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Abstract
The rapid development of wireless communication systems has created an increasing demand for compact, broadband, high-performance, and application-specific antennas. Conventional antenna design approaches generally rely on analytical formulations, empirical relationships, parameter sweeps, and repeated full-wave electromagnetic (EM) simulations, which become computationally expensive as the number of design variables increases. To address these challenges, metaheuristic optimisation techniques such as Genetic Algorithm (GA) and Particle Swarm Optimisation (PSO) have been widely investigated for exploring complex antenna design spaces. More recently, machine learning (ML) and deep learning (DL) approaches have been introduced for antenna performance prediction, inverse design, and surrogate-assisted optimisation. These approaches can reduce the computational burden associated with repeated EM simulations; however, their effectiveness often depends on sufficiently large and representative simulation datasets. Hybrid ML–metaheuristic approaches further improve the optimisation process by combining predictive models with intelligent search algorithms, while Active Learning enables the selective acquisition of informative simulation samples. This review presents the evolution of computational antenna design from conventional and metaheuristic approaches to ML-based, hybrid, and Active Learning-driven methodologies. The reviewed studies are critically examined with respect to their design strategies, optimisation techniques, simulation requirements, data dependence, and computational efficiency. Particular emphasis is placed on the role of surrogate modelling and adaptive sample selection in reducing expensive full-wave simulations. The review identifies the limitations of existing approaches and highlights the need for autonomous, data-efficient, and simulation-efficient frameworks for high-dimensional microstrip antenna optimisation.
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1. Introduction
The rapid development of wireless communication, radar, satellite communication, Internet of Things (IoT), and other radio-frequency applications has increased the demand for antennas with wide bandwidth, high gain, compact size, and application-specific characteristics. Microstrip and planar antennas are widely used because of their low profile, relatively simple fabrication, low cost, and compatibility with modern communication systems. However, antenna performance is strongly influenced by geometric dimensions, feeding configuration, substrate properties, ground-plane characteristics, slots, and parasitic elements, making the design of high-performance antennas increasingly complex (Lee, 1989; Akinola et al., 2019; Mishra et al., 2022).
Traditional antenna design mainly relies on analytical formulations, empirical design rules, parametric studies, and full-wave electromagnetic (EM) simulations. These approaches provide valuable physical insight, but complex geometries and multiple design variables may require a large number of simulations. Consequently, exhaustive parameter sweeps and trial-and-error approaches can become computationally expensive for high-dimensional antenna design problems (Lee, 1989; Sun, 2020; Mishra et al., 2022).
To overcome these limitations, metaheuristic optimisation techniques such as Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), and Differential Evolution (DE) have been widely applied to antenna design and optimisation. These methods can efficiently explore complex and nonlinear design spaces and have been successfully employed for antenna miniaturization, bandwidth enhancement, and geometry optimisation (Johnson & Rahmat-Samii, 1997; Robinson & Rahmat-Samii, 2004; Rocca et al., 2011; Jayasinghe, 2021). However, their computational efficiency remains limited because candidate solutions generally require evaluation through computationally expensive EM simulations. A comparative study of genetic-algorithm-optimised and unoptimized microstrip antennas for 5G applications also illustrates the use of evolutionary search alongside electromagnetic simulation in antenna design (Muhammed Sheriff et al., 2024).
Machine learning (ML) has emerged as an alternative data-driven approach for antenna performance prediction, surrogate modelling, inverse design, and optimisation. ML models can learn the relationship between antenna geometry and electromagnetic response from simulation data and provide rapid predictions for new designs (Kurniawati et al., 2021; Liu et al., 2021; Sarker et al., 2023). The integration of ML surrogate models with optimisation algorithms can further reduce the number of direct EM evaluations by allowing a large number of candidate designs to be screened computationally before selected designs are verified using the full-wave solver (Koziel et al., 2024). Recent studies have also explored sensitivity-guided dimensionality reduction and variable-resolution electromagnetic models to improve the efficiency of surrogate-assisted antenna optimisation (Pietrenko-Dabrowska & Koziel, 2024). However, ML-based approaches generally depend on simulation-generated datasets, and producing sufficiently large and representative datasets can itself require substantial computational resources. Active Learning (AL) and adaptive sampling address this limitation by selecting informative samples for additional simulation rather than relying entirely on a fixed dataset (Settles, 2009; Settles, 2011; Tharwat & Schenck, 2023). Recent studies have investigated Bayesian Active Learning for electromagnetic metasurface design and adaptive sampling for efficient far-field modelling of flexible antennas (Liu et al., 2025; Du et al., 2025). Recent developments further indicate a transition toward more intelligent and autonomous antenna-design processes that combine AI, optimisation, simulation, and adaptive decision-making (Xu et al., 2026). Peng et al. (2025) investigated a hybrid antenna-optimisation approach that combined differential evolution with evolutionary and inverse-cascade neural networks to support the generation of candidate designs. For surrogate construction, Liu and Zhou (2026) investigated uncertainty- and gradient-informed adaptive sampling using Ka-band microstrip and planar inverted-F antenna examples, highlighting an approach to selecting simulation samples more selectively. A recent review by Chen et al. (2026) also examines neural-network-enabled generative antenna design, including its applications to antenna elements and periodic electromagnetic structures.
Recent review studies have examined the broader application of AI and ML in antenna design, optimisation, and measurement (Gajbhiye et al., 2025; Muttair et al., 2025). In addition, deep-learning-based inverse design has demonstrated the potential to generate microstrip antenna geometries from specified performance requirements (Chen et al., 2025). Nevertheless, the literature remains distributed across ML-based prediction, surrogate modelling, inverse design, metaheuristic optimisation, deep learning, and Active Learning. A unified perspective on their simulation requirements, data dependence, optimisation capability, and degree of automation is therefore needed. Accordingly, this review examines the evolution of antenna design from conventional EM simulation and metaheuristic optimisation toward ML-assisted, surrogate-based, hybrid, and Active Learning-driven approaches, with particular emphasis on simulation efficiency, data requirements, and intelligent antenna-design automation.
Figure 1 illustrates the progression of antenna design methodologies, from manual HFSS simulations and script-based automation to PyAEDT, metaheuristic optimisation, and machine learning-assisted techniques. It highlights the potential role of surrogate modelling and Active Learning in reducing dependence on repeated full-wave simulations and supporting more intelligent antenna-design workflows.
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Figure 1. Evolution of antenna design methodologies from manual HFSS simulation to an   	  	     intelligent, simulation-efficient design framework.
Objective of the Review
The objective of this review is to compare conventional electromagnetic simulation, metaheuristic search, machine-learning-based prediction, surrogate-assisted optimisation, and Active Learning in antenna design, with particular attention to simulation requirements, data dependence, computational efficiency, and the scope for design automation.
2. Review Methodology
A structured literature review methodology was adopted to examine the development of computational approaches for antenna design and optimisation, with particular emphasis on microstrip and planar antennas. The review considers the progression from conventional electromagnetic (EM) design and full-wave simulation to metaheuristic optimisation, machine learning (ML), deep learning (DL), surrogate-assisted optimisation, hybrid ML–optimisation approaches, and Active Learning (AL)-based methodologies. The primary objective was to examine how these computational techniques can improve antenna-design efficiency while reducing dependence on repeated and computationally expensive full-wave EM simulations.
2.1 Literature Search and Selection Methodology
The literature for this review was identified primarily through searches conducted using Google Scholar and general Google searches. Search terms related to microstrip antenna design, antenna optimization, genetic algorithm antenna optimization, particle swarm optimization antenna, machine learning antenna design, deep learning antenna design, surrogate model antenna optimization, inverse antenna design, Active Learning antenna design, adaptive sampling, and simulation-efficient antenna optimization were used to identify relevant publications. Research articles, review papers, and conference publications were considered according to their relevance to the scope of the review.
The identified studies were screened based on their relevance to antenna modelling, performance prediction, electromagnetic simulation, optimisation, inverse design, and automated antenna synthesis. Particular attention was given to publications discussing major computational approaches, their working principles, applications, advantages, limitations, and emerging developments. Foundational studies were considered to establish the development of conventional antenna design and metaheuristic optimisation, while recent research and review articles were included to reflect developments in ML-assisted antenna design, surrogate modelling, and Active Learning. The selected literature was then organized and synthesized according to the major computational approaches, their characteristics, applications, and associated challenges.
The selected literature was examined using common evaluation criteria, including antenna type and geometry, design variables, optimisation objectives, ML or metaheuristic techniques, dataset and simulation requirements, electromagnetic quantities being predicted or optimised, simulation tools, and reported computational benefits. Conventional antenna-design and bandwidth-enhancement studies were considered to establish the physical and computational foundation of the field. Metaheuristic studies were examined to understand the development of automated search strategies using Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), Differential Evolution (DE), and other nature-inspired algorithms. ML- and DL-based studies were analysed in terms of forward performance prediction, inverse design, surrogate modelling, and antenna synthesis. Studies combining ML models with metaheuristic optimisation were also examined to understand how surrogate predictions can reduce the number of direct EM evaluations. Particular emphasis was placed on Active Learning and adaptive sampling because these approaches address an important limitation of conventional ML-based antenna design: the need for sufficiently large simulation-generated datasets. In Active Learning-based approaches, the electromagnetic simulator acts as a source of labelled data, while the learning model helps identify informative or promising configurations for subsequent simulation (Settles, 2009; Settles, 2011). Accordingly, the review considers not only predictive accuracy and optimisation performance but also simulation requirements, data efficiency, scalability to high-dimensional design spaces, surrogate reliability, and degree of automation.
Based on these evaluation criteria, the reviewed studies are organized into four major computational stages: conventional simulation-driven antenna design, metaheuristic optimisation, ML-based and surrogate-assisted antenna design, and hybrid or Active Learning-driven optimisation. This classification provides a comparative perspective on the strengths and limitations of different approaches and their progression toward data-driven and simulation-efficient antenna-design frameworks. The identified limitations and research gaps are subsequently used to discuss future opportunities for integrating electromagnetic simulation, ML surrogate modelling, intelligent optimisation, and adaptive sample selection within a unified closed-loop design process (Xu et al., 2026). The literature identification, study selection, classification, and critical evaluation process adopted in this review is illustrated in Figure 2.
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Figure 2. Flowchart of the Literature Review Methodology.
3. Conventional Antenna Design and Computational Electromagnetics
Microstrip patch antennas are widely used in wireless and RF applications because of their low-profile structure, low cost, lightweight configuration, and compatibility with printed-circuit technologies. A conventional patch consists of a conducting patch, dielectric substrate, and ground plane, with common geometries including rectangular, circular, triangular, and annular-ring configurations (Lee, 1989; Mishra et al., 2022). The performance of conventional microstrip antennas can be improved through geometry modification, feeding techniques, parasitic elements, arrays, slots, and other structural enhancements (Lee et al., 1987; Akinola et al., 2019; Olaimat & Al-Qaisi, 2015). Such approaches have also been investigated for bandwidth enhancement and compact antenna configurations (Sun, 2020; Mishra et al., 2022). However, conventional antenna design generally depends on analytical formulations, parameter variation, and repeated full-wave electromagnetic simulations. As the number of interacting design variables increases, trial-and-error and simulation-driven optimisation become computationally expensive. This limitation has motivated the adoption of machine learning and data-driven approaches for reducing dependence on repeated EM simulations (Kurniawati et al., 2021; Sarker et al., 2023).
3.1 Fundamentals, Array and Parasitic-Element-Based Design
Microstrip patch antennas have been extensively investigated as low-profile radiating structures because of their lightweight configuration, low fabrication cost, mechanical robustness, conformability, and compatibility with printed-circuit and integrated-circuit technologies. A conventional microstrip patch antenna generally consists of a conducting radiating patch printed on a dielectric substrate backed by a ground plane. Common geometries include rectangular, circular, triangular, and annular-ring configurations, while the electromagnetic response is governed by the resonant modes established within the patch–substrate structure (Lee, 1989; Balanis, 2016).
The conventional design process primarily involves understanding the relationship between antenna dimensions and electromagnetic characteristics. The cavity model provides a useful physical interpretation of patch antennas by treating the region beneath the patch as a resonant cavity, while different patch geometries provide different radiation characteristics, bandwidth, gain, and physical dimensions (Lee, 1989; Balanis, 2016). However, conventional microstrip patches generally exhibit limited impedance bandwidth, which has motivated the development of modified geometries, feeding configurations, resonant structures, and array-based approaches (Mishra et al., 2022).
As higher gain and more directive radiation became important, array configurations and parasitic elements were introduced as extensions of the basic patch concept. Lee et al. (1987) investigated microstrip arrays incorporating parasitic patches, showing that parasitic elements can modify the radiation characteristics while reducing the need for direct feeding of every element. More generally, the performance of microstrip arrays depends on factors such as element spacing, mutual coupling, feed configuration, and substrate characteristics (Balanis, 2016; Pozar, 1992). Parasitic elements have also been investigated for bandwidth improvement; for example, Ketineni et al. (1992) demonstrated bandwidth enhancement using a parasitic patch.
Thus, conventional antenna design relies substantially on physical modification of geometry, feeding arrangements, array configuration, and parasitic elements to achieve the desired electromagnetic characteristics. However, as the number of interacting design parameters increases, identifying an optimal configuration through analytical design and repeated simulation becomes increasingly difficult, providing motivation for computational optimisation and data-driven approaches.
3.2 Feeding, Bandwidth Enhancement, and Geometry Modification
The feeding mechanism plays an important role in determining impedance matching, bandwidth, radiation characteristics, fabrication complexity, and unwanted spurious radiation. Conventional microstrip antennas commonly employ contacting feeds, such as microstrip-line and coaxial-probe feeding, as well as non-contacting techniques, such as aperture and proximity coupling. The selection of a feeding technique involves trade-offs among impedance matching, bandwidth, fabrication complexity, and radiation performance (Akinola et al., 2019; Balanis, 2016; Garg et al., 2001).
Bandwidth enhancement has remained a major challenge in microstrip antenna design because conventional patch antennas generally provide relatively narrow impedance bandwidth. Several techniques have therefore been developed, including increasing substrate thickness, using lower-permittivity substrates, introducing slots and notches, employing parasitic elements, multilayer configurations, shorting structures, modified ground planes, and metamaterial-based structures (Olaimat & Al-Qaisi, 2015; Akinola et al., 2019; Mishra et al., 2022). These techniques provide additional resonances or modify the impedance characteristics to obtain wider operating bands. However, some approaches may increase fabrication complexity or introduce unwanted effects such as surface-wave excitation.
Geometry modification is another important approach for obtaining wider bandwidth, multiple resonances, or application-specific radiation characteristics. Different patch shapes, stacked configurations, slots, notches, and other structural modifications alter the resonant modes and current distribution of the antenna. Lee (1989) discussed several configurations for dual-frequency operation, while Mishra et al. (2022) reviewed a wide range of modified microstrip geometries, including fractal, multiband, wearable, and other non-canonical configurations. Slot-loaded structures have also demonstrated the ability to significantly modify impedance characteristics and enhance bandwidth (Olaimat & Al-Qaisi, 2015).
As feeding parameters, substrate properties, patch dimensions, slots, parasitic elements, and ground-plane characteristics are varied simultaneously, the number of interacting design variables increases substantially. Consequently, conventional analytical design and iterative parameter adjustment become increasingly dependent on numerical electromagnetic simulation, creating a computational challenge for complex antenna optimisation.
3.3 Full-Wave Electromagnetic Simulation in Conventional Design
With increasing antenna complexity, full-wave electromagnetic simulation has become an important component of the conventional design process. Numerical electromagnetic methods allow designers to evaluate the effects of geometry, materials, feeding structures, and other parameters without requiring immediate physical fabrication. Common numerical techniques include the Method of Moments (MoM), Finite Element Method (FEM), and Finite-Difference Time-Domain (FDTD) methods (Mishra et al., 2022; Balanis, 2016). Commercial electromagnetic simulation tools are widely used to analyse and compare antenna configurations. For example, Olaimat and Al-Qaisi (2015) used both HFSS and IE3D to evaluate broadband triangular patch configurations and reported good agreement between the two simulation environments. Similarly, Sun (2020) employed Ansys HFSS to investigate a low-profile patch antenna and evaluate the influence of different loading configurations and resonant modes.
Full-wave simulation provides a detailed representation of antenna behaviour, particularly for complex structures, and is therefore widely used for antenna analysis and optimisation (Balanis, 2016; Mishra et al., 2022). However, each simulation represents a computationally expensive evaluation of a particular design configuration. While manual or parametric simulation may remain practical for a small number of variables, the computational burden increases substantially when many geometrical parameters are varied simultaneously.
3.4 Limitations of Conventional Simulation-Driven Antenna Design
The conventional antenna-design process can generally be represented as an iterative sequence:
Define antenna requirements → Select geometry → Determine initial dimensions → Modify geometry/feeding → Perform EM simulation → Analyze S-parameters and radiation characteristics → Modify parameters → Repeat.
Although this approach provides useful physical insight and remains effective for relatively simple antenna structures, its efficiency decreases as the complexity and number of design variables increase (Lee, 1989; Balanis, 2016).
A major limitation is the reliance on trial-and-error and repeated electromagnetic simulation when analytical models are insufficient. Lee (1989) noted that some complex microstrip configurations could not be designed reliably using simple analytical formulations and therefore required iterative design procedures. Similarly, the wide range of geometrical modifications reported in the literature demonstrates the increasing complexity of conventional antenna design (Mishra et al., 2022). Another limitation is the strong interaction among multiple design variables. Patch dimensions, feed parameters, substrate properties, slots, parasitic elements, and ground-plane configurations can simultaneously influence resonant frequency, impedance matching, bandwidth, and radiation characteristics (Balanis, 2016; Mishra et al., 2022). As a result, determining a suitable combination of parameters through manual adjustment becomes increasingly difficult. The third limitation is the computational cost of repeated full-wave simulation. Each candidate geometry requires an individual electromagnetic evaluation, and the total computational burden increases with the number of design variables and candidate configurations. This limitation becomes particularly important for optimisation problems involving large or high-dimensional design spaces. Therefore, although conventional antenna design provides an essential physical foundation, it does not inherently offer an efficient strategy for exploring large, nonlinear, and highly coupled design spaces. These limitations have motivated the development of metaheuristic optimisation, machine-learning-based surrogate modelling, and other data-driven approaches that can reduce the dependence on repeated full-wave electromagnetic simulations (Johnson & Rahmat-Samii, 1997; Kurniawati et al., 2021; Sarker et al., 2023).
To provide a concise comparison of the computational approaches discussed above, Table 1 summarizes the major characteristics of conventional and metaheuristic antenna-design methods. The comparison highlights their respective search mechanisms, advantages, limitations, and computational requirements. Conventional approaches such as analytical design, manual parameter variation, and parametric sweeps are effective for simple or low-dimensional problems but become increasingly inefficient as the number of design variables increases. Metaheuristic methods such as Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), and Differential Evolution (DE) provide more systematic and intelligent exploration of complex design spaces. 
Table 1. Comparison of conventional and metaheuristic approaches for antenna design and optimization.
	Design Approach
	Search / Design Mechanism
	Typical Application
	Major Advantage
	Major Limitation
	Computational Requirement

	Manual / Trial-and-Error Design
	Designer manually modifies antenna dimensions and evaluates performance
	Basic patch and simple antenna designs
	Simple and physically intuitive
	Time-consuming; strongly dependent on designer experience
	Low for simple designs; increases with complexity

	Analytical / Empirical Design
	Mathematical equations and empirical design formulas are used to determine initial dimensions
	Conventional patch antennas and standard geometries
	Fast initial design and good physical insight
	Limited applicability to complex and highly modified geometries
	Low

	Parametric Sweep
	Predefined combinations of design variables are systematically simulated
	Parameter sensitivity analysis and design-space exploration
	Systematic and easy to implement
	Number of simulations increases rapidly with the number of variables
	Moderate to very high

	Genetic Algorithm (GA)
	Population-based evolutionary search using selection, crossover, and mutation
	Geometry optimization, topology optimization, miniaturization, bandwidth enhancement
	Effective global search for nonlinear and multidimensional problems
	Requires many objective-function evaluations and may converge slowly
	High when coupled directly with EM simulation

	Particle Swarm Optimization (PSO)
	Population-based search using particle position, velocity, and collective experience
	Patch dimensions, slots, feed position, bandwidth and frequency optimization
	Simple implementation and effective continuous-variable search
	Each particle generally requires an EM evaluation
	High when coupled directly with EM simulation

	Differential Evolution (DE)
	Population-based vector-difference mutation and recombination
	Continuous antenna and electromagnetic optimization
	Effective exploration of continuous design spaces
	Computational cost increases with population and generations
	High

	Other Nature-Inspired Methods
	Search based on biological or physical processes, e.g., IWO and Firefly Algorithm
	Complex and nonlinear antenna optimization
	Provides alternative search strategies for multimodal problems
	Performance and computational cost depend strongly on algorithm settings
	Moderate to high

	Direct Metaheuristic + EM Solver
	GA/PSO/DE proposes candidate geometry and HFSS/CST evaluates electromagnetic performance
	Automated antenna optimization
	Reduces manual intervention and enables automated search
	Still requires repeated full-wave simulations
	Very high for high-dimensional problems



4. Metaheuristic Optimisation in Antenna Design
The increasing complexity of antenna geometries and the nonlinear relationship between antenna dimensions and electromagnetic performance have encouraged the use of metaheuristic optimisation techniques for antenna design. Unlike conventional trial-and-error approaches, metaheuristic algorithms can explore multidimensional design spaces and search for near-optimal solutions according to predefined objectives such as resonant frequency, impedance bandwidth, return loss, gain, efficiency, directivity, or antenna size (Johnson & Rahmat-Samii, 1997; Rocca et al., 2011). Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), Differential Evolution (DE), and other nature-inspired algorithms have consequently been investigated for different antenna-design and electromagnetic optimisation problems (Robinson & Rahmat-Samii, 2004; Rocca et al., 2011). The application of evolutionary and nature-inspired algorithms to electromagnetics has been extensively studied, with GA and PSO being among the commonly adopted approaches for antenna optimisation (Johnson & Rahmat-Samii, 1997; Robinson & Rahmat-Samii, 2004).
4.1 Genetic Algorithm-Based Antenna Optimisation
Genetic Algorithm (GA) is one of the earliest and widely investigated evolutionary techniques for electromagnetic optimisation. It uses a population of candidate solutions and evolutionary operations such as selection, crossover, and mutation to progressively improve a predefined objective function. In antenna engineering, GA has been applied to optimise conventional geometrical parameters as well as generate unconventional antenna topologies. Jayasinghe (2021) reviewed GA-based binary optimisation of microstrip antennas for bandwidth enhancement, miniaturization, directivity improvement, polarisation control, and topology optimisation. These studies demonstrate the capability of GA to perform global searches for complex antenna configurations.
GA has also been applied to high-directivity antenna design. Jayasinghe et al. (2013) employed GA to design a high-directivity microstrip patch antenna by optimising the patch configuration and feeding position. The reported design achieved approximately 12 dBi broadside directivity and 4% fractional impedance bandwidth, with good agreement between simulated and measured results (Jayasinghe et al., 2013). GA has also been widely used for antenna miniaturization. Lamsalli et al. (2016) divided a rectangular patch into small pixels and used GA to determine an optimised conductive configuration. Their approach shifted the resonance from 4.9 GHz to 2.16 GHz and achieved a reported miniaturization of up to 82%, demonstrating the ability of GA to generate non-intuitive antenna geometries (Lamsalli et al., 2016). Similarly, Boudjerda et al. (2022) investigated GA-based optimisation for miniaturized microstrip patch antennas, further demonstrating its application to multi-parameter antenna design (Boudjerda et al., 2022). More recently, Çelik et al. (2025) employed a genetic algorithm to optimise a pixel-based patch antenna for Wi-Fi 6E applications. The radiating patch was divided into small cells, and GA was used to determine the optimised conductive configuration. The resulting antenna achieved a measured impedance bandwidth of 5.75–8.46 GHz, demonstrating the continued applicability of GA-based topology optimisation for modern wideband antenna designs (Çelik et al., 2025). Overall, these studies demonstrate the evolution of GA from optimising conventional antenna parameters toward topology-level optimisation. However, its computational cost increases with population size and number of generations because candidate geometries generally require electromagnetic evaluation.

4.2 Particle Swarm Optimisation-Based Antenna Optimisation
Particle Swarm Optimisation (PSO) is an important population-based metaheuristic technique used in antenna engineering. Inspired by the collective behaviour of biological populations, PSO searches the design space through particles whose positions are updated according to individual and collective experience. Unlike GA, it does not require crossover and mutation operations, making it relatively simple for continuous antenna parameters such as patch dimensions, slot sizes, and feed positions (Robinson & Rahmat-Samii, 2004). Soliman et al. (2023) employed PSO to optimise a wideband microstrip antenna for 5G sub-6 GHz applications by optimising patch and slot dimensions while satisfying electromagnetic and physical requirements. The optimised antenna covered approximately 3.2–5.7 GHz and was subsequently fabricated, with experimental results supporting the simulation-based design (Soliman et al., 2023). Similarly, Kundu et al. (2023) used an AI-based PSO approach to design a low-profile slotted microstrip antenna for 5G applications in the 24–28 GHz range. HFSS was used for electromagnetic evaluation, while PSO optimised the antenna parameters, including patch and ground-plane slots. The study considered return loss, VSWR, gain, radiation pattern, and axial ratio, demonstrating the applicability of PSO to multi-parameter high-frequency antenna optimisation (Kundu et al., 2023). PSO has also been applied to antenna arrays and other electromagnetic optimisation problems (Robinson & Rahmat-Samii, 2004). Compared with topology-oriented GA approaches, PSO is particularly suitable for continuous design variables. However, its computational cost remains significant because each particle generally requires an electromagnetic simulation for fitness evaluation. Thus, although PSO improves the search process, the dependence on repeated full-wave simulations remains a major limitation.
4.3 Other Nature-Inspired and Hybrid Metaheuristic Approaches
In addition to GA and PSO, several other nature-inspired algorithms have been investigated for electromagnetic and antenna optimisation. Differential Evolution (DE), Invasive Weed Optimisation (IWO), Firefly Algorithm, and other population-based techniques have been explored for solving nonlinear and multimodal antenna-design problems (Jayasinghe, 2021; Rocca et al., 2011). Rocca et al. (2011) reviewed the application of Differential Evolution (DE) to electromagnetic optimisation. DE is particularly suitable for continuous design variables and uses vector-difference-based mutation and recombination to explore the search space. Similarly, Karimkashi and Kishk (2010) investigated Invasive Weed Optimisation (IWO) for electromagnetic problems, demonstrating its applicability to complex optimisation tasks. Metaheuristic approaches have also been integrated with electromagnetic simulation to optimise unconventional antenna geometries. For example, Çelik et al. (2025) combined binary GA with Ansys HFSS to optimise the topology of a pixel-based antenna for Wi-Fi 6E applications. Such approaches demonstrate the increasing use of metaheuristic algorithms for topology-level and simulation-driven antenna optimisation. Overall, these methods provide alternative search mechanisms beyond GA and PSO. However, their computational requirements remain closely linked to the number of electromagnetic evaluations required during optimisation.
4.4 Limitations of Metaheuristic–Electromagnetic Optimisation
Although metaheuristic algorithms provide effective global-search capabilities, their direct coupling with full-wave electromagnetic simulation can become computationally expensive. The optimizer does not directly determine the electromagnetic response; instead, each candidate solution generally requires evaluation using a solver such as HFSS or CST. Consequently, increasing the population size, number of iterations, or design variables increases the number of expensive EM simulations. The computational requirements of evolutionary and swarm-based optimisation have been widely recognized in electromagnetic design (Johnson & Rahmat-Samii, 1997; Robinson & Rahmat-Samii, 2004). A larger population can improve exploration but requires more simulations, whereas reducing the population or iterations may limit the exploration of complex design spaces. This creates a fundamental trade-off between optimisation quality and simulation cost. The problem becomes more severe for highly parameterised antenna structures, where many interacting variables must be optimised simultaneously. Liu et al. (2021) addressed this limitation through surrogate-assisted optimisation, demonstrating that computationally inexpensive surrogate predictions can replace a substantial proportion of direct EM evaluations. Therefore, although metaheuristic algorithms provide an important foundation for automated antenna optimisation, their dependence on repeated full-wave simulations remains a major limitation. This has motivated the integration of machine-learning-based surrogate models, which can approximate electromagnetic responses and reduce the number of expensive simulations required during optimisation.
5. Emergence of Machine Learning in Antenna Engineering
The increasing complexity of modern antenna structures and the growing computational cost of full-wave electromagnetic (EM) simulations have created a need for more efficient design methodologies. Conventional antenna design generally involves calculating initial dimensions, performing electromagnetic simulations, comparing the obtained response with the desired specifications, and repeatedly modifying the antenna geometry until acceptable performance is achieved. This iterative process becomes increasingly difficult when several geometrical parameters interact nonlinearly (Balanis, 2016; Sarker et al., 2023). Machine learning (ML) has therefore emerged as a promising data-driven approach for learning the relationship between antenna design parameters and electromagnetic responses. By utilising data generated from analytical models or electromagnetic simulations, ML models can provide rapid predictions and can subsequently be incorporated into antenna synthesis and optimisation workflows (Kurniawati et al., 2021; Sarker et al., 2023).
5.1 Machine Learning for Antenna Parameter Prediction and Inverse Design
One of the important applications of ML in antenna engineering is the prediction of antenna geometrical parameters from desired electromagnetic characteristics. Kurniawati et al. (2021) investigated Decision Tree, Random Forest, Support Vector Regression (SVR), and Artificial Neural Network (ANN) models for predicting rectangular microstrip patch antenna dimensions using 215 simulated configurations. Random Forest with 15 estimators achieved the lowest reported MSE of 3.45, demonstrating the potential of ML to reduce the trial-and-error involved in antenna dimension selection (Kurniawati et al., 2021).
ML-based prediction has also been applied to dual-band and higher-frequency microstrip antennas. Haque et al. (2022) developed an inset-fed microstrip patch antenna with a partial ground structure and used 86 CST-generated samples to evaluate seven ML models for resonant-frequency prediction. Among them, Decision Tree Regression provided the best reported performance, with an MSE of 0.71% and a variance score of 99.68% (Haque et al., 2022). 
These studies demonstrate the transition from conventional forward modelling, where antenna geometry is used to obtain electromagnetic performance, toward inverse modelling, where desired performance characteristics can be used to estimate suitable antenna parameters. ML-based response and specification models can provide computationally inexpensive predictions and can subsequently be combined with optimisation algorithms to reduce the number of full-wave simulations (Zou et al., 2024). More recently, Agusriandi et al. (2025) investigated ML and DL regression for rectangular microstrip antennas using a dataset of 1,920 samples. The study considered the prediction of S11, bandwidth, and VSWR and reported strong performance from conventional ML models, particularly Random Forest, while TabNet provided a competitive DL-based approach for multi-input and multi-output prediction (Agusriandi et al., 2025). ML has further been integrated directly into antenna geometry optimisation. Wu et al. (2024) proposed a machine-learning-assisted antenna geometry design method using CNN and Gaussian Process Regression (GPR). The surrogate models were iteratively updated using verified full-wave simulation results, demonstrating how ML can be incorporated into an optimisation loop rather than being used only for standalone prediction (Wu et al., 2024). Overall, these studies indicate that ML can support parameter prediction, inverse design, multi-output performance modelling, and surrogate-assisted optimisation. However, the effectiveness of these approaches remains strongly dependent on the quality, size, and representativeness of the simulation-generated training data, which motivates the development of more data-efficient surrogate and Active Learning strategies.
5.2 Machine Learning-Based Surrogate Modelling
Although direct ML prediction can accelerate antenna analysis, an important application of ML in computational electromagnetics is surrogate modelling. A surrogate model approximates the response of a computationally expensive electromagnetic simulation using a faster mathematical or data-driven model. Once trained, the surrogate can rapidly evaluate candidate designs and thereby reduce the number of expensive full-wave simulations required during optimisation (Zou et al., 2024). Liu et al. (2021) demonstrated this concept through a self-adaptive surrogate model-assisted optimisation framework for complex antenna design. Their training-cost-reduced surrogate-assisted hybrid differential evolution method employed a self-adaptive Gaussian-process surrogate. The approach was demonstrated for a 2G–5G indoor base-station antenna with 45 design variables and 12 specifications and a 5G outdoor base-station antenna with 23 design variables and 18 specifications. The authors reported more than 90% reduction in training time and approximately 20% reduction in iterations compared with a state-of-the-art method (Liu et al., 2021). Gocen et al. (2024) further demonstrated the computational benefit of surrogate modelling for a CPW-fed open-stub-loaded C-shaped microstrip antenna. A deep-learning-based surrogate was trained using data generated from a three-dimensional EM simulator. Direct EM-based optimisation required approximately 47.2 h, whereas the surrogate-assisted approach required about 24.3 h, corresponding to a computational-cost reduction of more than 50% (Gocen et al., 2024). The challenge of constructing accurate surrogates in high-dimensional design spaces was investigated by Koziel et al. (2024). Their approach combined kriging-based surrogate modelling, particle swarm optimisation, and global sensitivity analysis within a reduced-dimensionality design space. By concentrating the surrogate on the most influential directions, the method reduced the data requirements while maintaining competitive optimisation performance compared with full-dimensional ML and direct EM-driven approaches (Koziel et al., 2024). More recently, surrogate-assisted optimisation has also been extended to mixed continuous and binary antenna variables. Fu and Leung proposed a machine-learning-assisted swarm-intelligence algorithm that integrates ML models with PSO for both surrogate-guided swarm updating and candidate prescreening, demonstrating the potential of ML-assisted optimisation for more complex antenna design spaces (Fu & Leung, 2025). 
Overall, surrogate modelling represents an important transition from using ML solely for prediction toward using ML as an active computational component of antenna optimisation. Instead of evaluating every candidate using a full-wave solver, large portions of the search can be performed using the inexpensive surrogate, while selected designs are verified through EM simulation. However, surrogate accuracy remains dependent on the quality and coverage of the training data, and this challenge becomes more significant for highly nonlinear and high-dimensional antenna-design problems. These limitations motivate adaptive sampling and Active Learning, which can selectively identify informative designs for additional electromagnetic simulation
5.3 ML-Assisted Antenna Optimisation and Emerging Data-Driven Design
The integration of ML models with optimisation algorithms represents an important development in intelligent antenna design. Conventional optimisation methods such as Differential Evolution (DE) and Particle Swarm Optimisation (PSO) can effectively explore complex design spaces, but their direct coupling with full-wave electromagnetic simulation may require a large number of computationally expensive evaluations. ML-based surrogate models can reduce this burden by providing rapid approximations of electromagnetic responses during the optimisation process (Liu et al., 2021; Koziel et al., 2024).
Several studies have demonstrated this integrated approach. Liu et al. (2021) combined a self-adaptive Gaussian-process surrogate with hybrid differential evolution for complex multi-variable antenna optimisation. Koziel et al. (2024) integrated kriging, PSO, global sensitivity analysis, and dimensionality reduction to improve optimisation efficiency in high-dimensional antenna problems. Similarly, Gocen et al. (2024) demonstrated deep-learning-based surrogate-assisted optimisation and reported a reduction in computational time from approximately 47.2 h to 24.3 h (Liu et al., 2021; Gocen et al., 2024; Koziel et al., 2024). ML-based antenna synthesis has also been demonstrated using relatively small simulation datasets. Tiwari et al. (2024) developed a Random Forest-based synthesis methodology using 50 HFSS-generated samples, with 40 samples for training and 10 for testing. The model established relationships between antenna parameters and resonant frequency and return loss, demonstrating the potential for rapid prediction compared with repeated electromagnetic simulation (Tiwari et al., 2024).
Taken together, these studies indicate a progression from individual parameter prediction toward integrated, surrogate-assisted antenna optimisation. ML has been applied to inverse parameter prediction (Kurniawati et al., 2021), resonant-frequency prediction (Haque et al., 2022), HFSS-based antenna synthesis (Tiwari et al., 2024), surrogate-assisted evolutionary optimisation (Liu et al., 2021), deep-learning-based optimisation (Gocen et al., 2024), and reduced-dimensionality surrogate optimisation (Koziel et al., 2024). Multi-output prediction of S11, bandwidth, and VSWR has also been investigated using ML and DL models (Agusriandi et al., 2025).
However, an important limitation remains: ML does not eliminate the need for electromagnetic simulations; rather, most ML-based antenna approaches depend on simulation-generated data for model training. For example, Kurniawati et al. (2021), Haque et al. (2022), Tiwari et al. (2024), and Agusriandi et al. (2025) relied on simulated datasets of different sizes, while surrogate-based approaches similarly require initial electromagnetic evaluations to construct their models. As the dimensionality of the antenna design space increases, generating a sufficiently representative training dataset can itself become computationally expensive (Sarker et al., 2023; Zou et al., 2024).
This limitation highlights an important research direction: instead of generating large fixed datasets in advance, ML models can be used to identify which new antenna configurations are most informative for subsequent electromagnetic simulation. Such adaptive data acquisition forms the basis of Active Learning and adaptive sampling, which can improve data efficiency while reducing unnecessary full-wave simulations (Settles, 2009; Settles, 2011). The studies summarized in Table 2 demonstrate the progressive development of ML in antenna engineering, from individual parameter prediction to surrogate-assisted and multi-variable optimisation. Although ML and surrogate models can substantially reduce the computational cost of repeated electromagnetic evaluations, most existing approaches still depend on an initial simulation-generated dataset. Consequently, the efficiency of these methods is closely related to the quantity and representativeness of the available training data. This limitation provides a strong motivation for Active Learning, where new electromagnetic simulations are selected adaptively according to the information required by the learning model

Table 2. Comparison of Machine Learning and Surrogate-Based Approaches for Antenna Design
	Study
	ML / Surrogate Technique
	Antenna / Application
	Dataset / Simulation Requirement
	Primary Objective
	Key Finding / Advantage
	Major Limitation

	Kurniawati et al. (2021)
	Decision Tree (DT), Random Forest (RF), SVR, ANN
	Rectangular microstrip patch antenna
	Simulation-generated dataset; 215 samples as reported in the manuscript draft
	Predict antenna dimensions from design requirements
	RF achieved the lowest reported MSE of 3.45 among the evaluated models
	Prediction performance depends on the coverage and quality of the training data.


	Haque et al. (2022)
	CNN, LR, RF, DT, Lasso, Ridge, XGBoost
	Dual-band inset-fed microstrip patch antenna
	86 CST-generated samples
	Predict resonant frequency
	DT achieved the best reported performance among the evaluated models
	Relatively small, application-specific dataset may limit generalization.


	Liu et al. (2021)
	Self-adaptive Gaussian Process surrogate with differential evolution (DE)
	Complex 5G base-station antenna design
	Two complex design cases involving 45 and 23 design variables, respectively
	Surrogate-assisted optimization of complex antenna designs
	Reported substantial reductions in surrogate-training time and optimization iterations compared with the methods used for comparison
	Initial EM simulations and surrogate-model training are still required.


	Gocen et al. (2024)
	Deep-learning surrogate; modified multilayer perceptron (M2LP) selected for optimization
	CPW-fed open-stub-loaded C-shaped microstrip antenna
	1,024 full-wave EM-generated samples
	Reduce computational cost of antenna optimization
	Reported total computational time decreased from 47.2 h to 24.3 h compared with direct EM-based optimization
	Generating the initial simulation dataset remains computationally expensive.


	Koziel et al. (2024)
	Kriging surrogate in a reduced-dimensionality domain, with sensitivity analysis and bio-inspired global search
	Planar and microstrip antenna optimization problems
	EM-simulation data; reduced-dimensionality modelling for problems with multiple design variables
	Improve the efficiency of global antenna optimization
	Reported competitive optimization performance with an average of approximately 300 EM evaluations across the test cases
	Reduced-dimensionality modelling and surrogate accuracy may affect optimization reliability.



	Agusriandi et al. (2025)
	ML/DL regression, including RF and TabNet
	Rectangular microstrip patch antenna
	1,920 generated samples
	Predict multiple antenna characteristics, including S11, bandwidth, and VSWR
	RF performed strongly, while TabNet showed competitive performance for selected prediction tasks
	Data requirements and generalization to unseen antenna designs remain important considerations.

	Overall ML / Surrogate Approach
	Regression models, surrogate modelling, and surrogate-assisted optimization
	Various antenna structures
	Requires suitable training data, commonly obtained from EM simulations or other data-generation procedures
	Accelerate prediction, design exploration, and optimization
	Can reduce dependence on repeated full-wave EM evaluations
	Data generation, training-data coverage, and surrogate validation remain key challenges.


6. Hybrid Machine Learning and Active Learning-Based Antenna Optimisation
The integration of machine learning with optimisation techniques represents an important development toward simulation-efficient antenna design. Metaheuristic algorithms such as Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), and Differential Evolution (DE) provide effective search capabilities, but their direct coupling with full-wave electromagnetic (EM) solvers can require a large number of expensive simulations. ML-based surrogate models can reduce this computational burden by approximating antenna responses and allowing optimisation algorithms to evaluate candidate designs rapidly (Liu et al., 2021; Zou et al., 2024). More recent approaches have further incorporated deep learning, reinforcement learning, and Active Learning to improve both the search process and the efficiency of simulation-data generation.
6.1 Hybrid Machine Learning–Metaheuristic Approaches
A major development in intelligent antenna optimisation is the integration of ML surrogates with evolutionary and swarm-based optimisation. Iliadis et al. (2022) employed a boundary-seeking Generative Adversarial Network (GAN) as a surrogate for patch antenna design and used its output to initialize a Biogeography-Based Optimisation algorithm for a dual-frequency 4G/5G antenna. This work demonstrated how generative ML models can assist evolutionary search by providing promising candidate solutions before further optimisation (Iliadis et al., 2022). Liu et al. (2021) combined a self-adaptive Gaussian-process surrogate with hybrid Differential Evolution for complex antenna optimisation. The approach was demonstrated on antennas involving 23–45 design variables and multiple performance specifications, showing that surrogate-assisted evolutionary optimisation can be extended beyond relatively low-dimensional antenna problems (Liu et al., 2021). A different hybrid strategy was presented by Koziel et al. (2024), who combined kriging-based surrogate modelling, PSO, global sensitivity analysis, and dimensionality reduction. The surrogate was used to reduce the number of expensive EM evaluations while sensitivity analysis helped identify influential design directions (Koziel et al., 2024). More recently, Vijayakumari and Annalakshmi (2025) integrated a Light Gradient Boosting Machine (LightGBM) with the Piranha Foraging Optimisation Algorithm (PFOA) for a bail-shaped microstrip patch antenna designed for 3.45 GHz 5G applications. LightGBM was used as the predictive component, while PFOA optimised the slot dimensions. The reported design achieved a return loss of approximately −39.90 dB at 3.45 GHz, illustrating the use of ML predictions as an objective function within a metaheuristic search (Vijayakumari & Annalakshmi, 2025). Another recent direction is the combination of surrogate modelling with reinforcement learning. Dou et al. (2025) employed a CNN as a surrogate model and combined it with reinforcement learning for automatic antenna-topology optimisation. EM simulation data were used to train the CNN, after which the surrogate replaced repeated EM evaluations during reinforcement-learning-based topology exploration. This demonstrates a progression from conventional population-based optimisation toward learning-based autonomous search (Dou et al., 2025). Overall, hybrid ML–metaheuristic approaches establish a surrogate–optimizer architecture in which ML provides rapid performance prediction while an optimisation algorithm performs the search. However, these methods generally still require an initial simulation-generated dataset. Thus, they reduce the cost of optimisation but do not necessarily minimize the amount of EM data required for training.
6.2 Deep Learning, Inverse Design, and Simulation-Driven Active Learning
Deep learning has further expanded the capability of data-driven antenna optimisation, particularly for inverse design and complex topology generation. Chen et al. (2025) proposed a CNN-based inverse-design framework for pixelated microstrip antennas combined with Binary Particle Swarm Optimisation (BPSO). A 10 × 10 binary representation produced an extremely large combinatorial design space, while a CNN trained using 150,000 simulated samples served as a surrogate for predicting S-parameters. BPSO subsequently searched the pixel configuration according to the desired electromagnetic response. The approach achieved faster convergence and lower S11 error than the compared GA and simulated-annealing methods (Chen et al., 2025). Although this approach demonstrates the capability of deep learning for complex inverse design, the requirement of 150,000 simulated samples also reveals an important limitation. A highly accurate deep-learning surrogate does not automatically imply a simulation-efficient design methodology because generating the training dataset may itself require substantial computational resources (Chen et al., 2025).
Deep learning has also been combined with reinforcement learning for topology optimisation. Dou et al. (2025) used a CNN surrogate within a reinforcement-learning environment, allowing the learning agent to explore antenna topologies without requiring every intermediate candidate to undergo direct full-wave simulation. Such approaches indicate a shift toward automated design agents that learn search strategies from accumulated EM data (Dou et al., 2025). These developments demonstrate that modern data-driven antenna optimisation is moving beyond simple forward prediction toward inverse design, topology generation, surrogate-assisted search, and autonomous optimisation. However, the fundamental data-generation problem remains: most deep-learning frameworks still depend on substantial quantities of simulation-generated data.
6.3 Active Learning for Simulation-Efficient Antenna Optimisation
Active Learning (AL) addresses the data-generation problem from a different perspective. Instead of generating a large fixed dataset before model training, AL iteratively determines which new samples should be evaluated using the expensive EM solver. An initial set of simulations is first used to train a surrogate, after which unexplored candidate designs are evaluated by the model. Samples considered informative because of high uncertainty, expected model improvement, diversity, or promising predicted performance are then selected for full-wave simulation. The newly obtained results are incorporated into the training set and the surrogate is updated. This process is repeated iteratively (Settles, 2009; Settles, 2011).
Zhang et al. (2026) demonstrated this concept through a Simulation-Driven Active Learning (SDAL) framework for inverse design of freely partitioned metasurface antennas. A DNN was trained using simulation-driven adaptive data generation based on Voronoi partitioning. The reported SDAL-assisted DNN achieved training and validation accuracies of 95.59% and 90.84%, respectively, and was used to inversely design wideband and dual-band metasurface antennas (Zhang et al., 2026). 
A more recent study by Du et al. (2025) proposed an Active Learning-based adaptive sampling strategy for far-field modelling of flexible antennas. Their method used an improved Expected Model Change Maximization strategy with Support Vector Regression to identify informative samples while maintaining sampling diversity. The authors reported a 24.7% reduction in the required training set and a 17.4% reduction in overall modelling time without compromising model accuracy (Du et al., 2025). This study directly demonstrates the value of adaptive sample selection for reducing the amount of simulation data required to construct an accurate antenna surrogate. Active Learning has also been combined with Bayesian optimisation for electromagnetic design problems. A 2025 study on broadband polarisation-insensitive metasurfaces used Bayesian Active Learning by combining Bayesian optimisation with electromagnetic simulation. With only 36 initial data points and five iterations, the method identified an optimal structure from a candidate space containing more than 11 million possible configurations (Liu et al., 2025). Although focused on metasurface design rather than a conventional microstrip antenna, this work further demonstrates the potential of adaptive simulation selection for extremely large electromagnetic design spaces. The key distinction between hybrid ML–metaheuristic optimisation and Active Learning is therefore the role of the learning model. In hybrid optimisation, ML primarily reduces the cost of evaluating candidate solutions during the search. In Active Learning, the ML model additionally determines which new expensive EM simulations should be performed. Thus, Active Learning addresses both model construction and optimisation efficiency by adaptively controlling the acquisition of simulation data. This provides a foundation for closed-loop antenna-design frameworks in which EM simulation, surrogate modelling, candidate selection, and optimisation operate as a continuous iterative process.
6.4 Critical Comparative Analysis of Existing Approaches
The reviewed studies demonstrate that each antenna-design approach offers distinct advantages and limitations. Conventional full-wave EM simulation provides detailed electromagnetic evaluation but may require substantial computational time for complex designs (Mishra et al., 2022). Metaheuristic algorithms such as GA and PSO improve the exploration of complex design spaces; however, their efficiency depends on the number of candidate evaluations and the associated simulation cost (Johnson & Rahmat-Samii, 1997; Robinson & Rahmat-Samii, 2004). ML-based surrogate models enable rapid performance prediction, but their reliability depends on the quality and representativeness of the training data (Liu et al., 2021; Koziel et al., 2024). Hybrid ML–optimisation methods combine fast prediction with intelligent search, although inaccurate surrogate predictions may affect optimisation results (Liu et al., 2021; Zou et al., 2024). Active Learning offers a promising alternative by selecting informative samples for additional simulation, potentially improving data efficiency (Settles, 2009; Liu et al., 2025; Du et al., 2025). Nevertheless, its effectiveness depends on the sample-selection strategy, surrogate validation, and stopping criteria. Overall, the literature indicates that no single approach fully addresses simulation cost, data requirements, optimisation reliability, and automation simultaneously. These limitations motivate the development of integrated frameworks combining automated EM simulation, reliable surrogate modelling, intelligent optimisation, and adaptive sample selection.
6.5 Research Gap and Motivation for Autonomous Hybrid Active Learning
The reviewed literature demonstrates a clear progression from conventional metaheuristic optimisation toward machine-learning-assisted and, more recently, Active Learning-driven antenna design. Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), and related evolutionary methods provide effective exploration of complex design spaces, but their direct integration with full-wave electromagnetic (EM) simulation requires repeated and computationally expensive evaluations (Johnson & Rahmat-Samii, 1997; Robinson & Rahmat-Samii, 2004). Machine-learning-based surrogate models can reduce this computational burden by approximating the electromagnetic response, but their effectiveness generally depends on the availability of sufficiently representative simulation-generated training data (Liu et al., 2021; Koziel et al., 2024; Zou et al., 2024). Hybrid approaches, including LightGBM combined with evolutionary optimisation, LightGBM with PFOA, and CNN combined with BPSO, further demonstrate the potential of integrating learning models with intelligent optimisation for antenna design (Vijayakumari & Annalakshmi, 2025; Chen et al., 2025).
However, an important limitation remains. Many existing ML-assisted antenna-design approaches depend on relatively large or fixed simulation datasets generated before or during the modelling process. For example, the reviewed literature includes approaches based on hundreds of electromagnetic simulations for surrogate-assisted optimisation and 150,000 simulated samples for deep-learning-based inverse design (Liu et al., 2021; Chen et al., 2025). Although such datasets can provide adequate coverage for model training, their generation may itself become computationally expensive when each sample requires a full-wave EM simulation. This issue becomes particularly significant for complex antenna geometries involving numerous interacting design variables.
The limitation is particularly important for high-dimensional antenna optimisation, where exhaustive, random, or uniformly distributed sampling can rapidly increase the number of required simulations. Consequently, the key challenge is not only to develop an accurate surrogate model, but also to determine which new antenna configurations should be simulated to obtain the maximum amount of useful information. Active Learning addresses this issue by allowing the learning model to guide the selection of new samples according to criteria such as uncertainty, informativeness, diversity, or expected improvement (Settles, 2009; Settles, 2011). Recent studies have demonstrated the potential of simulation-driven Active Learning for inverse metasurface-antenna design and adaptive electromagnetic modelling (Zhang et al., 2026; Du et al., 2025). Nevertheless, these studies do not fully establish a generalized autonomous framework that simultaneously integrates iterative Active Learning, surrogate modelling, automated full-wave EM simulation, and intelligent antenna optimisation within a unified closed-loop process.
Therefore, an important research opportunity lies in developing an autonomous hybrid Active Learning framework in which electromagnetic simulation, surrogate modelling, adaptive sample selection, and optimisation are continuously interconnected. Such a framework can begin with a limited initial set of simulations, train a surrogate model, evaluate a large candidate space at low computational cost, identify promising and/or informative configurations, and selectively submit only the most valuable candidates to the high-fidelity electromagnetic simulator. The newly obtained simulation results can then be incorporated into the training dataset, the surrogate can be updated, and the process can be repeated until the desired antenna-performance requirements are satisfied. This closed-loop strategy may reduce unnecessary electromagnetic evaluations while maintaining an adaptive representation of the design space (Liu et al., 2021; Zhang et al., 2026; Du et al., 2025).
Thus, the major research gap identified from the reviewed literature is the limited integration of data-efficient Active Learning, surrogate modelling, automated full-wave simulation, and optimisation into a single autonomous antenna-design workflow. Addressing this gap provides a pathway toward simulation-efficient, data-efficient, and autonomous antenna optimisation, and forms the methodological motivation for the present research. To provide an overall perspective on the evolution, capabilities, computational requirements, and limitations of these approaches, Table 3 presents a comparative summary of the major computational methodologies used in antenna design and optimisation.
Table 3. Overall Comparison of Computational Approaches for Antenna Design and Optimization
	Approach
	Main Mechanism
	Typical Simulation/Data Requirement
	Optimization Capability
	Main Advantage
	Major Limitation
	Automation Level

	Conventional Analytical Design
	Analytical equations, empirical relations, manual dimension calculation
	Very low
	Low
	Fast initial design and strong physical interpretability
	Difficult for complex and highly coupled geometries
	Low

	Parametric Sweep
	Systematic variation of design parameters
	High when multiple variables are considered
	Low
	Simple and comprehensive for small design spaces
	Computational cost increases rapidly with number of variables
	Low

	Genetic Algorithm (GA)
	Selection, crossover, mutation, population-based search
	High; repeated EM evaluations
	High
	Effective global exploration and topology optimization
	Large number of EM simulations may be required
	Medium

	Particle Swarm Optimization (PSO)
	Particle movement based on individual and global experience
	High; repeated EM evaluations
	High
	Effective for continuous antenna parameters
	Computationally expensive for large search spaces
	Medium

	Differential Evolution (DE)
	Differential mutation, recombination, population-based search
	High; repeated EM evaluations
	High
	Effective for nonlinear continuous optimization
	Strong dependence on EM simulation cost
	Medium

	ML-Based Prediction
	ML learns geometry–performance relationship
	Moderate–High; simulation-generated datasets
	Low–Moderate
	Very rapid prediction after training
	Prediction depends strongly on training-data quality
	Medium

	ML-Based Inverse Design
	Desired performance → estimated antenna parameters
	Moderate–High
	Moderate–High
	Rapid estimation of suitable antenna configurations
	Generalization can be limited outside training distribution
	Medium–High

	Surrogate-Assisted Optimization
	ML surrogate replaces many direct EM evaluations
	Initial EM dataset + selected validation simulations
	High
	Reduces expensive full-wave evaluations
	Surrogate accuracy and extrapolation remain concerns
	High

	Hybrid ML–Metaheuristic
	ML surrogate combined with GA/PSO/DE or other optimizer
	Initial/periodic EM simulations
	High
	Combines fast prediction with intelligent search
	Often dependent on pre-generated or fixed simulation data
	High

	Deep Learning / Topology Optimization
	CNN/DNN learns complex geometry–response relationships
	Often large simulation datasets
	High
	Suitable for complex and topology-level antenna design
	Large data-generation and training requirements
	High

	Active Learning-Based Optimization
	Learning model adaptively selects informative/uncertain samples for new EM simulations
	Small initial dataset + adaptively selected simulations
	High
	Improves simulation/data efficiency
	Requires reliable acquisition, surrogate-update, and stopping strategies
	Very High

	Autonomous AI-Based Optimization
	Automated closed-loop ML/DL/RL + optimizer + EM solver
	Varies; may still require substantial initial data
	High
	Minimizes manual intervention and enables iterative automated design
	Autonomy does not necessarily guarantee simulation/data efficiency
	Very High

	Autonomous Hybrid Active Learning
	Active Learning + surrogate modelling + intelligent optimization + automated EM simulation in a closed loop
	Limited initial dataset + adaptively selected high-fidelity simulations
	High
	Combines autonomy with adaptive data acquisition and simulation efficiency
	Requires robust integration, reliable sample selection, surrogate validation, and stopping criteria
	Very High / Closed-loop



7. Conclusion
The reviewed literature demonstrates the progressive development of antenna-design methodologies from conventional parameter-based approaches to metaheuristic optimisation, machine-learning-based modelling, hybrid ML–optimisation, and Active Learning-driven techniques. Metaheuristic algorithms such as GA and PSO have improved the exploration of complex antenna design spaces; however, their dependence on repeated full-wave electromagnetic simulations can result in considerable computational cost. Machine learning has provided efficient alternatives for antenna performance prediction, inverse design, and surrogate-assisted optimisation. However, most ML-based approaches still require sufficiently representative datasets, which are often generated through computationally expensive electromagnetic simulations. Hybrid approaches combining ML models with metaheuristic algorithms can reduce the number of direct simulations during optimisation, but the cost of generating the initial training data remains an important challenge. Active Learning provides a further opportunity to improve both data efficiency and simulation efficiency by intelligently selecting informative and promising antenna configurations for subsequent electromagnetic evaluation. The literature therefore indicates a growing need for integrated frameworks that combine full-wave EM simulation, machine-learning surrogate modelling, optimisation, and adaptive sample selection within an iterative process. Such an approach may reduce unnecessary simulations while maintaining reliable antenna-performance prediction and optimisation. Overall, the reviewed studies establish the foundation for developing simulation-efficient, data-efficient, and increasingly autonomous antenna optimisation frameworks, particularly for high-dimensional microstrip antenna design problems where conventional exhaustive simulation and fixed-data ML approaches become increasingly impractical.

Limitations 
This review draws primarily on publications identified through Google Scholar and general web searches, with studies selected according to relevance to computational antenna design. The manuscript does not specify a reproducible search period, comprehensive database coverage or a formal quality-assessment procedure. Differences among antenna geometries, simulation settings, performance objectives and reported computational measures also limit direct comparisons across studies. Because the synthesis is primarily narrative, the relative efficiency of competing methods cannot be established through a common quantitative benchmark. Future reviews could use a documented search protocol, systematic quality appraisal and comparable computational-performance measures.
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