Bayesian-optimized Neural Network for Evaluating the
Operational Range of Freeform Microstrip Antennas

7 [0009-0009-6473-0807 0000-0001-7904-5567]

Michal Wyciszkiewic 1and Bartosz Czaplewski

Department of Teleinformation Networks, Faculty of Electronics, Telecommunications and
Informatics, Gdansk University of Technology, Narutowicza 11/12, 80-233 Gdansk, Poland
bartosz.czaplewski@pg.edu.pl

Abstract. This paper introduces Bayesian optimization into the training process
of a neural network classifier model that allows for determining the operating
range of freeform microstrip antennas for randomly generated designs. The
proposed approach addresses the challenge of manual hyperparameter tuning
and leads to improved classification accuracy compared to existing implementa-
tions.. Moreover, the optimization process includes selected architectural pa-
rameters, resulting in a more generalizable solution that does not require expert
knowledge in electromagnetic simulation procedures. As a result of the con-
ducted experiments, a multilayer perceptron network architecture was devel-
oped, achieving high classification accuracy for frequency band intervals of the
designed microstrip antennas. The application of Bayesian optimization simul-
taneously allowed for the effective minimization of the number of model archi-
tecture parameters.

Keywords: Bayesian Optimization, Neural Networks, Planar Microstrip An-
tennas.

1 Introduction

In recent years, neural networks have been increasingly implemented into existing
telecommunications solutions to enhance their functionality and performance. Their
application spans a wide range of tasks, including detection [1] and protection [2] of
wireless networks against cyberattacks, classification [3] and traffic analysis [4] in
telecommunications networks. Neural networks also play a significant role in the
development of 5G systems [5], optical networks [6], and antenna design [7]. This
progress was made possible by the rapid development of various neural network ar-
chitectures and hyperparameter optimization techniques.

Conventional antenna design process is typically based on manual, iterative proce-
dures involving substrate selection, geometry definition, and parametric adjustment,
which are time-consuming, often suboptimal, and susceptible to designer bias. To
overcome these limitations, automated and specification-driven design frameworks
employing optimization algorithms have been proposed [8-11], although they intro-
duce new challenges related to geometry representation, high-dimensional design
spaces, and substantial computational requirements. Automatically generated antenna
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structures are commonly represented either as combinations of simple geometric
primitives, such as rectangles or triangles [12,13], or through coordinate-based de-
scriptions, including splines and line segments [14-16]. This study focuses on the
latter representation, which offers greater geometric flexibility but also leads to diffi-
culties such as self-intersecting shapes, nontrivial initialization of antenna topology,
and increased dimensionality. While metaheuristic optimization methods partially
mitigate these issues [16,17], their practical applicability is still constrained by the
high cost of electromagnetic (EM) simulations required for accurate performance
evaluation. The lack of analytical models for particular antenna topology often leads
to the use of heuristic or literature-based initialization strategies, which may introduce
design bias. Although surrogate modeling approaches have been proposed to reduce
computational burden [14,18], challenges associated with dimensionality and bias
remain unresolved [19]. A comprehensive overview of these methods is provided in
[20-24]. In this context, machine learning techniques offer a promising alternative by
enabling rapid performance estimation and reducing dependence on full-wave EM
simulations. The present work addresses the problem of identifying promising anten-
na geometries for a target operating frequency range, with the objective of supporting
subsequent optimization stages while minimizing reliance on computationally expen-
sive EM solvers and limiting traditional engineering bias.

The most popular neural network architectures include multilayer perceptrons
(MLPs) [25-27], convolutional neural networks (CNNs) [28-30], and recurrent neural
networks (RNNSs) [31,32]. Each of these architectures exhibits distinct strengths and is
suited to specific domains. MLPs are particularly effective for tabular data and can
achieve satisfactory performance even with relatively limited training datasets. CNNs
are well suited for image-related tasks due to their ability to exploit spatial correla-
tions, whereas RNNSs are designed for sequential data processing, as they can capture
temporal dependencies by retaining information from previous states.

The effectiveness of these models strongly depends on the appropriate selection of
hyperparameters. Many methods have been developed to optimize them, the most
commonly used being random search, grid search and Bayesian Optimization (BO).
Random search explores the hyperparameter space by randomly sampling configura-
tions without relying on an explicit model of the objective function. This increases the
risk that the best hyperparameter combination may not be found during optimization.
Grid search involves defining a range of values for each hyperparameter. All possible
combinations of the defined hyperparameters are then tested, regardless of whether a
given configuration is likely to perform well. This makes the method computationally
expensive. In contrast, BO constructs a probabilistic surrogate model to approximate
the objective function and uses it to guide the search toward promising regions of the
parameter space. Previous studies have shown that despite significantly shorter model
tuning times, random search yielded the worst model tuning results. Grid search and
BO methods had similar model tuning results, with a slight bias towards BO [33].

The objective of this study is to integrate BO into a classifier for assigning the ap-
propriate operating frequency band of an antenna. Specifically, the proposed approach
aims to: (1) identify an effective classifier architecture, (2) reduce the complexity of
the neural network by minimizing the number of architectural parameters, and (3)
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improve the classification performance reported in [34]. The main contributions of
this work are as follows: (1) the identification of training process parameters that
enable high classification performance, (2) the implementation and detailed descrip-
tion of the BO algorithm, (3) the determination of effective ranges for the optimized
parameters to facilitate practical deployment of the proposed solution, and, (4) an
extensive experimental evaluation validating the proposed approach.

Although the proposed approach builds upon the framework introduced in [34], the
key difference lies in the replacement of grid search with Bayesian optimization for
hyperparameter and architecture tuning. This modification enables a more efficient
exploration of the high-dimensional search space and leads to measurable improve-
ments in model performance. In particular, the optimized model achieves higher clas-
sification accuracy, which enhances its usefulness as a reliable evaluation tool for
antenna design. At the same time, the resulting architecture contains fewer parame-
ters, reducing memory requirements and computational complexity during inference,
while also mitigating the risk of overfitting. It is worth noting that the primary objec-
tive of introducing Bayesian optimization was to maximize predictive performance,
whereas model compactness emerged as a secondary but beneficial outcome.

It should be noted that the use of Bayesian optimization introduces additional com-
putational cost during the training stage due to the need for multiple optimization
trials. However, this cost is incurred offline and is of secondary importance compared
to the primary objective, which is the identification of an effective model architecture
and hyperparameter configuration. In contrast to exhaustive grid search, Bayesian
optimization enables more efficient exploration of the search space, while typically
achieving better results than random search due to its guided sampling mechanism.

The structure of the paper is organized as follows. Section 2 reviews the related
work. Section 3 presents the proposed methodology. Section 4 describes the Bayesian
optimization approach employed in this study. Section 5 reports and discusses the
obtained results. Finally, Section 6 concludes the paper.

2 Related work

In [34], a method for classifying the operating range of planar microstrip antennas
was developed. The solution enabled effective classification of antenna operating
bands without the need for electromagnetic (EM) simulations. This solution acceler-
ates the antenna classification process and reduces the need for specialized
knowledge. An MLP model was used, whose hyperparameters were optimized using
grid search. As a result, two solution architectures were obtained. The first, more
advanced, achieved slightly better accuracy results at the expense of a larger number
of parameters. The second solution, on the other hand, struck a balance between the
number of parameters and classification accuracy.

In [35], the authors introduced a convolutional neural network designed to estimate
the operating frequency ranges of antennas using 256x256 binary representations of
pseudo-random geometries composed of 50 vertices. The problem was formulated as
a multi-label classification task, where each design could be assigned to multiple fre-
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quency bands. The accompanying dataset consisted of 136,351 samples, annotated
across ten frequency intervals of 0.5 GHz each, spanning from 3 GHz to 8 GHz. To
handle the high-dimensional input, the proposed architecture included six convolu-
tional layers followed by four fully connected layers. The developed model achieved
a macro-averaged test accuracy of 0.9387.

Most existing works focus on regression of antenna parameters (e.g., Sy;) or classi-
fication between conventional well-established antenna shapes, which differs funda-
mentally from the multi-label classification formulation adopted in this study.

The paper [36] was devoted to optimizing the antenna design process. The result-
ing solution accelerates design time and simplifies the process, ensuring that antenna
performance requirements are met. A trained artificial neural network (ANN) and
simulated annealing (SA) were combined for this purpose. The ANN was used to
predict electromagnetic performance by constructing a cost function. The SA, in turn,
searched for a wider antenna bandwidth based on the ANN cost function. The result-
ing model enabled the design of a broadband patch antenna with a 19% relative
bandwidth, confirming the feasibility of the method.

In [37] a method for automated antenna sizing and radiation pattern prediction is
presented. This solution significantly reduces the design, modeling, and optimization
time of antenna designs compared to conventional methods. A hybrid structure con-
sisting of a CNN-RNN and a generative adversarial network (GAN) was used to build
the network. The CNN-RNN structure enables antenna sizing and returns specifica-
tions for gain and reflectance (S;1). The GAN was used to predict the antenna radia-
tion pattern. The method successfully estimated the parameters, which was verified by
designing and optimizing an array antenna and comparing it with simulation results.

Bayesian optimization was successfully applied in [38]. It was used to tune the hy-
perparameters of a network intended for radio location. The authors argue that in
designing a network for radio localization purposes, the selection of hyperparameters
is crucial, particularly when the deployment environment changes and the model must
be retrained. The solution they introduced meets these requirements. A neural net-
work composed of fully connected layers was used. Bayesian optimization was used
to optimize the hyperparameters, whose objective function is modeled using a Gauss-
ian process (GP). The implemented acquisition function is expected improvement
(El). The model was be able to reduce the location prediction error by approximately
10% for WiFi networks and by approximately 20% for ultra-wideband (UWB) com-
pared to an analogous model using RS to optimize the hyperparameters.

In [39], Bayesian optimization was used in a network designed to precisely deter-
mine the maximum power point of a photovoltaic (PV) system. The presented solu-
tion outperforms not only unoptimized models but also the traditional perturbation
and observation (P&O) method used for tracking the maximum power point (MPTT)
in photovoltaic systems. A regression neural network with Bayesian optimization was
used to optimize its hyperparameters. Training was performed using K-fold cross-
validation. The results obtained by the optimized network showed that it was able to
track the maximum power point more effectively than a similar network without op-
timization and P&O. The network performed better regardless of the temperature at
which the test was conducted or changes in solar irradiance.
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3 Methodology

To determine the antenna's operating bandwidth, an EM simulation should be con-
ducted. An antenna is considered a promising candidate [34] for further optimization
if its relative bandwidth exceeds 6y, = 0.1, and its reflection coefficient remains below
6r = —3 dB within this frequency range. The proposed method offers an efficient al-
ternative to computationally expensive EM simulations.

The 1Ddesign-to-Label-1.8.3 dataset [40] of 106,351 pseudo-random antenna de-
signs was used to train the network. Each design has 103 parameters. The first is a
scaling factor (<24, 36>), the next two are normalized feed point coordinates (<-1,
1>), and the remaining 50 are normalized coordinates (<-1, 1>) of the antenna shape
vertices. After scaling, these values represent the physical dimensions in millimeters.
The design method [34] was quasi-random and ensured the absence of intersections
between connections and correct power supply connection. Examples are in Figure 1.

Each antenna design is also paired with a 10-element vector describing the anten-
na's bandwidth. The vector elements take values from the set {0;1}, where each ele-
ment corresponds to a 0.5 GHz frequency band. The total frequency range is from 3
GHz to 8 GHz. Any number of labels may be assigned to a single design.
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Fig. 1. Examples of antenna designs (blue — vertices, red — feed point) and antenna response.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:
DOI: jio. 1007/978—3—032—29921—5_q



https://dx.doi.org/10.1007/978-3-032-29921-5_9
https://dx.doi.org/10.1007/978-3-032-29921-5_9

6 M. Wyciszkiewicz and B. Czaplewski

It is important to emphasize that the dataset used in this study is both large-scale
and highly diverse, which supports the generalization capability of the proposed mod-
el within the considered design domain. The dataset contains over 100,000 pseudo-
random antenna designs, generated using a procedure that ensures significant geomet-
ric variability while preserving physically valid structures. Each design is described
by 50 vertices with continuous coordinate distributions, resulting in a high-
dimensional and nontrivial design space representative of freeform antenna geome-
tries. Moreover, the objective of this work is not to develop a universally applicable
model for all antenna types, but rather a specialized classifier tailored to freeform
microstrip antennas with complex geometries. This scope has been explicitly assumed
throughout the study. Therefore, within this problem setting, the dataset provides
sufficient coverage to ensure reliable model training and evaluation, and the obtained
results can be considered representative for this class of antenna designs.

It is important to note that this is a multi-label classification problem (not multi-
class). An antenna may operate over a wide range covering multiple subranges de-
fined by the labels or have several disjoint ranges that meet the criteria. Therefore,
each design in the dataset can be tagged with multiple labels: 77464 samples have
only one active label, 20453 have two active labels, 6390 have three labels, 1776 have
four labels, 253 have five labels, and 15 with six labels. To ensure uniform represen-
tation of all labels, each label appeared 15,000 times in the dataset, while taking into
account the above characteristics of the multi-label classification problem.

The data was divided into three datasets: training, validation, and test. The training
set included 80% of the designs, while the validation and test sets included 10% each.
Training and validation data were used during the Bayesian optimization trials, while
test data were used to evaluate the best trial. The training process involved selecting
the MLP model's training parameters in each trial using Bayesian optimization. Sub-
sequently, the training loop was executed on the training data for each trial. Simulta-
neously, the training process was verified for accuracy in each training epoch by
checking the loss function and the model's prediction accuracy on the validation data.
The goal was to monitor the training process to prevent overfitting. After the training
process was completed, the loss value on the validation set was compared with the
validation loss obtained in the best Bayesian optimization trial. If the result was bet-
ter, meaning the function value was lower, then the model's parameters were saved to
a separate file. Finally, after all trials were completed, the model parameters from the
best trial were read to recreate the best model. This was evaluated using test data, to
which the model had no access during any of the previous training stages. During
training, the loss function values and the model's classification accuracy were calcu-
lated. In the testing phase, the final results were enhanced with calculations of preci-
sion, sensitivity, and F1 Score parameters.

Additionally to prevent overfitting, an early stopping mechanism was implement-
ed. The mechanism terminated the training loop after detecting a series of several
epochs in which further reduction of the training data loss function did not improve
the results for the validation data. At that point, the model parameters were saved,
ensuring the lowest loss function before early stopping was applied. A scheduler was
also used for training, enabling dynamic changes to the learning rate to avoid skips. In
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each training epoch, the data was divided into batches, which allowed for more effec-
tive training on a smaller number of designs. A complete list of training parameters
and their corresponding values is presented in Table 1.

Table 1. Learning parameters.

Parameter Value Parameter Value

Batch size 128 LR scheduler ReduceLROnPlateau
Loss function BCEWithLogitsLoss LR scheduler factor 0.5

Solving algorithm ~ AdamW LR scheduler patience 10

Initial LR 2.0528e-3 Max epochs 1000

Weight decay 4.0197¢—6 Early stopping patience 17

Table 2. Structure of the proposed model

The Optimized NN (2,464,010 parameters)

Fully Connected (FC) layer, 103 neurons
FC, 2048 neurons, Batch Normalization, GELU, 0.263 dropout
FC, 256 neurons, Batch Normalization, GELU, 0.263 dropout
FC, 512 neurons, Batch Normalization, GELU, 0.263 dropout
FC, 1024 neurons, Batch Normalization, GELU, 0.263 dropout
FC, 1024 neurons, Batch Normalization, GELU, 0.263 dropout

FC, 10 neurons

For the microstrip antenna classification problem, a MLP model was selected. Dur-
ing the training phase, multiple model variants were evaluated using Bayesian optimi-
zation. Table 2 presents the solution architecture which achieved the best results. A
notable advantage of this solution is its relatively small number of model parameters.

The presented model architecture comprises many neurons in the input and output
layers, with fewer neurons in the hidden layers. The architecture obtained through
Bayesian optimization exhibits a non-monotonic distribution of neurons across layers.
Rather than following a simple funnel-shaped pattern, the number of neurons increas-
es and decreases between layers. Such a configuration can be interpreted as the opti-
mizer balancing feature extraction and representation capacity at different stages of
the network. Layers with more neurons may capture complex or higher-dimensional
interactions in the input data, while narrower layers may enforce a form of dimen-
sionality reduction or feature selection. This flexibility lets the model allocate re-
sources where most beneficial for classification, rather than following a fixed mono-
tonic structure. The resulting network, despite its unconventional shape, achieves high
accuracy while maintaining a relatively moderate number of parameters.

Various activation functions were tested in the hidden layers, but the best results
were obtained with Gaussian Error Linear Unit (GELU) function. Each hidden layer
was added a dropout, which prevented overfitting by deactivating random neurons
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during training, and batch normalization, which ensured proper fit and scaling of the
activations. The final layer had no activation function. This is dictated by the fact that
the loss function was calculated based on logits, not on the model's predictions.

The model was trained in Python 3.12.10 with PyTorch 2.9.0+cul28, using an
NVIDIA GeForce RTX 4060 graphics card and CUDA 13.0 driver.

4 Bayesian Optimization

Bayesian optimization played a key role in both the training process and the develop-
ment of the proposed solution. It is a highly effective technique, especially for opti-
mizing black-box functions [41]. In such cases, the actual form of the function is un-
known and therefore we are unable to independently select the optimal model pa-
rameters. However, we do know that it accepts certain input parameters and returns a
specific output, for example, an assigned label.

Bayesian optimization has several key advantages. It uses probabilistic models to
find optimal parameters. Therefore, it is more efficient at determining which parame-
ters should be adjusted to align the desired objective function with the actual function.
Consequently, the hyperparameter combinations selected are well-optimized, enhanc-
ing the model’s outcomes. Furthermore, this solution is highly flexible, as it can be
used in various machine learning domains and on any network architecture.

Bayesian optimization involves two key components. The first is a Bayesian statis-
tical model that approximates the objective function f(x) based on input samples x.
Constructed using a Gaussian process (GP), this model enables the estimation of the
unknown black-box function. The GP is defined by the mean function m(x) and the
covariance function k(x,x ).

f(x) ~ GP(m(x), k(x,x)) (1)

where m(x) is zero if no prior knowledge is available and k(x,x) is kernel function
which defines the covariance between any two points in the input space.

The second component is the acquisition function, which enables the correct selec-
tion of subsequent samples, which are evaluated using the objective function. The
most popular acquisition functions include Expected Improvement (EI) and Upper
Confidence Bound (UCB).

EI(x) = E[max(f(x) — f(x"), 0)] @)
UCB(x) = u(x) + xa(x) (3)

where f(x™) is current best observed value of f, u(x) and o(x) are mean and standard
deviation of the GP prediction at point x and « is a parameter balancing exploration
and exploitation.

The Bayesian optimization algorithm proceeds as follows:

1. Specify the number of iterations for Bayesian optimization.

2. Sample the objective function f(x) at several points.

3. Create a surrogate model using Gaussian Process (GP).
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4. Select the acquisition function based on the GP created.

5. Maximize the acquisition function to obtain the next sampling point x.

6. Point x is evaluated using the objective function f(x), and the result is added to
the training data of the surrogate model.

7. Repeat the steps: GP model update — acquisition function maximization —
evaluation of f(x) until the iteration limit is reached or the stopping criterion is met.

a) 61

£(x)
|
~

Fig. 2. Demonstration of Bayesian optimization process (blue — objective function, black
dashed — black-box function, red points — samples): a) Results after x iteration; b) Results after
X + 1 iteration

Figure 2 illustrates the operation of the Bayesian optimization algorithm. The de-
sired black-box function is marked with dashed lines. The blue line represents the
objective function, which is estimated using GP. The blue areas are the uncertainty
intervals of the GP model. As the number of iterations increases, these areas shrink,
and the objective function more closely approximates the desired black-box function.

In this work, Bayesian Optimization is implemented using the Optuna library [42]
with its default Tree-structured Parzen Estimator (TPE) sampler. Unlike classical
formulations based on Gaussian Processes (GP), TPE does not rely on an explicit
kernel function, but instead models the densities of promising and non-promising
hyperparameter configurations using non-parametric estimators. This approach is
particularly suitable for the considered problem, which involves a heterogeneous
search space combining continuous, discrete, and categorical variables.

The number of optimization trials was set to 150 based on empirical convergence
analysis, representing a trade-off between optimization quality and computational
cost. During preliminary experiments, the validation performance stabilized well be-
fore reaching this limit, and increasing the number of trials did not lead to further
improvements in the optimized model. Therefore, 150 trials were considered suffi-
cient to ensure effective exploration of the hyperparameter space while maintaining
reasonable computational cost. In each trial, a model was trained using hyperparame-
ters proposed by the optimization procedure, and the objective was defined as the
validation loss obtained after training. Parameter ranges are shown in Table 3.
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Table 3. Range of optimized parameters.

Learning parameter Range
Number of layers {2,3,4,5, 6}
Number of neurons in each layer {128, 256, 512, 1024, 2048, 4096}
Activation function {ReLU, Leaky ReLU, GELU}
Dropout (0.1,0.4)
Initial learning rate (1e-4, 1e-2)
Weight decay (1e-6, 1e-3)
Scheduler patience {5,6,7,8,9,10, 11, 12, 13, 14}
Batch size {32, 64, 128}

5 Results

Table 4 presents a detailed comparison of the proposed solution with the neural net-
works reported in related work [34, 35]. The evaluation includes both label-specific
test accuracy for each of the ten frequency bands and the overall test accuracy, calcu-
lated as the macro-average of the per-label accuracies. Training and validation accu-
racies (best fold) are also reported. Additionally, for the Optimized NN, complemen-
tary metrics such as precision, recall, and F1 score are provided, giving a more com-
plete picture of its classification performance.

The results show that the optimized neural network (NN), obtained through Bayes-
ian optimization, consistently outperforms NN#1 [34], NN#2 [34] and CNN [35]
across all evaluation metrics. Specifically, it achieves higher training accuracy
(98.72% vs. 97.33%, 97.56%, and 95.97%) and validation accuracy (94.39% vs.
93.36%, 93.04%, and 93.90%). In terms of per-label test accuracy, the Optimized NN
maintains superior performance across most frequency bands, resulting in an overall
test accuracy of 94.29%, compared to 93.55% for NN#1, 93.31% for NN#2, and
93.87% for CNN. Notably, while the Optimized NN has a smaller number of parame-
ters, it demonstrates better predictive performance, highlighting the effectiveness of
Bayesian optimization for model design.

An additional observation from the per-label accuracies is that performance slight-
ly decreases at higher frequency bands. For example, the lowest test accuracies corre-
spond to the highest frequencies (above 6 GHz), indicating that classification be-
comes more challenging as frequency increases. Nevertheless, the optimized NN
maintains higher accuracy than the reference networks even in these bands. This trend
underscores the robustness of the proposed model and its suitability for applications
requiring reliable performance across a wide frequency range. These results indicate
that Bayesian optimization not only improves predictive performance but also leads to
more compact model architectures compared to grid search-based approaches.

It is important to note that the reported overall accuracy of 94.29% should be inter-
preted with caution due to the multi-label nature of the problem. In this setting, accu-
racy is dominated by true negatives, as each sample is associated with a 10-
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dimensional binary label vector in which most entries are zeros. Consequently, high
accuracy can be achieved even when the model does not perfectly capture all active
labels. This effect is reflected in the gap between accuracy (94.29%) and F1 score
(78.63%), where the latter provides a more balanced evaluation by jointly considering
precision and recall. The lower F1 score indicates that predicting all relevant labels
for a given antenna remains a more challenging task, particularly for less frequent or
overlapping frequency bands. Therefore, F1 score should be considered the primary
performance indicator for this task, while accuracy serves as a complementary metric.

Table 4. Results of the experiments.

Model NN#1 [34] NN#2 [34] CNN [35] The Optimized
NN

Training accuracy 97.33% 97.56% 95.97% 98.72%

(best fold)

Validation accuracy 93.36% 93.04% 93.90% 94.39%

(best fold)

Test label-specific [96.91, 94.77, [96.79, 95.04, [96.52, 95.26, [97.61, 96.29,

Accuracy 94.80, 95.51, 95.20, 95.75, 95.08, 95.54, 95.98, 96.39,
95.90, 93.50, 95.83, 93.45, 96.36, 93.83, 96.63, 93.79,
91.18, 91.39, 90.52, 90.39, 91.79, 92.11, 92.04, 91.45,

91.93,89.65]% 91.00, 89.15]%  91.39,90.84]%  92.11, 90.65]%

Overall test accuracy 93.55% 93.31% 93.87% 94.29%

Precision N/A N/A 71.78% 80.67%

Recall N/A N/A 69.78% 76.69%

F1 score N/A N/A 70.15% 78.63%

6 Conclusions

The objective of this work was to apply BO to the training process of an MLP neural
network for classifying microstrip antennas. This approach enabled the identification
of antenna designs suitable for further optimization in an efficient and cost-effective
manner compared to existing solutions reported in [34, 35]. By optimizing both train-
ing and architectural parameters, the proposed method achieved higher accuracy than
previously reported models while maintaining a relatively moderate number of pa-
rameters, confirming the effectiveness of Bayesian optimization in this context.

Regarding limitations, the model was trained on a specific dataset of pseudo-
random antenna designs, which may limit its generalization to other geometries or
frequency ranges. The proposed model is intended for freeform antenna geometries
with high design variability, and its generalization should therefore be interpreted
within this specific domain. Furthermore, the dataset is restricted to pseudo-randomly
generated designs and a predefined frequency range, which may limit applicability to
other antenna types or operating conditions not considered in this study.
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In addition, only an MLP architecture was investigated. Other machine learning ar-
chitectures could provide further insights, potentially improving performance.

Another limitation is that using Bayesian optimization increases the computational
cost during the training stage due to multiple optimization trials. However, this cost is
incurred offline and is of secondary importance, as the primary objective is to identify
an effective model configuration. Moreover, Bayesian optimization enables more
efficient exploration of the hyperparameter space compared to grid search and typical-
ly yields better results than random search.

Future work will follow three main directions. First, further optimization of the
remaining model parameters will be conducted to improve classification performance.
Second, alternative architectures, including convolutional neural networks, will be
investigated and optimized using Bayesian approaches. Third, the proposed classifier
will be integrated with generative models, such as conditional variational autoencod-
ers, to support automated antenna design and validation pipelines.
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