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H I G H L I G H T S

• Comprehensive data-driven modeling of broadband antennas.
• Development of multi-branch recurrent convolutional decoder network.
• Utilization of attention mechanisms for reliable radiation pattern modeling.
• Competitive accuracy of the framework showcased against state-of-the-art benchmark.
• Real-world design applications demonstrated involving global/local surrogate optimization.
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A B S T R A C T

Behavioral modeling is becoming increasingly important in antenna development, particularly in accelerating 
simulation-based design processes such as optimization. However, the construction of accurate data-driven 
models remains a challenging task, typically limited to electrical responses such as reflection coefficients or 
integral performance metrics (e.g., gain). In contrast, the behavioral modeling of radiation patterns—although 
crucial from a design perspective—has been relatively scarce in the existing literature. This research in
troduces a new surrogate modeling framework for broadband antennas that leverages customized deep learning 
techniques. The proposed approach enables accurate and comprehensive modeling of both electrical responses 
(e.g., reflection coefficient, gain) and far-field radiation patterns across a broad range of frequencies, elevation/ 
azimuth angles, and geometric parameters. As a result, the developed surrogates are highly versatile and 
applicable for addressing a wide spectrum of design and optimization tasks. For accurate representation of ra
diation patterns, a hybrid deep learning architecture is developed that integrates multi-branch recurrent pro
cessing with cross-attention–based feature fusion. Six independent RNN branches (each combining FC, LSTM, 
and GRU layers) extract complementary representations of the geometric input space, which are subsequently 
fused through a cascade of attention modules. The fused embedding is decoded using a transposed-convolutional 
refinement network to reconstruct the full radiation pattern. Extensive validation studies, performed using two 
ultra-wideband antenna designs, confirm the excellent predictive accuracy and robustness of the proposed 
surrogates. The results also demonstrate their advantages over multiple benchmark methods, including con
ventional regression models and various deep learning schemes. Furthermore, the practical utility of the 
framework is demonstrated through real-world design tasks, including impedance matching enhancement, size 
reduction, omnidirectional radiation, and gain stability. Overall, the presented methodology represents a sig
nificant advancement toward comprehensive multi-response antenna modeling and substantially extends the 
capabilities of behavioral metamodeling in contemporary antenna design practice.
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1. Introduction

The development of contemporary antenna systems is a complex, 
multi-objective endeavor. It must satisfy a wide range of performance 
requirements—such as high gain, broad bandwidth, and strong isolation 
[1–5], while also supporting advanced functionalities, including 
multi-band operation and circular polarization [6–9]. In addition, many 
designs are subject to stringent constraints related to miniaturization 
and compactness [10–14]. Meeting these diverse demands often leads to 
geometrically intricate antenna structures whose accurate evaluation 
and optimization depend heavily on electromagnetic (EM) analysis. EM 
simulation is indispensable for capturing essential electromagnetic ef
fects such as mutual coupling, radiation losses, and the impact of extra 
components (e.g., mounting fixtures, radomes) [15–19]. Consequently, 
EM modeling is now integral to nearly all stages of antenna develop
ment, from architecture exploration and parametric studies to final 
optimization [20–23]. Among these stages, optimization remains the 
most computationally demanding [24][25], particularly when involving 
global search procedures [26–32] or multi-objective formulations 
[33–35]. The challenge becomes even more pronounced for 
population-based bio-inspired algorithms [36–45] including recently 
proposed evolutionary and fitness-dependent optimization schemes 
[46][47], which typically suffer from low computational efficiency 
[48–53]. Similarly, uncertainty quantification and yield-driven optimi
zation introduce additional computational burdens, further emphasizing 
the need for efficient yet accurate design methodologies [54][55].

Accelerating EM-based antenna design undergoes extensive studies, 
leading to a wide range of methodologies aimed at reducing computa
tional cost while maintaining accuracy. Among these are advanced 
gradient-based optimization schemes employing adjoint sensitivities 
[56][57], selective or restricted sensitivity updating strategies [58–60], 
mesh deformation techniques [61], and the use of fast EM solvers 
[62–64] or parallel computing frameworks [65]. Other conceptually 
distinct approaches include response feature-based optimization 
[66–68], cognition-driven design [69], and dimensionality reduction 
methods [70]. A particularly influential class of techniques is surrogate 
modeling, which has gained substantial traction in recent years for its 
ability to expedite EM-driven tasks such as global optimization [71] 
[72], multi-objective optimization [73][74], and statistical or 
yield-driven design [75–77]. By replacing costly EM simulations with 
computationally inexpensive predictive models, surrogate-based 
methods can dramatically reduce overall design time. Among surro
gate approaches, data-driven (behavioral) models, such as kriging, 
support vector regression, and artificial neural networks (ANNs) 
[78–82], are the most broadly adopted owing to their flexibility, 
straightforward implementation, and accessibility [83–86]. These met
amodels are often integrated within machine learning (ML) frameworks, 
acting as fast predictors to generate and refine candidate designs 
[87–92]. In contrast, physics-based surrogates, though potentially more 
accurate, are typically problem-specific and primarily applied in local 
optimization contexts, including response correction and space mapping 
[93–96].

Recently, ANNs have attracted significant attention, particularly 
within the domain of machine learning (ML)-based optimization. 
Commonly employed network architectures include multilayer percep
trons (MLPs) [97–101], deep neural networks (DNNs) [102][103], 
convolutional NNs (CNNs) [104], and long short-term memory (LSTM) 
architectures [105]. In addition to these standard topologies, various 
custom network designs have been developed to address specific chal
lenges, such as multi-fidelity networks, evolutionary ANNs, and 
autoencoders [106–108], demonstrating the effectiveness of neural 
networks for antenna-response modeling. Most ANN-based approaches 
to antenna modeling are designed as forward models that predict an
tenna performance from geometry and material parameters. Inverse 
modeling, which aims to infer geometry from desired performance 
characteristics, remains relatively uncommon [109–113] (see also [114] 

for a recent review). More general-purpose ANN-based modeling 
frameworks are even rarer due to their inherent complexity and high 
data requirements. Notable recent developments in this area involve 
DNNs, CNNs, and graph neural networks (GNNs) [115–117], which 
have shown promise for capturing intricate electromagnetic behaviors 
across diverse antenna geometries. Nevertheless, these approaches were 
still directed towards electrical responses, inverse designs, or selected 
response quantities rather than a comprehensive frequency–angle 
radiation-pattern reconstruction.

Surrogate modeling for antennas, though highly beneficial, remains 
challenging. The primary difficulties arise from the curse of dimen
sionality, strong nonlinearity of system’s responses, and the need for 
covering broad parameter and frequency ranges to make sure that the 
surrogate is suitable for practical design applications. Addressing these 
challenges is nontrivial. A commonly adopted strategy, particularly in 
optimization-oriented workflows, is utilization of machine learning 
(ML) frameworks, where metamodels are constructed only within 
limited, promising subregions of the design space determined early 
during the search run [118]. However, this approach leaves large por
tions of the space unexplored. Several other methodologies have been 
developed to alleviate the curse of dimensionality, including principal 
component analysis (PCA), least angle regression (LAR), and 
high-dimensional model representation (HDMR) [119–121], as well as 
multi-fidelity modeling techniques [122][123]. More recently, 
performance-driven modeling [124] has emerged as an effective solu
tion, improving modeling efficiency by focusing surrogate construction 
on carefully defined regions that contain high-quality designs. Never
theless, determining these regions entails substantial initial computa
tional overhead, as it typically requires pre-optimizing reference designs 
[125] or pre-screening the parameter space [126]. This added cost can 
be mitigated through variable-fidelity electromagnetic (EM) analysis 
[127], incorporation of sensitivity information (e.g., gradient-enhanced 
kriging) [128], or the use of advanced deep learning architectures that 
can capture complex parameter interactions more efficiently [129]; 
highlighting the limitations of neural networks depending on their 
ability to represent complex EM-response structures under limited 
training-data conditions.

Most existing data-driven antenna modeling techniques are confined 
to representing vector-valued responses, such as electrical characteris
tics (e.g., reflection coefficients versus frequency) or integral parameters 
(e.g., gain versus frequency). In contrast, modeling of far-field radiation 
patterns—crucial for tasks like beam shaping, sidelobe suppression, 
front-to-back ratio improvement, or achieving omnidirectional 
radiation—has received limited attention. The distinction is important, 
since radiation patterns are not merely simple vector-valued outputs; 
they are structured responses that vary jointly with frequency and 
angular direction. A notable exception is array-factor (AF)-based 
modeling, commonly used for antenna arrays. However, AF models 
suffer from inherent limitations, primarily due to the neglect of mutual 
coupling effects. These effects can be incorporated through simulation- 
based superposition models [17] or EM analysis of the entire array. To 
enhance AF modeling, several studies have integrated AF representa
tions with different ANN architectures, including MLPs, graph neural 
networks (GNNs), and CNNs, for behavioral modeling of array radiation 
patterns [117][130–134]. Recent works have attempted to incorporate 
radiation pattern modeling directly into surrogate-based design frame
works. For example, CNNs have been employed to represent far-field 
responses as surrogate outputs in multi-objective optimization [135], 
while other studies have used radiation patterns as model inputs for 
inverse design, leveraging MLPs [116] or physics-informed neural net
works [109]. Furthermore, adaptive neuro-fuzzy inference systems 
(ANFIS) have been applied to specific antenna types such as circular 
loop and corrugated horn antennas [136][137]. In another example, 
CNNs were used to model the near-field patterns of a simple patch an
tenna characterized by four geometric parameters [115]. Meanwhile, 
[138] proposed an autoencoder with convolutional layers to reconstruct 
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3D radiation patterns from two-dimensional field cuts. Only a few 
studies have pursued comprehensive modeling of antenna characteris
tics that include far-field responses [139–141]. For instance, [140] uti
lized MLPs for inverse modeling in a multi-objective optimization 
framework, albeit over limited parameter ranges. Similarly, [141] 
demonstrated a hybrid approach combining MLPs with support vector 
regression (SVR) for modeling a Fabry–Pérot antenna, though the setup 
was relatively simple (involving just three design variables). Impor
tantly, most of these works lack rigorous error analysis and bench
marking, which limits their generalizability and comparative 
assessment.

The objective of this study is to develop a unified data-driven sur
rogate framework capable of high-fidelity modeling of both electrical 
characteristics (such as reflection and gain) and far-field responses 
across a broad frequency range and wide elevation/azimuth angles, 
while accounting for variations in antenna geometry. Within this 
framework, the primary focus and principal contribution of the paper lie 
in modeling radiation patterns, for which a customized neural archi
tecture is introduced. Specifically, the radiation-pattern prediction task 
is addressed through a tailored attention–fusion network (AFN) that 
employs a multi-stream recurrent architecture with cross-attention, 
coupled with a hierarchical decoder. The network is designed to pro
cess compact geometric design parameters through multiple parallel 
recurrent branches composed of fully connected, long short-term 
memory (LSTM), and gated recurrent unit (GRU) layers. The latent 
representations produced by the parallel branches are then fed into a set 
of cross-attention modules, which learn to selectively emphasize infor
mative branches while suppressing redundant or noisy ones. The fused 
output is subsequently reshaped and processed by a hierarchical 
transposed-convolutional decoder that reconstructs the full radiation 
pattern. This design enables the attention-fusion net (AFN) to outper
form conventional CNN, RNN, and transformer baselines by explicitly 

modeling inter-branch interactions while preserving fine-scale angu
lar–frequency structure. Comprehensive verification studies were per
formed using two broadband antennas with the frequency range from 
3.1 GHz to 10.6 GHz. The results demonstrate the exceptional accuracy 
and robust generalization capability of the presented surrogates, out
performing a wide range of benchmark techniques, including traditional 
regression models and modern deep learning architectures such as 
MLPs, CNNs, and RNNs. The error analysis was further complemented 
with practical design case studies, including antenna optimization for 
impedance matching, size minimization, omnidirectional radiation, and 
gain stability. In all scenarios, the proposed models consistently deliv
ered reliable predictions and facilitated the identification of high- 
performance designs, which were subsequently validated through EM 
simulations. The presented methodology may be considered a step to
wards comprehensive multi-response antenna modeling, which extends 
the capabilities of behavioral metamodels in contemporary antenna 
development.

This work delivers several key original contributions: 

• An innovative deep learning-oriented framework for holistic 
modeling of antenna electrical and field characteristics across wide 
ranges of frequency elevation/azimuth angles, and diverse geometric 
configurations.

• Development of a multi-branch parallel recurrent pipeline (with fully 
connected - LSTM - GRU layers) designed to learn complementary 
nonlinear transformations of the geometric parameter space.

• Development of a cross-attention-based fusion mechanism that 
dynamically weights representations to enable the network to model 
inter-branch dependencies.

• Development of a hierarchical transposed-convolutional decoder 
that reconstructs full high-resolution radiation patterns from the 
fused latent embedding, preserving its structure.

Fig. 1. Comprehensive antenna modeling: (a) basic terminology, (b) modeled characteristics.
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• Comprehensive performance evaluation underscoring the proposed 
procedure’s exquisite predictive power and cost efficiency over a 
broad spectrum of benchmark modeling approaches.

• Application of the models to practical design optimization problems, 
highlighting their effectiveness in scenarios such as impedance 
matching enhancement, size reduction, and omnidirectional radia
tion characteristics.

Overall, the main difference between the proposed model and pre
vious works is that the present approach is specifically designed for 
structured radiation-pattern surrogate modeling, rather than only 
vector-valued electrical-response prediction or isolated field- 
reconstruction tasks. The proposed AFN combines recurrent feature 
extraction, attention-based fusion, and convolutional decoding to 
reconstruct frequency–angle radiation-pattern responses. This distin
guishes the method from prior approaches that mainly focus on con
ventional vector-valued response prediction or simpler field-modeling 
settings.

2. Modelling of antenna responses using multi-branch recurrent 
convolutional decoder network

This part of the paper elaborates on the proposed antenna modeling 
methodology. The modeling task is formally stated in Section 2.1. The 
architecture and other relevant details of neural networks developed to 
represent antenna reflection, gain, and far-field radiation patterns are 
discussed in Sections 2.2 and 2.3, respectively. The complete modeling 
procedure is put together in Section 2.4.

2.1. Surrogate modeling of antenna characteristics: problem formulation

In this research, we construct surrogate models representing the 
electrical and field responses of broadband antennas. More specifically, 
we are interested in the reflection coefficient and realized gain versus 
frequency, as well as the H-plane and E-plane radiation patterns versus 
frequency f and azimuth angleθ. The notation used in this context is 
explained in Fig. 1. The regions of validity of the specific surrogates are 
X × F (for S11.S(x,f) and GS(x,f)), and X × F × Θ for PS(x,f,θ). The angle 
range Θ for radiation pattern modeling is from θL = –180 ◦ to θH =+ 180 
◦. The frequency and angle ranges are discretized: we use Mf frequency 
samples fk, k = 1, …, Mf, uniformly allocated in F, and Mθ angles θk, 
k = 1, …, Ma, uniformly allocated within Θ. Typically, Mf is about 20, 
whereas Mθ = 181 (corresponding to an angle step of one degree).

The model’s reliability is evaluated using a relative root-mean- 
square error (RRMSE), defined as ||Rs(x) – Rf(x)||/||Rf(x)||, where ||. 

|| is a Frobenius norm. In the verification part of the paper, RRMSE will 
be computed using an independent set of 200 testing points uniformly 
distributed in the modeling domain. Note that the relative error is well- 
compatible with the visual assessment of EM-simulated and model- 
predicted outputs. In particular, good visual alignment (which is 
imperative for making the surrogate suitable for design purposes) typi
cally corresponds to an RRMSE of a few percent. Alternative error 
metrics employed in engineering practice can be found, for example, in 
[142] and [143].

2.2. Convolutional Neural Network (CNN) models for electrical response 
modelling

To accurately model the electrical responses of the broadband an
tennas, specifically, reflection and gain characteristics, we employ a 
lightweight Convolutional Neural Network (CNN). This network pro
cesses normalized, image-like representations of the geometric param
eters and predicts the corresponding electric response curves.

2.2.1. Model setup/pre-processing
The geometric parameters are first normalized and reshaped into a 

pseudo-image of dimensions [1 × 1 × F], where F is the number of 
geometric features. This representation allows us to use efficient con
volutional operations while preserving the original feature ordering.

2.2.2. Architecture
The model begins with an ImageInputLayer receiving the pseudo- 

image representation. This is followed by a sequence of 2D convolu
tional layers with increasing channel widths (N → 2 N → 4 N) and kernel 
sizes (1 × 1 → 2 × 1 → 3 × 1). Convolutional layers are paired with 
batch normalization and ReLU activation to regularize training and 
provide non-linearity. After the convolutional blocks, a fully connected 
layer transforms the learned feature maps to a compact latent repre
sentation, which then feeds into a final regression layer to output the 
predicted responses. Fig. 2 shows the CNN model’s flow diagram.

2.2.3. Rationale and Design Motivation
The model architecture is chosen for its good balance between 

complexity, computational efficiency, and generalization. The design 
incorporates several choices tailored to the structure of the current 
problem: 

• Feature mixing using 1 × 1 convolutions – Conceptually inspired by 
Google’s Inception module [144], the initial convolution performs 

Fig. 2. CNN used to represent antenna’s reflection and gain characteristics.
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Fig. 3. Multi-branch attention-based recurrent convolutional decoder network for far-field radiation pattern modeling.
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lightweight channel mixing. This acts as a learned linear projection 
across feature channels while keeping the costs low.

• Hierarchical receptive field expansion – the subsequent 2 × 1 and 
3 × 1 kernels allow the model to progressively capture pairwise and 
multi-feature interactions, which often underlie EM interactions. 
This creates an inductive bias well-matched to the antenna behavior, 
where the features tend to act jointly rather than independently.

• Regularization through batch normalization – Each convolutional 
block includes batch normalization to prevent overfitting and to 
allow a smooth mapping from geometry to response. As shown in 

Section 3, overfitting was a recurring problem with several bench
mark models.

In summary, this architecture is selected because it introduces the 
appropriate inductive bias for antenna modelling—namely, capturing 
localized cross-feature interactions—while maintaining low computa
tional cost and strong generalization. Although RNNs and Transformers 
can emulate interaction patterns through recurrent or attention-based 
mechanisms, they tend to overfit when trained on limited data, 
requiring substantially larger parameter budgets and training resources.

2.3. Multi-branch attention-based recurrent convolutional decoder 
network for far-field radiation pattern modeling

To model the full 2D far-field radiation pattern from geometric 
design parameters, we propose an extensively customized multi-branch 
recurrent attention architecture followed by a convolutional decoder. 
This design is inspired by transformer-style attention mechanisms [145] 
and the idea of learning complementary representations through 
multi-branch processing, similar to Mixture-of-Experts (MoE) models 
[146], although our formulation differs substantially from both. Each 
branch extracts a distinct latent representation of the input parameters, 
and the cross-branch attention modules selectively fuse these 

Fig. 4. Overall topology and data flow of the suggested CNN/AFN-based antenna model.

Table 1 
Convolutional/Transposed-Convolutional Layers of the Decoder.

Block Type Function Kernel Channels Stride

Convolutional (conv2D) Reduction 3 × 3 64 (2,1)
Transposed Conv. 

(transposedConv2D)
Upsampling - 1 3 × 3 64 (7,2)

Convolutional (conv2D) Refinement 3 × 3 128 (1,1)
Transposed Conv. 

(transposedConv2D)
Upsampling - 2 3 × 3 64 (1,2)

Convolutional (conv2D) Final Refinement 3 × 3 32 (1,1)
Transposed Conv. 

(transposedConv2D)
Output 
Reconstruction

3 × 3 1 (1,1)

Table 2 
Tested hyperparameter ranges.

Hyperparameter Tested range/values

Batch size 8 - 32
Initial learning rate 7.5 × 10− 5 to 2.5 × 10− 3

FC projection size 16 - 64
LSTM units 32 - 128
GRU units 64 - 128
Attention dimension 64 - 128
Decoder channel 

settings
Filter combinations ranging from 16 to 256 filters per 
layer.

Number of branches 4, 6
Number of epochs 128, 256

Table 3 
Hyperparameter setting for training of the proposed CNN/AFN models.

Hyperparameter Electrical 
Response CNN

Radiation pattern AFN

Batch size 16
Number of epochs 256
Initial learning 

rate
7.50E-04

Hidden 
dimensions

- LSTM layers: 64 
units 
- GRU layers: 96 
units

- Convolutional filters: progressively 
increased from 64 to 256

Optimizer Adam [147]
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representations into a compact set of feature tokens. These fused tokens 
are then concatenated and passed into a CNN-based decoder, which 

employs a sequence of transposed convolution (upsampling) layers with 
3 × 3 kernels and unit stride (with appropriate padding) to 

Fig. 5. Learn rate evolution and typical loss function convergence for the proposed CNN/AFN-based surrogate model.

Fig. 6. Surrogate modeling of antennas using an attention-based recurrent convolutional decoder NN: complete procedure.

Fig. 7. Antenna II: miniaturized ultra-wideband monopole with elliptical ground-plane slot [149].
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progressively lift the latent features into a smooth, high-resolution 2D 
radiation pattern. Its specifications are diagrammatically represented in 
Fig. 3.

2.3.1. Network specifications
The presented model architecture transforms geometric design pa

rameters into a high-resolution 2D far-field radiation pattern through a 
series of structured processing blocks. The three main stages can be 
distinguished: (i) parallel recurrent branches to construct complemen
tary latent representations, (ii) a cross-attention fusion module, and 
finally (iii) a convolutional decoder that upsamples the fused repre
sentations into the final spatial radiation pattern. The stages are visu
alized in Fig. 3 (see also Fig. 4 for the overall architecture), and a brief 
description is presented as follows:

Parallel Representations: Inspired by the Mixture-of-Experts (MoE) 
models [146], we design a parallel processing unit that receives the 
same input but processes it independently to generate distinct vector 
embeddings. A branch begins with a fully connected projection layer 
mapping the geometric parameters to a higher-dimensional latent space. 
The next block is a leaky ReLU activation, which helps stabilize gradi
ents and avoid saturation effects. These projection features are then 
treated as a 1D sequence and passed to the recurrent stack of LSTM and 
GRU layers. Although the input geometric parameters are not inherently 
sequential, the fully-connected projection layer maps the design vectors 
into a higher-dimensional pseudo-sequential latent representation. This 
allows the recurrent units to model ordered dependencies among the 
geometric features through the projection latent. The LSTM focuses on 
capturing longer-range dependencies, while the subsequent GRU pro
vides a lighter, complementary filtering stage that refines the latent 
state. This cascade balances representational power with parameter ef
ficiency, reducing the possibility of overfitting that would result from 
using a deeper single-type recurrent block.

Cross-Branch Attention Fusion: The latent representations from the 
branches are fed into a set of cross-attention modules, enabling each 
branch to interrogate the information extracted by the others. For each 
attention block, the latent vector of one branch is used to form the query, 
while the remaining branch outputs serve as keys and values. This cross- 
branch configuration enables the model to selectively integrate features 
that recur across branches and suppress representations that are unique 
but uninformative. The output of this module – the attention refined 
embeddings are fused to form the multi-channel latent representation 
that initializes the decoding stage.

Convolutional Decoder for Spatial Reconstruction: The decoder maps 
the fused latent representation into a two-dimensional radiation grid 
through a sequence of transposed convolution (upsampling) blocks. The 
first layer reshapes the concatenated tokens into a low-resolution spatial 
tensor, establishing an initial geometric structure from which the full 
pattern is constructed. Subsequent decoder blocks consist of transposed 
convolutions, combined with appropriate padding, to ensure smooth 
and stable enlargement of the spatial resolution. Furthermore, batch 
normalization is applied to maintain stable feature statistics during 
upsampling, and ReLU activations inject the necessary non-linearity 
without distorting the regression output space. Skip connections were 

Fig. 8. Antenna I: miniaturized ultra-wideband monopole with modified ground and L-shaped ground plane stub [150].

Table 4 
Benchmark Methods.

Method Setup

Linear Regression 
(LR) [151]

• Separate linear regression models per output 
dimension

• Least squares learner
Gaussian process regression 

(GPR) [152]
• Rational Quadratic kernel functions
• Separate GPR models for different responses
• Hyperparameters optimized through maximum 

likelihood estimation
Support vector regression 

(SVR) [153]
• Gaussian(RBF) kernel function
• Separate SVM models for different parts of the 

response
• Kernel scale optimized automatically for each 

frequency
Feedforward Neural Network 

1 (FF-NN) [154]
• Pyramidal Feedforward neural network with 4 

hidden layers (512 → 256 → 128 → 64 neurons)
• ReLU activation functions between layers
• Trained using Adam optimizer with a learning 

rate of 7.5 × 10 − 4, 256 epochs
Recurrent Neural Network 

(RNN_1) [155]
• RNN with LSTM, GRU, and BiLSTM layers: LSTM 

(256 units), GRU (512 units), BiLSTM (512 units)
• Fully connected layer at the end with regression 

output
• Trained using Adam optimizer with a learning 

rate of 7.5 × 10 − 4, 256 epochs
Recurrent Neural Network 

(RNN_2) [156]
• Attention-based Recurrent Neural Network with 

LSTM (256 units) and GRU (512 units) layers
• Attention mechanism with two layers (512 units 

each)
• Fully connected output layer with regression 

output, using Adam optimizer and a learning rate 
of 7.5 × 10 − 4, 256 epochs

Convolutional Neural 
Network (CNN) [156]

• Convolutional network with two 2D 
convolutional layers (32 and 64 filters), followed 
by batch normalization and ReLU activation

• Fully connected layers leading to regression 
output

• Trained using Adam optimizer with a learning 
rate of 7.5 × 10 − 4, 256 epochs

Transformers Encoder [156] • Transformer model with stacked encoder 
modules: 4 blocks of Transformer encoders, each 
with 128 self-attention and feed-forward layers, 
using 8 attention heads, a dropout rate of 0.05

• Adaptive learning rate adjustment, using Adam 
optimizer and a learning rate of 7.5 × 10 − 4, 256 
epochs

• Supports early stopping and checkpoint saving, 
with real-time training and validation loss 
plotting.
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not used, as the sequential decoder already provided accurate recon
struction while maintaining compact architecture. The decoder layers 
are schematically illustrated in Fig. 3 and described in detail in Table 1.

2.3.2. Design motivation and rationale
The architecture is designed to address the following modeling 

challenges: automatic feature relevance and accurately modeling radi
ation patterns in a low-data environment, and most importantly, 
recovering a high-resolution spatial field from a compact geometric 
descriptor. Therefore, we incorporated several design choices tailored to 
the current problem: 

• Parallel recurrent branches mitigate the risk of over-specialization by 
allowing multiple latent hypotheses to form independently from the 
same input. Furthermore, the LSTM–GRU cascade enables each 
branch to capture both long- and short-range interactions among 
geometric parameters, which is particularly suitable for highly 
nonlinear interactions.

• A cross-attention model to integrate only the most mutually infor
mative components across branches.

• Finally, the convolutional decoder is motivated by the spatial 
structure of radiation patterns.

Overall, the architecture integrates parallel recurrent encoding, 
attention-based consolidation, and convolutional spatial modeling to 
produce a deep, highly specialized network tailored for radiation pattern 
reconstruction.

2.4. Model training and hyperparameter configuration

This section outlines the training procedure and hyperparameter 
configurations used for the proposed model, covering both electrical 
response prediction and far-field radiation pattern representation. All 

models were implemented in MATLAB using the Deep Learning Toolbox 
with custom training loops. To improve reproducibility, the tested 
ranges for the main hyperparameters are reported in Table 2, while the 
final selected hyperparameter values employed in each model are 
summarized in Table 3. An adaptive learning rate strategy is employed 
to promote stable convergence during training. The validation loss is 
monitored using a fixed sliding window of 32 epochs, and the mean loss 
over the current window is compared against that of the preceding 
window to assess convergence trends. If the relative improvement falls 
below 0.01%, the learning rate is reduced to 96% of its current value to 
facilitate finer-grained optimization. Conversely, sustained improve
ment beyond this threshold triggers a modest increase to 102.4% of the 
current learning rate, encouraging faster convergence. The resulting 
evolution of the learning rate over training is illustrated in Fig. 5.

The selected hyperparameter values were determined through a 
combination of preliminary exploratory experiments and empirical 
refinement across multiple training runs. In particular, the batch size, 
hidden dimensionality, and initial learning rate were chosen to balance 
convergence stability, representational capacity, and computational ef
ficiency, while mitigating overfitting observed in deeper or wider con
figurations. Once a stable operating regime was identified, these 
hyperparameters were fixed and applied consistently across all reported 
experiments, including benchmark models, to ensure a fair and 
controlled comparison.

2.5. Complete procedure

Here, we summarize the entire modeling algorithm. As mentioned, 
the metamodel is constructed to predict the reflection coefficient and 
realized gain (both as a function of frequency), and H-plane and E-plane 
patterns as functions of frequency and azimuth angle from –180 ◦

to + 180 ◦. The relevant terminology has been explained in Section 2.1. 
The surrogate is built based on training points, xB

(j), j = 1…,NB,

Table 5 
Radiation Pattern Modeling Results for Antenna I.

Modeling method RRMSE [%]

NB = 500 NB = 1000 NB = 2000

H-plane pattern E-plane pattern Mean# H-plane pattern E-plane pattern Mean# H-plane pattern E-plane pattern Mean#

LR 8.3 7.9 8.1 7.0 6.6 6.8 5.2 4.8 5.0
GPR 4.3 4.1 4.2 3.4 3.2 3.3 2.5 2.6 2.5
SVR 4.9 4.0 4.5 3.8 3.1 3.5 2.6 2.8 2.7
FF-NN 7.9 9.7 8.8 6.5 7.6 7.1 4.4 4.7 4.6
RNN_1 9.5 10.6 10.1 6.8 7.5 7.2 3.5 3.8 3.7
RNN_2 9.8 9.3 9.5 7.1 6.8 7.0 3.7 3.6 3.7
CNN 7.2 5.6 6.4 5.8 5.4 3.7 3.8 3.8 3.7
Transformers 3.8 4.7 4.2 3.2 3.6 2.3 2.7 2.5 2.5
This work 3.6 2.9 3.3 2.3 1.9 2.1 0.9 0.9 0.9

# RRMSE averaged for H-plane and E-plane patterns.

Table 6 
Radiation Pattern Modeling Results for Antenna II.

Modeling method RRMSE [%]

NB = 500 NB = 1000 NB = 2000

H-plane pattern E-plane pattern Mean# H-plane pattern E-plane pattern Mean# H-plane pattern E-plane pattern Mean#

LR 13.2 15.4 14.3 11.1 10.5 10.8 7.9 6.4 7.1
GPR 8.1 6.6 7.4 6.0 4.5 5.3 3.3 2.7 3.0
SVR 8.6 6.0 7.3 6.2 4.6 5.4 3.2 2.8 3.0
FF-NN 13.0 13.8 13.4 11.7 12 11.9 9.5 9.1 9.3
RNN_1 17.5 15.2 16.3 11.6 10.8 11.2 5.1 5.4 5.3
RNN_2 17.5 14.9 16.2 13.6 11.6 12.6 8.3 7.0 7.7
CNN 7.0 6.9 7.0 6.0 5.9 4.3 4.0 4.2 4.2
Transformers 9.0 6.8 7.9 8.1 7.0 6.2 4.3 5.3 5.3
This work 2.2 1.9 2.0 2.1 1.9 2.0 2.0 1.7 1.8

# RRMSE averaged for H-plane and E-plane patterns.
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allocated in the parameter space with the help of a modified Latin Hy
percube Sampling (LHS) [148]. In Section 3, we will consider different 
numbers of training points to investigate the surrogate’s scalability. 
Given {xB

(j)}, we acquire the antenna responses {REM(xB
(j)),xB

(j)}, j = 1, …, 
NB. The specific datasets representing reflection, gain, and radiation 
patterns are {S11(xB

(j),f),xB
(j)}, {G(xB

(j),f),xB
(j)}, and {P(xB

(j),f,θ),xB
(j)}. For the 

sake of brevity, the latter stands for both H- and E-plane patterns. The 
modeling process block diagram is visualized in Fig. 6.

3. Results

This part of the paper illustrates the presented modeling methodol
ogy using the two broadband antennas described in Section 3.1. The 
setup and benchmark approaches are detailed in Section 3.2. The nu
merical results are encapsulated in Section 3.3. The fundamental find
ings are presented in Section 3.4, while Section 3.5 focuses on the design 
applications of the developed model for antenna optimization under 
various objectives and performance criteria, such as improving imped
ance matching, minimizing antenna size, and achieving omnidirectional 
radiation. Finally, Section 3.6 reports on the prototyping and measure
ment of selected designs optimized using the presented metamodel.

3.1. Test antennas

Figs. 7 and 8 present the parameterized geometries of the test an
tennas, along with key design information, including design variables, 
substrate properties, and parameter ranges. Both antennas are compact 
ultra-wideband (UWB) monopoles featuring modified ground planes 
and radiator slots, designed to operate within the 3.1–10.6 GHz band. 
The responses of interest include the reflection coefficient, broadside 
realized gain, and far-field patterns in two principal planes: the H-plane 

(perpendicular to the feeding line) and the E-plane (perpendicular to the 
substrate and aligned with the feed line). The frequency range analyzed 
spans 2.0–12.0 GHz, with azimuthal angles from –180◦ to + 180◦. 
Electromagnetic simulations are executed using CST Microwave Studio. 
The computational models include SMA connectors.

3.2. Setup and Benchmark Methods

To assess the scalability of the presented modeling strategy, surro
gates for Antennas I and II were built using three different dataset sizes: 
NB = 500, 1000, and 2000. The training samples were generated using 
LHS [148]. The predictive performance of the models was quantified 
using RRMSE, as defined in Section 2.1, and computed on an indepen
dent test set of 200 samples, also generated using LHS. The proposed 
technique is juxtaposed against several approaches listed in Table 4, 
including regression-based approaches such as SVR and GPR, as well as 
deep learning models, including MLPs, CNNs, and RNNs.

3.3. Results

The modeling outcomes are encapsulated in Tables 5 and 6. The data 
encompasses the RRMSE values obtained for radiation pattern modeling 
using the proposed technique and benchmark methods for the three 
training datasets (500, 1000, and 2000 samples). The errors are given 
for each type of radiation pattern considered (H-plane and E-plane). 
Furthermore, we also consider the mean values that represent the 
average performance of the respective surrogates.

The RRMSE obtained for reflection responses S11 and gain using the 
proposed method are 8.5% and 7.0% (NB = 500), 7.2% and 5.5% (NB =

1000), and 5.2% and 3.4% (NB = 2000) for Antenna I and similar for 
Antenna II. These figures, especially for the largest training set, are more 

Fig. 9. Antenna I: Model-predicted (o) and EM-analysed antenna characteristics (—) at representative test points. Radiation patterns are shown at frequencies 4.0, 
6.0, and 8.0 GHz. The model was built with 2000 training points: (a)-(c) design 1, 2, and 3.
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than sufficient to ensure suitability of the model for design applications. Figs. 9 and 10 visualize the responses of Antennas I and II for selected 

Fig. 10. Antenna II: Model-predicted (o) and EM-analysed antenna characteristics (—) at representative test points. Radiation patterns are shown at frequencies 4.0, 
6.0, and 8.0 GHz. The model was built with 2000 training points: (a)-(c) design 1, 2, and 3.

Fig. 11. Antenna I: radiation pattern surfaces as functions of frequency f and azimuth angle θ for selected test locations: EM simulation versus presented model 
constructed using 2000 samples: (a) H-plane, (b) E-plane: (a) design 1, (b) design 2.
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testing samples. The surrogate-predicted and EM-simulated radiation 
pattern surfaces, parameterized by frequency f and the azimuth angles θ, 
can be found in Figs. 11 and 12.

A remark should be made regarding the modelling of S11 and gain. 
The selection of CNN model for this purpose was based on both archi
tectural considerations and benchmark performance. The convolutional 
structure of CNN enables efficient extraction of local features from the 
frequency responses while providing a regularized mapping suitable for 

limited training data (see also Section 2.2.3). As shown in Table 7, the 
CNN achieves the lowest prediction error for both S11 and gain among 
all considered deep learning models, including MLP model, two types of 
RNNs, and the Transformer model. Thus, for the problem considered in 
this work, the CNN model provides the best accuracy–complexity trade- 
off.

The computational cost of the training of both benchmark models 
and the proposed one was also assessed (see Table 8). Approximate 
timings were obtained on the following hardware platform: Intel Xeon 
CPU, 2.1 GHz, 64 GB RAM, without GPU acceleration. The reported 
times correspond to Antenna I and are provided for all three training 
dataset sizes, NB = 500, 1000, and 2000 samples to illustrate the 
increate in computational cost with training set size. As expected, the 
most offline cost was incurred for the current work, due to its complex 
multi-branch recurrent, attention, and convolutional-decoder architec
ture. Nevertheless, for all models, the average prediction time remains 
below one second per test sample, which is particularly important for 
surrogate-assisted design involving numerous model evaluations.

Fig. 12. Antenna II: radiation pattern surfaces as functions of frequency f and azimuth angle θ for selected test locations: EM simulation versus presented model 
constructed using 2000 samples: (a) H-plane, (b) E-plane: (a) design 1, (b) design 2.

Table 7 
S11 and Gain Modeling Accuracy Using Various NN Models (Antenna I, NB =

2000).

Model S11 Gain

ANN 17.3% 14.7%
RNN-I 5.6% 7.0%
RNN-II 10.2% 9.1%
Transformer 11.9% 9.5%
CNN 5.2% 3.4%

Table 8 
Training and Inference Time for Antenna 1 (Model Built Using NB = 500, 1000, 
and 2000 Data Samples).

Modeling 
method

Training 
time (in 
hours) for NB 

= 500

Training 
time (in 
hours) for NB 

= 1000

Training 
time (in 
hours) for NB 

= 2000

Inference/ 
Prediction 
time (per 
sample)

LR 0.01 0.03 0.1 < 1 s
GPR 0.3 0.8 2
SVR 0.01 0.07 0.2
FF-NN 0.2 0.7 1.5
RNN_1 0.4 1.1 2.5
RNN_2 0.6 1.4 3.75
CNN 0.8 1.2 3.5
Transformers 1.0 2.8 5
This work 2.5 3.75 8

Table 9 
Performance figures for test antennas.

Performance figure Symbol Unit Explanation

Impedance 
matching

SM dB Maximum in-band reflection coefficient 
(here, over 3.1 GHz to 10.6 GHz band)

Antenna size A mm2 Footprint area, i.e., the size of antenna 
substrate

Gain variability ΔG dB Difference between maximum and 
minimum broadside gain over the 
operating bandwidth (here, from 
3.1 GHz to 10.6 GHz)

Omnidirectionality ΔR dB Difference between maximum and 
minimum H-plane farfield radiation for 
three selected frequencies of 4 GHz, 
6 GHz, and 8 GHz
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3.4. Discussion

The results underscore the competitive performance of the presented 
modeling approach. On the one hand, it achieves lower RRMSE values 
than all benchmark methods. On the other hand, its superiority remains 
consistent across both test antennas and all considered training dataset 
sizes.

The obtained results also demonstrate a clear reduction in modeling 
error as the number of training samples increases. The error levels 
achieved, particularly for the largest training datasets of 2000 samples, 
are remarkably low (below 1% for Antenna I and below 2% for Antenna 
II). This accuracy level makes the proposed surrogate suitable for 
handling antenna design tasks, as discussed in detail in Section 3.5. 
Importantly, satisfactory performance is also maintained for models 
constructed using smaller training datasets (500 and 1000 samples), 
which confirms the robustness and data efficiency of the proposed 
approach.

The proposed model was further evaluated against several bench
mark methods to demonstrate its predictive advantage over established 
regression and neural-network-based surrogate models. Beyond 
providing direct performance comparisons, the selected benchmarks 
were designed to represent the key architectural mechanisms incorpo
rated into the proposed AFN. Specifically, the RNN-based baselines 
assess recurrent processing without the proposed cross-attention fusion 
and convolutional decoder. While the CNN baseline evaluates con
volutional response reconstruction without recurrent attention-based 
feature extraction. Finally, the Transformer baseline examines 
attention-based modeling without the proposed multi-branch recurrent 
representation. The superior performance of the proposed AFN therefore 
confirms the effectiveness of integrating all complementary components 
within a unified surrogate modeling framework.

The benchmark methodologies, including traditional regression 
models and deep learning ones, are significantly inferior. For instance, 
the deep learning metamodel involving transformers, the best bench
mark technique for Antenna I, exhibits an RRMSE that is almost three 
times higher than that of the proposed approach for NB = 2000. Simi
larly, for Antenna II, the best benchmark procedures, SVR and GPR, 
exhibit an RRMSE about twice that of our method (also for NB = 2000). 
Other benchmark techniques are even more inferior. The advantages of 

our methodology are even more pronounced for NB = 500, especially for 
Antenna II, where its RRMSE is typically four to six times lower than the 
benchmark. These results underscore the relevance of the algorithmic 
mechanisms used in the presented surrogate, as elaborated in Section 2.

3.5. Design applications

The most important aspect of surrogate modeling, often overlooked 
in literature, is practical (design) applications. This section of the article 
demonstrates the application of our metamodels for optimizing test 
antennas under various scenarios. The requirements (and constraints) 
are imposed upon the reflection responses, physical dimensions, 
broadside gain, and radiation patterns. Table 9 provides definitions of 
performance figures, specifically impedance matching, antenna size, 
gain variability, and pattern omnidirectionality. Tables 10 and 11 pre
sent the design cases considered. In each scenario, a primary objective is 
selected, and it may be optionally accompanied by constraints. The 
default operating frequency range for both antennas is UWB. The solu
tions are obtained by optimizing the presented surrogate (an NB = 2000 
version thereof). The respective designs are subject to EM analysis. The 
EM-evaluated performance figures are reported in the right-hand-side 
columns of Tables 10 and 11, whereas Figs. 13 and 14 provide a com
parison between model-predicted and EM-evaluated responses. Here, a 
particle swarm optimizer (PSO) [157] is employed to conduct a global 
search, and a gradient-based routine [158] is used for final tuning. It 
should be emphasized that other bio-inspired routines can be applied 
and run with a large computational budget because the search is carried 
out using predictions of a fast surrogate (i.e., its optimization cost is 
negligible).

The results, as encapsulated in Tables 10 and 11, indicate the 
versatility of the proposed surrogate model. As shown, the test antennas 
can be optimized for various design specifications, including impedance 
matching enhancement, size reduction, gain variability reduction, and 
achieving omnidirectional radiation patterns. The optimization process 
may be subject to auxiliary constraints, typically related to reflection 
coefficient |S11| ≤ –10 dB (the primary requirement), but also other 
conditions such as maximum size, etc. The alignment between the 
metamodel model predictions and EM analysis is excellent for all sce
narios, indicating that the designs produced by optimizing the 

Table 10 
Optimization of Antenna I.

Case Design specifications Results (performance figures)

Primary objective Constraint 1 Constraint 2 SM [dB] A [mm2] ΔG [dB] ΔR [dB]

1 Impedance matching improvement - - -15.2 454 3.1 6.4
2 Size reduction SM ≤ -10 dB - -9.9 171 4.8 6.6
3 Size reduction SM ≤ -12 dB - -11.8 226 5.2 5.8
4 Size reduction SM ≤ -14 dB - -13.6 296 5.5 6.4
5 Gain variability reduction SM ≤ -10 dB - -10.0 398 2.4 7.2
6 Gain variability reduction SM ≤ -10 dB A ≤ 250 mm2 -10.0 243 3.9 8.7
7 Omnidirectional pattern enhancement SM ≤ -10 dB - -10.0 359 4.1 3.3
8 Impedance matching improvement ΔR ≤ 4 dB - -11.2 344 4.2 4.0

Table 11 
Optimization of Antenna II.

Case Design specifications Results (performance figures)

Primary objective Constraint 1 Constraint 2 SM [dB] A [mm2] ΔG [dB] ΔR [dB]

1 Impedance matching improvement - - -13.6 453 6.2 33.6
2 Size reduction SM ≤ -10 dB - -10.0 309 5.2 19.9
3 Size reduction SM ≤ -12 dB - -11.9 385 4.8 36.7
4 Size reduction SM ≤ -14 dB - -12.9 403 5.7 34.2
5 Gain variability reduction SM ≤ -10 dB - -10.0 409 4.1 33.4
6 Gain variability reduction SM ≤ -10 dB A ≤ 350 mm2 -10.0 350 4.8 28.8
7 Omnidirectional pattern enhancement SM ≤ -10 dB - -10.0 310 5.2 19.8
8 Impedance matching improvement ΔR ≤ 25 dB - -11.6 337 5.2 25.0
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Fig. 13. Optimization of Antenna I: (a)-(h) Case 1 through 8. The pictures show surrogate-predicted (o) and EM-evaluated (—) outputs at the solutions generated by 
optimizing the proposed metamodel (NB = 2000). Only H-plane radiation patterns are shown.
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Fig. 14. Optimization of Antenna II: (a)-(h) Case 1 through 8. The pictures show surrogate-predicted (o) and EM-evaluated (—) outputs at the solutions generated by 
optimizing the proposed metamodel (NB = 2000). Only H-plane radiation patterns are shown.

S. Koziel et al.                                                                                                                                                                                                                                   Applied Soft Computing 204 (2027) 116325 

15 



metamodel do not require further tuning.
As observed, a topologically identical antenna structure can be 

designed for diverse requirements. For example, the best in-band |S11| 
for Antenna I is as good as –15 dB (Case 1) with the corresponding 
structure size of 454 mm2. On the other hand, the size may be reduced to 
171 mm2 while still preserving –10 dB UWB bandwidth (Case 2). Spe
cific performance figures may be improved (at the expense of other 
parameters). For example, the broadside gain variability may be 
reduced to approximately 2 dB while enlarging the size and sacrificing 
some omnidirectionality (Case 5). Alternatively, the best omnidir
ectionality (with ΔR just 3 dB) is obtained at larger gain variation (Case 
7). For Antenna II, similar design trade-offs can be observed, although 
the L-shaped ground plane stub prevents achieving a perfectly omnidi
rectional pattern at 8 GHz. Still, the radiation null at θ = –90◦ can be 
significantly reduced (Case 7) compared to the best impedance matching 
design (Case 1). For this structure, it appears that the best omnidir
ectionality corresponds to the minimum size design (Case 2).

It should also be emphasized that setting up appropriate constraints 
effectively enables rapid multi-objective optimization. For example, 
Cases 1 through 4 for both test antennas represent Pareto sets with 
respect to two goals: F1 – minimization of the maximum |S11|, and F2 – 
size reduction. Similar trade-offs can be generated by other arrange
ments of constraints and design goals. Note that all these results are 
produced by reusing the same surrogate model without incurring any 
extra computational costs. The key factors are extensive coverage of the 
parameter space (allowing for the accommodation of optimum designs 
regarding different performance figures) and excellent surrogate 

accuracy.

3.6. Experimental Validation

For supplementary illustration, selected designs of Antennas I and II 
were fabricated and experimentally validated: (a) Case 1 (best imped
ance matching), (ii) Case 2 (minimum size), and (iii) Case 7 (best 
omnidirectionality). The antenna prototypes are illustrated in Fig. 15
(Antenna I) and Fig. 16 (Antenna II). The figures also provide a com
parison between EM-evaluated and measured |S11|, gain, and H-plane 
patterns. As observed, the dataset alignment is good. Small discrep
ancies are attributable to manufacturing and assembly inaccuracies as 
well as measurement errors (cable effect, imperfect VNA calibration, 
etc.). To improve the reliability of EM analysis, the computational 
models are equipped with SMA connectors, which are particularly 
important for electrically small antennas, where the bulk of connector’s 
metal may significantly affect antenna characteristics, especially 
impedance matching.

4. Conclusion

The purpose of this study was to develop a deep–learning–based 
procedure for comprehensive behavioral modeling of broadband an
tennas. The primary objective was to accurately predict electrical re
sponses and far-field radiation patterns across a wide frequency range, a 
broad angular span, and an extensive domain of geometry parameters. 
Once trained, the resulting surrogates exhibit high versatility and can be 

Fig. 15. Experimental validation of Antenna I: (a) Case 1, (b) Case 2, (c) Case 7. EM simulated and measured characteristics are distinguished using grey and 
black colors.
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readily employed to solve a wide array of antenna design and optimi
zation problems. Reflection and gain responses are modeled using a 
conventional convolutional neural network (CNN); however, radiation 
pattern prediction is handled by a custom hybrid architecture that in
tegrates multi-branch recurrent feature extraction with cross-atten
tion–driven fusion. Specifically, six independent RNN branches, each 
combining fully connected, LSTM, and GRU layers, capture comple
mentary geometric dependencies. Their embeddings are merged via a 
cascade of attention modules and subsequently decoded with a trans
posed convolutional refinement network, which can reconstruct com
plete H- and E-plane patterns.

Our technique was validated using two UWB antennas evaluated 
over the 2–12 GHz band and across broad ranges of geometric param
eters. Extensive numerical studies, including training sets of 500, 1000, 
and 2000 samples and comparisons with numerous benchmarks 
(regression models and CNN-, RNN-, and Transformer-based frame
works), demonstrate exceptional predictive accuracy. The achieved 
RRMSE is between 1% and 2%, whereas the most competitive bench
mark methods exhibit errors at least three times larger, with average 
performance lagging even further behind. To illustrate the practical 
utility, the surrogates were used to optimize the test antennas under 
diverse scenarios, including improving impedance matching, reducing 
footprint, stabilizing gain, enhancing omnidirectionality, and perform
ing multi-objective design (e.g., exploring trade-offs between in-band 
reflection and physical size). The results confirm the robustness, flexi
bility, and design relevance of the presented models.

Overall, the proposed modeling strategy represents a substantial 
advancement in the full-spectrum behavioral modeling of antenna sys
tems, supporting the broader integration of data-driven tools into 

modern antenna design processes. Despite the demonstrated effective
ness of the proposed methodology, certain limitations exist that define 
directions for future research. As with other data-driven neural-network 
surrogates, the validity of the proposed model is tied to the antenna 
topologies, parameter ranges, and response representations covered by 
the training data. If the design-space dimensionality, parameter ranges, 
or output response dimensionality are substantially increased, larger 
EM-simulated datasets would be required to maintain accuracy and 
generalization. Within the considered domain, the versatility of the 
approach has been demonstrated using two broadband antenna struc
tures and multiple design tasks, including impedance matching, size 
reduction, gain stabilization, and omnidirectional-pattern improve
ment. However, extension beyond the present modeling domain would 
require additional training samples and retraining. Although the pro
posed modeling approach has been applied to broadband antennas, in 
principle, it can handle other types of antenna systems, in particular, 
directive antennas such as quasi-Yagi structures, dielectric resonator 
antennas (DRAs), or antenna arrays. However, handling more complex 
scenarios, especially those involving higher-dimensional parameter 
spaces, will require certain modifications, primarily, appropriate 
dimensionality reduction approaches and/or the employment of regu
larization techniques such as the response feature technology. 
Addressing these aspects will be the focus of future work.

Thus, future studies will focus on extending the method’s scalability 
to higher-dimensional problems and reducing training costs while 
maintaining accuracy and reliability. Additionally, future work will 
focus on extending the method to full 3D radiation-pattern reconstruc
tion using frequency–azimuth–elevation response tensors, and on 
reducing training costs while maintaining accuracy and reliability. 

Fig. 16. Experimental validation of Antenna II: (a) Case 1, (b) Case 2, (c) Case 7. EM simulated and measured characteristics are distinguished using grey and 
black colors.
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Furthermore, efficient attention variants for Transformers may also be 
explored for higher-dimensional response representations or longer 
latent sequences. Quantum-inspired neural computing may also be 
considered in future work with respect to scalability and computational 
complexity [159]. The extension of the presented modeling approach to 
other antenna types, especially directive antennas, will also be consid
ered in future work. Improved modeling procedure will also allow to 
consider more complex real-world optimization scenarios that take into 
account multiple constraints (e.g., acceptance thresholds for selected 
antenna responses such as gain, axial ratio, reflection coefficients, etc.).
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