight switching configurations.

Front view Back view

374
375 Figure 5: Configuration of the experiment antenna with diodes and capacitors.

376  Detailed: Implementation of the eight beam-switching cases using the same single-element antenna
377  structure.
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Figure 6: The corresponding return loss of the experiment antenna with short circuit.

Detailed: Measured return loss for Case 1 shown as a representative example of the fabricated antenna
performance.

Case 5
— - = Case 6
---------- Case 7
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Figure 7: Radiation pattern of the experiment antenna.

Detailed: Measured radiation patterns illustrating the main beam directions of the fabricated antenna.



