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Abstract— Antenna design optimization has attracted significant research interest in recent years, largely because traditional antenna design approaches are often time-consuming and do not always guarantee optimal results. The increasing complexity of modern antennas, in terms of geometry, topology, and strict performance requirements, makes conventional trial-and-error methods less effective. As a result, optimization techniques have become an important complement to classical antenna design methods. However, antenna design optimization still faces several challenges, particularly in achieving high efficiency and strong optimization capability when dealing with complex and highly constrained design problems. In antenna engineering, optimization can involve single-objective techniques, where one performance parameter such as gain, bandwidth, or efficiency is optimized, or multi-objective techniques, where several performance metrics such as gain, bandwidth, isolation, and radiation efficiency are optimized simultaneously. While traditional optimization algorithms have been widely used for these tasks, their computational cost and limited adaptability can restrict their effectiveness for complex antenna structures. Recent advances in machine learning (ML) have introduced new opportunities for improving antenna design optimization. ML-based methods can significantly reduce computational time, improve prediction accuracy, and efficiently explore large design spaces. This paper reviews recent developments in antenna design optimization, with particular emphasis on approaches that integrate machine learning with both single-objective and multi-objective optimization techniques. These emerging methods show strong potential for addressing the growing demands of modern antenna systems and are expected to play an important role in the future development of antennas for a wide range of wireless communication applications.

Index Terms— AI, Machine Learning, Antenna Optimization, PSO, NSGA. 

I. INTRODUCTION
  Over the past few decades, machine learning (ML) has rapidly emerged as a powerful tool across many fields of science and engineering. Its ability to analyze large volumes of data, identify patterns, and automate complex tasks has transformed the way problems are approached in modern technology. Although ML is still a relatively developing field, it has already had a profound impact on several industries by providing innovative solutions and enabling new insights that were previously difficult to obtain. Recently, the influence of ML has begun to extend into the design and optimization of antennas. Traditional antenna design methods often require extensive simulations and iterative adjustments, which can be time-consuming and computationally demanding. With the advent of the Big Data era, machine learning techniques are increasingly being explored to address these challenges. By learning from existing data and simulation results, ML models can predict antenna behavior and assist in optimizing design parameters more efficiently. As a result, machine learning offers significant potential for accelerating the antenna design process while maintaining high levels of accuracy. This capability makes ML a promising approach for improving the performance and efficiency of modern antenna systems.
Antenna design and measurement is the process of creating an electromagnetic structure that can effectively transmit or receive signals in a specific frequency range [1–3]. Antenna design involves various optimization criteria, such as bandwidth, gain, radiation pattern, impedance matching, and others. Traditionally, antenna designs and measurements have been based on empirical and analytical methods, which can be time-consuming and computationally expensive [1–4]. Although the antenna optimization task is carried out efficiently using various Computational Electromagnetic (CEM) simulation tools. These existing tools consume more time and computing resources to solve the antenna optimization problems. Table 1 shows the various CEM tools and EM solver and their optimization limitation. Recently, Artificial Intelligence AI/Machine Learning ML (AI/ML) techniques have been applied to antenna design to optimize various designs & measurement criteria more efficiently and effectively compared to traditional methods [4-5].
Table 1: CEM tools and EM solver and their optimization limitation
	S/No 
	Name of CEM Tool 
	Method of EM Solver
	Limitations

	1 
	FEKO 
	MOM 
	Large antenna arrays are not suited

	2
	CST 
	FEM, FIT, and TLM
	TLM Execution time is large and enhanced with the size of the antenna structure

	3 
	HFSS 
	FEM, FDTD
	Execution time is quite large and enhanced with the size of the antenna structure

	4
	COMSOL
	FEM, BOUNDARY ELEMENT

METHOD
	Used for solving many time-domain problems, but particularly when the signals are narrowband

	5
	SONNET
	GTD
	It can run very slowly

	6
	MEEP
	FDTD
	It can solve simple geometries


Antenna design generally depends on full-wave electromagnetic (EM) simulation computer-aided design (CAD) software tools like HFSS, CST Microwave Studio, or FEKO, which implement techniques such as Finite Element Method (FEM), Finite-Difference Time-Domain (FDTD), or Method of Moments (MoM) [4-6]. 

Although accurate, the simulations are time-consuming, particularly for [6]: 

• High-frequency designs (e.g., mmWave or THz antennas), 

• Electromagnetically large structures, 

• Sophisticated multi-parameter optimizations, 

• Complete 3D models with dense meshing requirements. 

The long computation times render iterative tuning and large-scale design space exploration virtually impossible. Traditional antenna design methods have numerous limitations, including inefficiency in exploring large design spaces, reliance on simplifying assumptions, time-consuming iterations, and difficulty managing complex structures and optimization goals. To overcome these challenges, researchers and engineers are turning to ML and optimization algorithms [7-8].
In [9], the study predicts two parameters, Diversity and Gain. XGB regression, several model including Nonparametric regression, Random Forest regression, Mars (Multivariate Adaptive regression splines) were used, among which Mars (Multivariate Adaptive regression splines) gives a high prediction accuracy, The ML models demonstrated strong predictive accuracy, achieving R2 = 96.92%, explained variance score (EVS) = 97.58%, mean squared error (MSE) = 0.58%, root mean squared error (RMSE) = 7.63%, and mean absolute error (MAE) = 5.68%.

The implementation of various machine-learning techniques, including Extreme Gradient Boosting (XGB) regression, yielded outstanding outcomes. XGB achieved an R-squared value and variance scores of 98 %, demonstrating exceptional accuracy. It also showed minimal error rates in efficiency prediction, with a reassuringly low Mean Absolute Error (MAE) of 1.62 %, a Mean Squared Error (MSE) of 0.37 %, and a Root Mean Squared Error (RMSE) of 2.78 %. The antenna design is rigorously tested using CST and ADS simulation tools, confirming its superior performance compared to existing systems. The study explores multi-objective optimization, covering efficiency, bandwidth, and compactness, which are crucial for future wireless communication systems. This study highlights the potential of integrating THz technology with machine learning to enhance antenna design, presenting a novel framework for the evolution of future wireless networks with improved performance and energy efficiency [10].

In [11] Several ML models were used, among which are: Gradient Boosting Regressor, Extra Trees Regression, XGB Regression, Non- Parametric Regression, and Ridge Regression. XGB Regression gives the highest prediction accuracy. The ML models demonstrated strong predictive accuracy, achieving R2 = 93.34%, explained variance score (EVS) = 93.91%, mean squared error (MSE) = 1.94%, root mean squared error (RMSE) = 13.93%, and mean absolute error (MAE) = 4.73%. These results validate the capability of ML to accelerate antenna design by minimizing iterative simulations. The combination of multi-band operation, high gain, strong isolation, and ML-assisted optimization makes the proposed antenna a promising candidate for next-generation THz systems, including short-range secure communications, low-power sensor networks, non-destructive testing, biomedical imaging, and ultra- fast 6G backhaul links.
Antenna design and dataset generation for machine learning training
A. Antenna design procedure
This section explains the step-by-step process for the antenna design, simulation, and dataset generation for Machine Learning training.
The antenna performances depend on several interrelated parameters, such as: Geometric attributes (size, length, width, thickness), Material properties (dielectric constant, conductivity), Boundary conditions, and feeding mechanisms [6]. 
The first step starts by designing the antenna based on the operating frequency or applications.
The design process of a patch antenna is achieved by using the equations designated for the purpose of designing a specific shape. Therefore, the equations for the width and length of the patch are shown in [7]; 
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1.3
The dimensions of the substrate can be calculated by using the equations below [7]; 

[image: image5.png]


















1.4
[image: image6.png]h+ W



















1.5
The dimension of the length of the transmission line is obtained by using the equations below [7]; 
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where, 
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1.8
The dimension of the width of the transmission line is obtained by using the equations below [7]; 
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B. Simulation process
Antenna design generally depends on full-wave electromagnetic (EM) simulation computer-aided design (CAD) software tools like HFSS, CST Microwave Studio, or FEKO, which implement techniques such as Finite Element Method (FEM), Finite-Difference Time-Domain (FDTD), or Method of Moments (MoM) [6]. 

C. Dataset Generation for Machine Learning Training
Before training a model, a dataset must first be generated. These datasets will be generated by varying several antenna parameters, such as the length and width of the path, slot size, and antenna array in MIMO designs. ML, a subfield of artificial intelligence, enables systems to learn from data and improve without explicit programming, as shown in Fig. 1. By training algorithms on labeled datasets, they can recognize patterns, make predictions, and generalize to new, unseen data. This automation and predictive power can significantly enhance antenna design, leading to faster design cycles and improved performance. Combining ML with traditional methods pushes the boundaries of antenna performance and efficiency [8].
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Fig 1: Data acquisition workflow for Machine Learning [9].
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Fig 2: Input features and output target for the ML model
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Fig 3: Dataset generation process for ML training [8]
[8] explain the step-by-step process to develop a Machine Learning model to predict and optimize the return loss of antenna designs, specifically targeting multi-band or wideband performance for IoT applications.

To predict return loss using ML, a model must first be trained. The dataset is generated by varying the lengths of La,

Wa and Wb, which act as input features for the ML algorithms, along with frequency. La ranges from 9 to 12 mm in 1 mm increments, Wa ranges from 7 to 11 mm in 1 mm increments, and Wb ranges from 0.25 to 1 mm in 0.25 mm increments, as per these design parameter variations. Each antenna design is simulated in HFSS, generating return loss values over frequencies from 1 to 20 GHz, divided into 451 points. This process results in a dataset of 36,080 values.
The figure below explains the design process for the dataset generation [8].
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Fig 4: Dimension of the antenna design steps [8]
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Fig 5: Antenna parameters [8]
After dataset generation, the next step is to train the model. The flowchart in Figure 1, below, explains the steps to follow for the ML Training. The first thing after generating the dataset is to create a clean the dataset using Exploratory data analysis and pre-processing, then the dataset will be divided into two depending on the availability of your data, but if you want your model to perform well you must have a big dataset, the dataset will be divided in to training dataset and testing dataset, on the training dataset side multiples models are screened, the best one is selected and optimized through cross-validation and hyper-parameter turning, then retrained on full training data and finally evaluated using unseen test data to produce an optimal model. Cross-validation and hyperparameter tuning are used to avoid overfitting. The model interpretation (Feature importance, Partial dependence Plots PDP, and Sharpley Additive explanation SHAP) will help us to avoid “black box”, the ML model selected best on the performance metric such as the MSE, RMSE, R2, and then the best model will be deployed for the prediction and optimization.
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Figure 6: Steps for the machine learning optimization and prediction
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Fig. 7. Diagram illustrating the stages involved in creating machine learning [9].
II.  Overview of the ml and dl algorithms for antenna design and prediction
Artificial Intelligence (AI) encompasses several advanced computational techniques, among which Machine Learning (ML) and Deep Learning (DL) are important subsets. These approaches enable systems to learn patterns from data and make intelligent decisions without explicit programming. In the field of antenna engineering, various ML and DL algorithms have been applied to support tasks such as antenna design, performance prediction, optimization, and model selection, helping to improve efficiency and accuracy in the development process. The figure below shows the overview of the 
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Figure 6: Association toward AI, ML, and DL [8]
i. Supervised Learning (SL) 
In a supervised learning model, the computer learns from a labeled dataset in order to generate predicted responses to new input. Regression and classification are two forms of supervised learning techniques. In the classification task, a model is trained using the learning algorithm on a set of samples and their corresponding labels. Once trained, the model should be able to classify any unseen data into one of the labels. The regression algorithm's goal is to discover the mapping function that will transfer input variables (x) to a continuous output variable (y). There are many supervised learning algorithms proposed in the literature. Figure 5 shows a categorization of supervised learning algorithms along with their suitability for different applications. 
ii. Unsupervised Learning (UL) 
An unsupervised learning algorithm uses an unlabeled dataset to train the model, attempting to make sense of it by extracting features, co-occurrence, and underlying patterns in the data. In many cases, the labeling of data may not be available or costly, and unsupervised learning overcomes this issue by learning from data and classifying them without the use of labels. Unsupervised learning is quite useful for detecting patterns in data that are not visible using traditional methods [8-12]. 
iii. Reinforcement Learning (RL) 
Reinforcement learning (RL) is a sort of ML in which a model learns how to behave in a given environment by executing actions and assessing the outcomes [8-12]. 
iv. Artificial Neural Networks 
The ANNs are computational neural networks that are capable of performing the same tasks as the human brain. Based on their learning characteristics, ANNs may be grouped into three types. These include the supervised neural network, the unsupervised neural network, and the reinforcement neural network [8-12]. 
v. DL Algorithm 
DL is a sort of technology that models the neural network of the brain. Connected layers are utilized to develop DL algorithms. The input layer is the initial layer in DL, whereas the output layer is the last layer. Hidden layers consist of all the intermediate layers. The weight, bias, and activation function all impact the signal strength transmitted to the neuron in the subsequent layers. There are two learning stages in DL. In the first stage, the input data are subjected to a nonlinear transformation, and a statistical model is generated; in the second stage, the model is enhanced via a mathematical process known as derivative. These two procedures are performed hundreds to thousands of times until the neural network reaches an acceptable level of accuracy [8-12]. 
Some of the supervised ML used for the prediction and optimization of an antenna are;
XGB regression 

In the realm of machine learning, XGBoost, or Extreme Gradient Boosting, is a popular and highly efficient tool. Whether you’re trying to predict something or categorize it, this method can help. XGBoost is a potent technique for developing supervised regression models [9-14].

Nonparametric regression 

Nonparametric regression is a widely applicable methodology as it does not necessitate the specification of a specific functional form for the relationship between variables. Instead, the approach uses techniques like kernel smoothing or local polynomial fitting to approximate the underlying distribution of the data. This enables the modeling of intricate interactions in a more adaptable manner, without relying on pre- existing knowledge [9-14].

Random forest regression 

Random Forest Regression is a way to use machine learning to classify and track changes over time. This method might be useful [48]. It adds to Random Forest, a way of sorting things into groups. It was made to do that. Random Forest Regression is a useful method for predicting many things, and it can be used to guess a continuous output variable. Random Forest Regression predicts output factors that are always the same [9-14].

Mars (Multivariate Adaptive regression splines) 

A regression method called MARS can handle relationships that aren’t linear by breaking the input space into segments and fitting simple linear functions, or splines, into each section. It automatically chooses the important variables and breaks to make a piecewise linear approximation of the goal function, which lets you model in a way that is both easy to understand and powerful [9-14].

Performance measurement metrics

This part of the study explains the performance metric for the model selection. The best model will be selected based on these parameters; the one with the highest values is always selected as the best model. These performance metrics are: Mean Absolute Error (MAE), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), R-squared (R2), and Explained Variance Score (Var Score) are some of the statistical metrics that are used to determine the models’ performance [9-14]. 

Mean Absolute Error (MAE) is a statistic that is used to assess the predictive model’s accuracy. It is widely used to evaluate a model’s ability to correctly forecast future values. To get MAE, we simply average the absolute value of the discrepancies between our forecasts and observations [9-14].
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When conducting regression analysis, the Mean Squared Error (MSE) is yet another well-known measure that is used for the purpose of determining how accurate a prediction model is. Specifically, the average squared deviation is calculated by it among forecasted and observed values. By squaring the deviations, MSE provides more weight to larger errors than Mean Absolute Error (MAE) [9-21].
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2.2
The Root Mean Squared Error (RMSE) is a popular statistic for [image: image26.png](Bs — Bp)?




measuring the quality of a regression model’s predictions. It is calculated from the Mean Squared Error (MSE) and gives a measure of the typical size of the discrepancy between projected and actual values, expressed in the same units as the original data [9-14]. RMSE, or Root Mean Squared Error, is calculated as follows:
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2.3
As a statistical metric, R-squared (R2) specifies how much of the total [image: image30.png](Bs — Bp)?




alteration in the dependent variable can be attributed to the independent variables [9-21]. The coefficient of determination is a simple measure of the predictive power of the independent variable(s) over the dependent variable. The value of R2 can range from 0 % to 100 %.
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2.4
A statistic known as the Variance Score calculates how much of the total variance can be attributed to the model [9-21]. It is analogous to the R-squared statistic, except its value is scaled between 0 % and 100 %.
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 represent the predicted values and actual values, respectively,  [image: image38.png]


 indicates the average of the data, and n represents the number of data points [9-22].
In summary

The antenna design process begins with the conceptualization, design, and simulation of a microstrip antenna using electromagnetic simulation tools such as CST, HFSS, or ANSYS. After the initial design, the antenna performance is evaluated and refined through iterative adjustments when necessary. A dataset is then generated by varying key design parameters and operating frequencies. The data is pre-processed through normalization, feature engineering, and augmentation to improve its quality for analysis.

Python libraries such as NumPy, Pandas, and Matplotlib are used for data processing and machine learning implementation, with coding performed in Google Colab. The dataset is divided into training (80%) and testing (20%) sets. The training data is used to develop machine learning models, including Decision Tree, Random Forest, Artificial Neural Network (ANN), K-Nearest Neighbors (KNN), Extra Trees, CatBoost, Gradient Boosting, and XGBoost, etc., to predict the antenna performance metrics such as gain, efficiency, radiation pattern, isolation, and bandwidth, etc. Finally, the models are evaluated using performance metrics such as R², Mean Squared Error (MSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), fitting time, and prediction time, after which the most suitable model is selected for the prediction [30-35].

Surrogate modeling is one of the most widely used machine learning applications in antenna design. Instead of repeatedly performing full-wave electromagnetic simulations, which are computationally expensive and time-consuming, machine learning models are trained using previously generated simulation data to predict the antenna’s performance. By learning the relationship between design parameters and simulation outputs, these surrogate models can quickly estimate results, significantly reduce computational cost, and accelerate the antenna design and optimization process.
Some of the Regression ML used for the prediction and optimization of an antenna are;
III. Optimization of the antenna
Although several hyperparameter optimization techniques exist, this study focuses on three of the most commonly used methods for screening purposes. This study will review single and multi-objective optimization problems, including Particle Swarm Optimization (PSO) and genetic algorithm–based approaches, such as the Non-dominated Sorting Genetic Algorithm (NSGA) [40-45].
 Multi-objective optimization problem extends this to problems with multiple conflicting objectives, where there's no single optimal solution but a set of trade-off solutions known as the Pareto front (or Pareto-optimal set). The goal is to find a diverse set of non-dominated solutions that approximate this front. A solution A dominates B if A is better in at least one objective and not worse in others. 
PSO is an iterative optimization technique in which each potential solution, known as a particle, moves within the search space by updating its position based on its own best-known solution and the best solutions found by other particles in the swarm. Due to its simplicity, ease of implementation, and the fact that it does not require gradient information, PSO has become a widely used method for solving complex optimization problems [40-45].
Non-dominated Sorting Genetic Algorithm (NSGA) is a population-based evolutionary optimization algorithm used to solve multi-objective optimization problems, where more than one objective must be optimized simultaneously. It is particularly useful in engineering applications such as antenna design, where objectives like gain, bandwidth, efficiency, and isolation may need to be optimized at the same time. The NSGA is of three types: NSGA-I, for single optimization, NSGA-II, for 2-3 conflicting metric parameters, and NSGA-III, for 4-above conflicting parameters [40-45].
The optimization process utilizes either single-objective optimization or multi-objective optimization PSO (MOPSO), depending on the number of parameters to be optimized. To identify the optimal set of antenna parameters that maximizes the combined score of coverage area and efficiency. The objective function is defined as the negative sum of the predicted coverage and efficiency values from the ANN models, as PSO aims to minimize the objective function. In PSO, a swarm of particles explores the search space, where each particle represents a potential solution with specific parameter values. The particles adjust their positions based on their individual experiences and the global best-known position, updating their velocities and positions iteratively. The PSO algorithm converges to the optimal set of parameters that maximizes the objective function, which in this case, are the antenna parameters that achieve the highest coverage and efficiency [40]. 

Objective function:

F(params) = - (predicted_coverage + predicted efficinecy)

Params = (Antenna_Angle, Signal_Strength, Interference_Level, Data_Speed)
Now, PSO iterates over all parameters and adjusts the weights. And the velocity will be updated based on equations (3.1), and the positions of the antenna are updated with equations (3.2).
𝑣𝑖(𝑡+1) = 𝑤. 𝑣𝑖(𝑡)+ 𝐶1. 𝑅1(𝑃𝑖 (𝑡)− 𝑥𝑖(𝑡)) + 𝐶1. 𝑅1(𝑔(𝑡)−𝑥𝑖(𝑡))     3.1

𝑥𝑖(𝑡+1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡+1) 

 3.2 
Where: 

𝑣𝑖(𝑡) is the velocity of particle i at time t 

𝑥𝑖(𝑡) is the position of particle i at time t 

w is the inertia weight 
𝑐1𝑎𝑛𝑑 𝑐2 are cognitive and social coefficients 

𝑟1𝑎𝑛𝑑 𝑟2 are random numbers between 0 and 1 

𝑝𝑖(𝑡)is the best-known position of particle i 

𝑔(𝑡) is the global best-known position 
Multi-Objective Function Formulations of Antenna Design
This work proposed a method that targets two objective functions: (1) the reflection coefficient and (2) the size of the radiating patch of antennas. The multi-objective optimization problem is defined by [41]
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3.3

where x = ZL=[ZL1, ZL2,…, ZLN] represents the vector of the states for all internal ports, in which “0” represents “open” and “1” represents “short”. J represents the number of inequality constraints, and L is the number of equality constraints. f1(x) is the objective function related to antenna radiation size. F2(x) is the objective function related to the reflection coefficient of the antenna. The first objective function is to minimize the working radiation area of the antenna.
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3.4

where C and R (x) are the length of working rows and columns, respectively.
The second objective function is to minimize the S11 of the working frequency band, which is defined by
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 refers to the reflection coefficient in dB. [image: image47.png]


 represents the antenna operating frequency.
Performance-constrained NSGA-II algorithm

This study proposed a multi-objective optimization algorithm, called Performance-Constrained NSGA-II (PC-NSGA-II), designed to address the multi-objective optimization challenge outlined in Equation (3.3). The PC-NSGA-II algorithm is based on a low computational cost multi-port model, so we use the traditional NSGA-II to perform optimization. The PCNSGA-II algorithm not only provides a Pareto frontier where two objectives mutually constrain each other. And all solutions within the resulting Pareto front meet the requirement of a reflection coefficient below -10dB. In the PCNSGA-II algorithm, performance constraints are added to the selection operation of the NSGA-II algorithm. Once the algorithm reaches a predefined iteration threshold, individuals exhibiting reflection coefficients that fail to meet the specified specification are downgraded to the lowest priority level. Consequently, every solution within the optimized Pareto front meets the design specification, enabling its application for fabrication. The specific steps of the proposed PC-NSGA-II method are outlined as follows [41]:

Step 1: Establish the initial antenna structure and obtain the multi-port network model of the antenna.

Step 2: Formulate the objective functions of the size of antenna (as Eq. (3.4)) and the reflection coefficient (as Eq. (3.5)).

Step 3: Set the population size, the total number of iterations, and the number of iterations for adding performance constraints, and relevant parameters for crossover and mutation operators.

Step 4: Generate the initial population accordingly.

Step 5: Conduct non-dominated sorting and crowding distance calculation on the population to establish its hierarchical structure.

Step 6: Perform selection, crossover, and mutation operations.

Step 7: If the predefined iteration threshold for adding performance constraints is reached, downgrade any solution with a reflection coefficient exceeding -10 dB to the lowest priority level. Otherwise, proceed to the next step.

Step 8: Perform elite selection to identify a predetermined number of outstanding individuals.

Step 9: If the total number of iterations is met, preserve the Pareto front. Otherwise, go to Step 3.3.
IV. discussion and conclusion
This study has reviewed the growing role of Artificial Intelligence (AI) in the field of antenna engineering. It examined various Machine Learning (ML) and Deep Learning (DL) algorithms that can be applied to antenna design, optimization, and antenna selection. The study also discussed ML/DL-based antenna design procedures integrated with electromagnetic simulators such as CST, HFSS, and FEKO, highlighting how these tools can support intelligent and data-driven antenna development.
It explained a well-understandable step-by-step process for ML design and optimization of an antenna, from scratch, i.e., from the design process, data collection, ML model training, selecting the best model, and applying it for the design and optimization in antenna applications.
In addition, several antenna optimization approaches were explored, including parallel optimization, single-objective and multi-objective optimization, variable-fidelity optimization, and multilayer ML-assisted optimization. The review further presented the application of ML/DL techniques in intelligent antenna selection for wireless communication systems, emphasizing their capability to enhance system performance.

Since AI-driven antenna design relies heavily on data, the study also outlined the step-by-step procedure for generating datasets using FEKO, which is essential for training reliable ML/DL models. At the same time, the review addressed the challenges associated with implementing AI in antenna engineering, such as data requirements, computational complexity, and model generalization.

Overall, the findings demonstrate that the integration of ML and DL techniques can significantly accelerate the antenna design process while maintaining high accuracy, reducing design errors, and minimizing computational time. These approaches also enable effective prediction of antenna behavior, improved computational efficiency, and a reduction in the number of required simulations.

Therefore, the insights provided in this review will be valuable for researchers and engineers seeking to explore AI-driven methods for antenna design, optimization, and selection in wireless communication systems, particularly in addressing multi-objective optimization challenges were improving one antenna parameter may negatively affect another.
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