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Abstract- Microstrip Patch Antennas (MPAS) are increasingly ubiquitous

elements of modern wireless communication systems thanks to their small Article History

size, compactness, and straightforward production processes. However, Submission date-: 17/07/2026
conventional antenna design techniques face serious drawbacks such as Acceptance date-: 17/07/2026
low bandwidth, insufficient gain, and large computation costs associated | Publication date-: 17/07/2026
with EM simulations. Advances in the field of Al and Machine Learning

have led to the emergence of data-driven antenna design processes that

greatly improve performance and efficiency of antenna development. This

study offers an extensive review of state-of-the-art research into Al-driven

optimization techniques used for designing microstrip patch antennas.

Various Machine Learning models, including Artificial Neural Networks

(ANN), Convolutional Neural Networks (CNN), Genetic Algorithm (GA),

Particle Swarm Optimization (PSO), and hybrid optimization techniques

are analyzed. Such approaches allow to obtain significant improvements in

antenna performance and efficiency, providing a better bandwidth, higher

gain, lower return loss, etc., while significantly decreasing computational

efforts [2], [5], [9]. In addition, emerging trends associated with inverse

design and ML-driven hybrid optimization are considered [6], [7].

1. Introduction

MPA antennas are essential components of wireless communication systems due to their compactness and
low cost [1], [14]. On the other hand, they feature narrow bandwidth and low efficiency. Traditional
antenna design involves analytical modeling and full-wave EM simulations using CST and HFSS [1], [14]
tools. Such an approach requires parametric analysis and EM optimization that led to high computational
costs, long design cycles, and poor scalability. The use of Al has enabled efficient optimization and
reduction of simulation times in antenna design. Modern studies show that models based on Al can
predict antenna behavior accurately and fast [6], [20].

The figure 1 represents the basic structure of a microstrip patch antenna, whereby a thin metallic patch
placed over a dielectric substrate and backed with a ground plane act as a resonant antenna. As a
resonator, the metallic upper surface of the patch acts as the radiating antenna, the dielectric layer of
height h separates the metallic patch from the ground plane, thus creating a guided wave structure. On
exciting the antenna, currents flow on the metallic surface, causing edge discontinuities and fringing
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electric fields at the radiating edges. The fringing fields escape the substrate and propagate in the air, thus
facilitating radiation. Therefore, in effect, the microstrip patch is a leaky resonant cavity, with radiating
edges that lie in the direction of the length, L.

Electromagnetically, the structure of a microstrip antenna can be likened to a cavity bounded by
conducting electrodes on the upper and lower boundaries and magnetic walls along the radiating edges,
whereby the dominant mode of operation is the TM10 mode. For this mode, the field varies along the
direction of L, but is nearly uniform along the W direction. Resonance is achieved when the effective
electrical length of the antenna, L_eff is approximately half the guided wavelength. Taking into account
fringing effects, L is slightly less than L_eff. The basic resonant frequency of the antenna, therefore,
depends by Eq. (1)

C

fr = 2Leffy/€etr @
where ¢ represents the speed of light and € eff refers to the effective dielectric constant, which takes into
consideration the partial filling of the field by the substrate and the air. It is represented as Eqg. (2)

_ -1/2
€eff = Er2+ =+ erz ! (1+ 1:\/_11) 2
where ¢ _r is the substrate dielectric constant, and h and W are the height of the substrate and width of the
patch respectively. The width of the patch is not random, but depends on the desired radiation efficiency
and bandwidth and is related to Eq. (3)

C 2
W=—
2fp A €r+1

@)

which shows that wider patches improve radiation by increasing the fringing fields. The actual effective
length includes an extension ALon both ends due to fringing, such that L. = L + 2AL, where ALis a
function of eq¢r, W, and h.

In conclusion, operation of this antenna is determined by the geometrical, material and wave propagation
factors. Geometrical parameters include L, W, and h; material factor € r, whereas the wave propagation
property is embodied in the electromagnetic wave propagation speed c.

Basic Structure Microstrip patch
Antenna
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W Widih of the Micio-strip
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Substrate

Figure 1. Structure of a Microstrip Patch Antenna

2. Conventional Antenna Design Approaches

Traditional antenna design methods include analytical modeling and full-wave EM simulations using
simulation software such as CST and HFSS [1], [14]. The process implies conducting multiple
simulations and optimization cycles resulting in the following inefficiencies such as high computational
cost, inefficient and time-consuming design cycle and poor scalability as shown in figure 2 to figure 4.
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Current studies report that conventional optimization techniques are inferior to Al models in terms of
efficiency, especially with complex geometry [10], [27].
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Fig. 2 Conventional Microstrip Patch Antenna designed using HFSS for 2.4GHz application
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Fig. 4. 3D gain plot of MPA simulated using HFSS

3. Al and Machine Learning in Antenna Design

3.1 Artificial Neural Networks (ANN)

ANNSs are used extensively to model non-linear dependencies between antenna geometry parameters and
its performance such as gain and return loss [2], [21]. ANN allows to do the following:

* Fast performance prediction

» Computation time reduction

Recent findings prove that ANNSs can predict resonant frequencies and antenna sizes very efficiently and
with high accuracy [6], [22].

3.2 Convolutional Neural Networks (CNN)

CNNs are used in antenna design to do:

* Structure visualization and modeling

* Inverse design tasks

CNNs enable generation of an antenna structure directly based on performance specifications [7], [23].
3.3 Evolutionary Algorithms (GA & PSO)

Evolutionary algorithms are commonly employed for global optimization:

* Genetic Algorithm (GA) uses natural selection [18]

* Particle Swarm Optimization (PSO) is based on swarm intelligence [24]

These optimization techniques can be effectively used to optimize antenna parameters and improve
antenna performance [11], [24].

3.4 Hybrid Al Models

Hybrid models combine Al and optimization:

* ANN + PSO

* Integrated ML-GA

* Surrogate modeling techniques

Such hybrid models significantly improve accuracy and speed up the optimization process [8], [25], [26].

4. Al-Driven Optimization Frameworks

An Al-based antenna design framework typically consists of the following steps:

1. Generation of data using EM simulations

2. Feature extraction

3. Training of the model

4. Optimization

Models trained on data obtained through simulations significantly reduce the computational burden and
shorten design time [15], [26]. Additionally, surrogate modeling methods allow to accelerate EM
simulations by modeling complex EM behavior [27].

5. Improving Performance Using Ai Techniques

Using Al enables to enhance various antenna performance characteristics:

5.1 Bandwidth improvement

Optimizing antenna geometry and materials increases antenna bandwidth [5], [12].
5.2 Gain and directivity

ML-assisted optimization improves radiation properties and increases power [5], [13].
5.3 Lowering return loss

Al-based impedance matching improves return loss and antenna efficiency [3], [22].
Experiments confirm that Al-optimized antennas perform better compared to traditionally designed
antennas [5], [13].

6. Antenna Applications In Emerging Technologies

Al-assisted MPA antennas can be used in the following applications:

* Next-gen (5G/6G) communication systems [10], [12]
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* [oT technologies [20]
* Radar and satellite communication systems [13]
New developments in mm-wave antenna design have shown improvements in antenna performance [13].

7. Challenges And Limitations

Despite recent advances, some issues still exist:

7.1 Lack of large datasets

Large quantities of data are needed to train ML models [26]

7.2 Generalization issues

Machine learning models may fail to generalize across frequency bands [8]
7.3 Computational complexities

Training of deep learning models requires significant computing power [23]
7.4 Black-box models

Al models are difficult to interpret and often perceived as black-box solutions [9]
These limitations imply the need for further Al advancements [28].

8. Future Research

Future research directions will include:

* Antenna design based on reinforcement learning [28]

* Physics-Informed Neural Networks (PINNs)

* Real-time adaptive antenna designs

* Use of digital twins for antenna optimization

These directions are likely to bring significant advancements in antenna design [25], [29].

9. Conclusion

This review demonstrates how Al transforms microstrip patch antenna designs and highlights advantages
of Al-driven designs. Al techniques prove to be far superior to traditional antenna design methods in
efficiency, scalability, and antenna performance [2], [5], [9]. Although there are some challenges
associated with lack of data and model interpretability, advances in Al are expected to lead to innovations
in antenna designs.
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