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ABSTRACT

This article presents an in-depth, comprehensive overview of Machine Learning (ML) regression and Deep
Learning (DL) regression for the design and optimization of Microstrip Antennas (MSAs) in developing
modern communication technologies. The study introduces a novel approach that leverages DL and neural
network architectures to enhance the efficiency and accuracy of theoretical Rectangular MSA (RMSA)
analysis within the 1-4 GHz frequency range. By employing ML and DL regression techniques, the method
enables precise prediction of critical RMSA parameters, thereby streamlining the design process and
enhancing overall design efficiency. The proposed approach offers significant advantages by reducing the
reliance on domain-specific expertise throughout the RMSA design cycle. This study constructs a custom
data generator that produces 1,920 samples. The results demonstrate that ML techniques yield strong
predictive performance, whereas DL models exhibit architectural flexibility and high representational
capacity, enabling consistently accurate predictions of parameters, such as S11, bandwidth, and Voltage
Standing Wave Ratio (VSWR), even for nonlinear antenna geometries. The Tabular Network (TabNet),
which integrates interpretability with efficient data processing, emerges as a competitive and reliable tool,
particularly for Multi-Input Multi-Output (MIMO) cases.

Keywords-modern communication; Deep Learning (DL) regression; geometry prediction; Machine Learning

(ML) regression; Tabular Network (TabNet)

I.  INTRODUCTION

Microstrip Antennas (MSAs) have gained increasing
popularity with the rapid advancement of modern
communication technologies. They represent one of the
fundamental components in modern communication systems,
offering several advantages in applications, such as 5G and
beyond, the Internet of Things (IoT), satellite, and radar
communication antennas [1]. MSAs can operate across a wide
range of frequencies, such as the S-band, and are particularly
valued for their wide bandwidth capability, reconfigurability,
compact and low cost design, and high gain [2, 3]. Despite
these benefits, the design and optimization processes of MSAs
within this frequency range pose significant challenges due to

the nonlinear and multimodal correlations between geometric
parameters and the resulting complex Electromagnetic (EM)
responses [4].

Traditional theoretical methods provide analytical formulas
for calculating the patch and ground plane dimensions,
specifically length (L) and width (W), based on the operating
frequency, dielectric constant, and substrate thickness [5].
However, these methods have several limitations. One of them
relies on simplifying assumptions, such as the assumption that
EM fields are confined primarily around the patch edges,
thereby neglecting the significant impact of fringing fields [6].
Moreover, their accuracy deteriorates due to the nonlinear
behavior of wave propagation at frequencies below the S-band

[7].
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Various approaches have been proposed to overcome the
limitations of traditional methods, with the most recent and
widely adopted being the implementation of Machine Learning
(ML) as in [2-8] and Deep Learning (DL) as in [9, 10]. While
several studies have explored the use of ML and DL in the
design of MSAs, several critical research gaps persist. First,
many ML-based design and optimization approaches generally
lack grounding in the empirical formulas, as in [11]. Second,
most existing studies predominantly focus on predicting
isolated antenna components, such as slot dimensions [12] or
feeding parameters [13], rather than modeling the complete
antenna geometry based on widely accepted empirical
equations. Moreover, most implementations rely only on Multi-
Input Single-Output (MISO) ML or DL models, such as
bandwidth improvement [14], with limited exploration of
multi-parameter approaches as in [15]. To date, no study has
thoroughly investigated the EM characteristics of MSAs in the
S-band using a design derived from empirical models. Third,
comprehensive  comparative  analyses evaluating DL
performance versus traditional ML algorithms in predicting
MSA geometries, particularly Rectangular MSAs (RMSAs)
within the 1-4 GHz operating range, are lacking.

This study proposes a novel approach that leverages DL
and neural network architectures to enhance the efficiency and
accuracy of theoretical RMSA analysis within the 1-4 GHz
frequency range. The proposed model is a DL-based regression
framework incorporating adaptive feature  selection
mechanisms and sequential processing structures, capabilities
not available in traditional models such as Multilayer
Perceptron (MLP), Random Forest (RF), XGBoost, and others.
Furthermore, DL regression techniques predict key RMSA
parameters, such as return loss (Si;), bandwidth, and Voltage
Standing Wave Ratio (VSWR). Unlike previous studies, this
approach integrates theoretical calculations and simulation
results to improve the validity of the resulting predictive model.
Table I shows the differences between this study and previous
studies.

In this study, the main contributions can be summarized as
follows. First, unlike previous works that primarily employed
MISO settings, this manuscript introduces a Multi-Input Multi-
Output (MIMO) framework that allows the simultaneous
prediction of multiple antenna performance parameters.
Second, the proposed approach integrates ML, DL, and Tabular
Network (TabNet) into a unified pipeline, enabling a
systematic comparison and ensuring both predictive accuracy
and robustness. Third, the framework is designed to generate
fast  predictions within seconds, thereby reducing
computational overhead compared to traditional optimization-
based methods. Finally, through global interpretability using
TabNet, this work provides valuable insights into the role of
each input parameter, strengthening the generalization
capability for RMSA.

II. DATASET GENERATION

Various methods have been used to create antenna datasets
for surrogate modeling; however, standard simulation tools
typically produce only limited datasets. To overcome this
limitation and ensure the development of an accurate model,
this study constructed a custom dataset using the CST

Microwave Studio. In total, 33 unique RMSA designs were
modeled, and parameter sweeping was applied to each,
generating 1,920 data points. Of these, 1,344 samples were
designated for training, whereas 576 were reserved for testing.

TABLE L. COMPARISON OF ML AND DL APPLICATIONS IN
ANTENNA DESIGN
Ref. Approach / Input—?utput Advantage Scop_e ot:
method setting generalization
. Better prediction Applied to a
[2] Only ML Limited to results and fewer | circularly polarized
MIMO . . :
iterations base station antenna
Applied to
Provides accelerate the
Limited to | acceleration factors cross-polar
(8] Only ML MISO lower than one | optimization of the
order of magnitude | same large reflect-
array
o Efficiently predicts Capable of
Limited to antenna o .
[9] Only DL predicting essential
MISO performance
RMSA parameters
parameters
Reduces Optimized strategy
Limited to | computational cost | for multi-resonant
(101 Only DL MIMO compared to layered acoustic
classical methods metamaterials
High efficiency in | Estimation of the
Limited to parameter dielectric-filled
(121 | Only ML MIMO estimation in only a | slotted waveguide
few milliseconds antenna design
. Eliminates the need .
Limited to Applied to UWB
[16] | Only ML MISO to develop two MIMO antennas
separate models
Reduces
. computational Improved training
[17] | Only ML Llﬁlltse(d) to complexity and efficiency but
shortens training limited to MISO
time
eempuationsy | Generalized
(18] | only ML Limited to demand through antenna de's1'gn, but
MISO multiphysics-dri not specifically
ultiphysics-driven RMSA
learning
Develops a unified
. framework capable | Comprehensive
. | Comparison| Improved . S
[This of producing fast | generalization of
of ML, DL, | MISO and L. .
work] and TabNet MIMO predictions and RMSA with full
global MIMO capability
interpretability

Traditionally, RMSA performance has depended heavily on
various design parameters. In [19], the authors reported that
critical factors influencing RMSA performance include
substrate width, ground plane length, patch length, and patch
width. An increase in ground plane dimensions has been shown
to impact radiation gain significantly. Authors in [20] used an
inset-fed configuration, which can particularly affect
impedance bandwidth and radiation efficiency. By adjusting
the dimensional parameters associated with each antenna
design, the Su and VSWR of the RMSA were determined
utilizing a time-domain solver that employed a hexahedral
mesh configuration. This configuration was generally more
efficient than the tetrahedral mesh in simulations utilizing the
Finite Integration Technique (FIT), with numerical errors
consistently maintained below —-30 dB. The VSWR values
represent Sii normalized to a 50 Q impedance, thereby
indicating impedance matching at the operating frequency.
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This study employed a parameter sweep process to explore
the impact of design parameter variations on the performance
of the RMSA. A linear sweep method was employed, where
specific parameter values were systematically varied within a
predefined range using a fixed increment, commonly referred
to as the step width. The investigated parameter values were
systematically varied using a uniform step size approach,
expressed as shown in (1):

where P; denotes the parameter value at the i-th iteration, P,,;,
is the lower bound, and AP is the incremental step size. The
total number of sampling points N was determined as shown in

Q):
N = |Pmecfmin| 4 )

This ensures complete coverage of the parameter range
from P,,;, to Py, with evenly distributed values. This
procedure was implemented across a range of design
parameters, including the slot width of the antenna, which was
varied within a specified range of 13 mm to 15 mm, utilizing a
step width of 0.2 mm. Consequently, 11 distinct values were
produced, facilitating a thorough analysis of the impact of each
parameter variation on the antenna's response, as assessed
through Si;. Furthermore, this step enabled the systematic
evaluation of parameter configurations within the
predetermined range to ascertain the optimal design that meets
the performance criteria.

III. PROPOSED APPROACH

A. Multi-Input Single-Output Machine Learning Regression

This approach employed several ML regression models,
including RF, Linear Regression (LR), and Support Vector
Machine (SVM) to perform a comparative analysis. The model
demonstrating the highest average performance across multiple
evaluation metrics was selected among these models.
Subsequently, the selected model was trained multiple times
using the same input set, producing a separate model for each
output variable.

B. Multi-Input Single-Output Neural Network Regression

This approach followed a standard neural network
architecture. The output layer was configured to produce only a
single output value. Similar to traditional regression models,
the neural network was trained multiple times, each instance
yielding a distinct model for each output. The number of
neurons in each hidden layer was systematically varied to
optimize performance and improve accuracy, and the results
were evaluated and compared accordingly.

C. Multi-Input Multi-Output Tabular Neural Network

This approach adapted the TabNet architecture to
simultaneously address the MIMO regression task on RMSA
parameter data. Two groups of input features were defined:
structural features (x;: fr, Wyp » Lgp » Lf s Wy, T.) and
geometrical features (xz: Wj,,Ly, Wy, Lgr, S¢). These feature
sets were processed through parallel encoders, allowing for the
independent extraction of deep latent representations from each

group. The resulting representations were subsequently fused
and passed into a global decision-making module designed to
produce multi-output predictions, including key antenna
performance parameters such as Sii, bandwidth, and VSWR.

To optimize the predictive performance, a multi-task
regression strategy was implemented using a composite loss
function based on the weighted Mean Squared Error (MSE),
where the weights were assigned proportionally according to
the complexity and scale of each output. Model evaluation was
conducted using standard regression metrics, Root Mean
Squared Error (RMSE), coefficient of determination (R?), and
Mean Absolute Error (MAE) to assess prediction accuracy,
model robustness, and generalization performance across the
range of target variables.

IV.  EXPERIMENTAL RESULTS AND DISCUSSION

A. Experiment 1: Comparison Analysis of Multi-Input Single-
Output Machine Learning Regression

Table II presents a comprehensive performance evaluation
of the four regression algorithms: LR, RF, Support Vector
Regression (SVR), and Gradient Boosting (GB). Among them,
ensemble learning-based approaches demonstrated superior
predictive accuracy across all three target outputs: bandwidth,
Su, and VSWR.

TABLE II. PERFORMANCE EVALUATION OF DIFFERENT
MODELS ON BANDWIDTH, S;;, AND VSWR PREDICTION
Output | MAE | MSE [ RMSE | RZscore
LR
Bandwidth 0.2897 0.1613 0.4017 0.2435
Su 3.5424 18.7306 4.3279 0.706
VSWR 1.2436 3.5873 1.894 0.6921
Average per unit 1.6919 7.4931 2.2079 0.5472
RF
Bandwidth 0.0033 0.0002 0.014 0.9991
S 0.4378 0.8659 0.9305 0.9864
VSWR 0.1074 0.1078 0.3284 0.9907
Average per unit 0.1828 0.3246 0.4243 0.9921
SVR
Bandwidth 0.1292 0.0717 0.2677 0.664
Sui 1.5114 74011 2.7205 0.8838
VSWR 0.7358 3.5022 1.8714 0.6995
Average per unit 0.7921 3.6583 1.6199 0.7491
GB
Bandwidth 0.0064 0.0005 0.0231 0.9975
Su 0.6338 1.2277 1.108 0.9807
VSWR 0.0928 0.0376 0.1941 0.9967
Average per unit 0.2443 0.4219 0.4417 0.9916

RF consistently achieved the best overall performance,
resulting in the lowest MAE, MSE, and RMSE values, as well
as R? scores approaching 1, particularly for bandwidth (R? =
0.9991) and S11 (R2 = 0.9864). GB also delivered competitive
results and outperformed all other models in predicting VSWR,
achieving an R? score of 0.9967. However, one of the main
challenges lies in the model's non-parametric, ensemble-based
nature, which complicates the direct interpretation of causal
correlations between design parameters and the resulting
antenna characteristics [21]. In practical antenna engineering, a
clear understanding of the contribution of each geometric
variable is essential for exploration grounded in EM principles.
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Additionally, RF tends to perform poorly in extrapolating 0 =
beyond the known design space, thus limiting its relevance for ‘:‘.,V"'
innovative design studies or extreme scenarios. @ . el 5
B. Experiment 2: Deep Learning Regression with Multi-Input % -10 . "',jl’"‘

Single-Output Architecture ; R <2
.-0 .
In Experiment 2, which built upon the initial investigation ot ol X%
into utilizing DL f icti % —20 N
g or antenna parameter prediction, a DL. model 5 e e
was developed using a feedforward neural network g Fap, .
architecture. The model comprised two hidden layers . "
employing ReLU activation functions and a 20% dropout rate -30 ’
for regularization to mitigate overfitting. This study evaluated ~30 50 ~10 0
four configurations of neuron counts in the first hidden layer: Actual Values
500, 750, 1000, and 1200, with each model trained using the
Adam optimizer over 100 epochs and a batch size of 16. Figure @
1 presents the comparison results between predicted and actual ’
values for each antenna parameter. The DL model with 500 15 v
neurons demonstrated excellent predictive performance on the b
test data, exhibiting low errors and a strong correlation between %
predicted and actual values, as detailed in Table III. z 1.0 >
v .
TABLE III. SUMMARY OF THE EVALUATION RESULTS BY §
THE DL MODEL FOR EACH ANTENNA PERFORMANCE 8 0.5 .
PARAMETER £ '
Output | MAE | MSE | RMSE | RZscore
DL (500) 0.0- &~
Bandwidth 0.0217 0.0019 0.0434 0.9912
Sii 0.7238 1.7554 1.3249 0.9725 0.0 0.5 15
VSWR 0.2307 0.1871 04326 | 09839 Actual Values
Average per unit 0.3254 0.6481 0.6003 0.9825 (b)
DL (750)
Bandwidth 0.0228 0.0028 0.0525 0.9871
Su 0.8683 22319 1.4940 0.9650 w15
VSWR 0.2621 0.2257 0.4751 0.9806 g ..
Average per unit 0.3844 0.82013 0.6738 0.9775 T 2
DL (1000) > 10- i
Bandwidth 0.0255 0.003 0.0543 0.9862 8 . tg'.l_‘:
Su 0.7666 1.7901 1338 09719 £ oy
VSWR 0261 0237 0.4868 0.9797 o L
Average per unit | 0.3510 0.6767 0.6264 0.9793 @ 5 : ‘&3“‘.
DL (1200) e . /69,;‘3
Bandwidth 0.0317 0.004 0.0636 0.981 $ :
S 0.882 2.0299 1.4247 0.9681 0 -
VSWR 0.28 0.2368 0.4866 0.9797 0 5 10 15
Average per unit 0.3979 0.7569 0.6583 0.9763 Actual Values

To evaluate the predictive accuracy of the models on
RMSA performance parameters, Table III presents the
prediction results of four DL configurations with varying
numbers of neurons (500, 750, 1000, and 1200), along with the
RF model, applied to five test samples for Sii, bandwidth, and
VSWR. The results demonstrate that the RF model consistently
yields the lowest deviations across all parameters, particularly
at extreme values that characterize RMSA antennas, such as
sharp reflections (S;; < =10 dB), very narrow bandwidths (<
0.1 GHz), and low VSWR values (< 2). Conversely, DL
models with more neurons (1000 and 1200) tend to exhibit
greater error fluctuations, indicating potential overfitting and
reduced generalization ability, especially in the narrow
bandwidth regime, where prediction errors exceeded 80%. The
DL (500) model showed more stable performance than other
DL variants, but still underperformed relative to RF,
particularly in predicting extreme S;; and bandwidth values.

(©
Fig. 1. Comparison between actual and predicted values for: (a) S11, (b)
bandwidth, and (¢) VSWR.

Although the predictive performance for S;; was notably
high, as shown in Figure 1(a), slight deviations were observed
in regions of very low (around —30 dB) and moderately high
(close to 0 dB) actual values, indicating a minor lack of
precision at the extreme ranges. This issue commonly arises
due to the non-uniform distribution of the dataset and the
potential influence of outliers in the actual S;; measurements.
Such deviations can be attributed to the inherent sensitivity of
RMSA antennas to variations in patch and slot dimensions,
particularly under design conditions that yield either
exceptionally good or poor impedance matching. Figure 1(b)
shows that the predicted bandwidth points are highly
concentrated at two extremes: values near 0-0.2 GHz and
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around 1.4-1.6 GHz. This pattern may indicate that the actual
data are predominantly distributed around these two clusters, or
it may reflect the strong nonlinear influence of input features,
such as patch dimensions, slot geometry, and substrate
thickness on the resulting bandwidth. In the context of RMSA
antenna design, this finding aligns with its intrinsic
characteristic of exhibiting a naturally narrow bandwidth due to
its sharp resonance behaviors. Figure 1(c) reveals a slight
deviation, particularly in two extreme regions, very low actual
VSWR values (< 2) and very high values (> 15). This indicates
that although the model was well-trained, its predictive
accuracy slightly deteriorates under extreme conditions. This
decline is most likely attributed to the uneven distribution of
VSWR data and the presence of outliers associated with
specific geometric configurations. These findings reaffirm that
ensemble-based models, such as RF, address the inherent
nonlinear complexity of RMSA antenna characteristics more
effectively, demonstrating consistent predictive accuracy even
under uneven data distributions and extreme value ranges. This
result corroborates previous research in [22]. However, it is

important to note that RF has inherent limitations in handling
multi-output regression tasks directly. As a result, simultaneous
modeling of multiple antenna performance parameters requires
either a wrapper-based strategy or independent modeling for
each output. The subsequent experiment investigates a DL
approach tailored for multi-output prediction.

C. Experiment 3: Multi-Input Multi-Output Tabular Network

The TabNet regressor is a DL architecture that integrates
the strengths of decision trees and neural networks for
modeling tabular data. In this context, the implementation of
TabNet provides both automatic feature selection capabilities
and enhanced interpretability compared to traditional models,
particularly making it suitable for handling normalized
numerical data derived from the physical parameters of antenna
designs. The trained model configurations were subsequently
compared and evaluated regarding their relative performance in
predicting key antenna performance parameters, including Sii,
bandwidth, and VSWR.

— 0 e .
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Fig. 2.
(c) effect of depth.

0 2
Actual Bandwidth

0 5 10 15
Actual VSWR

Comparison between predicted and actual values for different TabNet configurations across three antenna parameters: (a) default, (b) base TabNet, and
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As illustrated in Figure 2(a), the default configuration
consistently demonstrated the best performance compared to
both the base TabNet (Figure 2(b)) and the effect of depth
configuration (Figure 2(c)), particularly in modeling the S; and
VSWR parameters, which are key indicators of impedance
matching and power reflection efficiency in RMSA. For the Si;
parameter, the default achieved the highest coefficient of
determination (R2 = 0.903), accompanied by the lowest RMSE
and MAE values, 2.439 and 1.525, respectively, indicating a
highly accurate prediction capability for the complex physical
characteristics underlying the power reflection behavior of
RMSA antennas.

As illustrated in Figure 3, regarding the importance of
global features, a critical aspect for identifying the most
influential parameters in antenna design, the feature Ly (feed
length) emerged as the most significant contributor to the
model's predictions (global interpretability), followed by L,
(resonant frequency) and W, (patch width). TabNet possesses
highly desirable characteristics for antenna design, particularly
for RMSA, as it enables the identification of the most
influential parameters in predicting specific performance
metrics, such as Si;, bandwidth, and VSWR. These findings are
consistent with previous studies, which report that DL models
exhibit strong robustness in modeling antenna parameters,
enable the rapid generation of innovative antenna structures,
offer greater structural reliability, and provide cost efficiency
compared to traditional methods for designing complex
antennas.

=
‘3<

Parameters

wr
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16
Importance Score
Fig. 3. Global feature importance for RMSA performance prediction using
TabNet.

V. CONCLUSION

The overall findings of this study successfully addressed
the core research problem of accurately and efficiently
predicting the performance parameters of Rectangular
Microstrip Antenna (RMSA)-type antennas based on geometric
design variables. Both Machine Learning (ML) and Deep
Learning (DL) regression approaches effectively captured the
complex nonlinear relationships between the physical
dimensions of the antenna and its Electromagnetic (EM)
response. In particular, DL models exhibited architectural
flexibility and high representational capacity, enabling
consistently accurate predictions of parameters such as Sy,

bandwidth, and Voltage Standing Wave Ratio (VSWR), even
for complex, nonlinear antenna geometries.

The Tabular Network (TabNet), which integrates
interpretability with efficient data processing, emerged as a
competitive alternative to traditional models. Its success in
predicting five test samples with low error rates and high
correlation reinforces the conclusion that these models are
practically applicable to data-driven RMSA antenna design and
optimization processes. Moreover, TabNet was able to identify
critical features that align with established EM principles,
making its model interpretation not only statistically robust but
also physically meaningful.

Therefore, this approach is not only relevant for laboratory-
scale studies but also holds strong potential for real-world
implementation, where speed and accuracy are critical in
Microstrip Antenna (MSA) development. Even a gain of just a
few seconds is highly significant in the implementation of data-
driven intelligent systems, as such systems demand instant
responsiveness, computational efficiency, and high adaptability
to the dynamic processes of design and optimization.
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