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Abstract

Machine learning (ML) has emerged as a promising approach for accelerating the design and analysis of microstrip
patch antennas by replacing computationally expensive full-wave electromagnetic simulations. However, many
existing studies emphasize prediction accuracy while providing limited model interpretability and insufficient
validation on unseen antenna geometries. This work presents an explainable Light Gradient Boosting Machine
(Light GBM) framework for predicting the reflection coefficient (S11) of a rectangular microstrip patch antenna using
geometric dimensions, feed-line dimensions (feed x and feed y), and operating frequency. A dataset comprising
60,760 antenna samples generated using ANSYS HFSS was employed for model development, and the Light GBM
hyperparameters were optimized using GridSearchCV with five-fold cross-validation. The optimized model achieved
an R2 score of 0.8184, a mean absolute error of 0.3244 dB, and a root mean square error of 1.1326 dB on previously
unseen test data. SHapley Additive exPlanations (SHAP) were employed to provide global and local interpretations
of the trained model. The analysis revealed that operating frequency and feed-line length are the most influential
parameters governing impedance matching, while the contributions of the remaining design variables were consistent
with established antenna theory. The framework was further validated using independently simulated HFSS antenna
geometries with parameter combinations excluded from the training dataset, demonstrating good agreement between
predicted and simulated S11 values. A model-guided antenna optimization study at 2.4 GHz improved the predicted
S11 from —6.37 dB to —12.03 dB, with independent HFSS validation achieving —13.54 dB. The proposed explainable
Light GBM framework therefore provides an accurate, interpretable, and computationally efficient surrogate modeling
approach for rapid antenna analysis, design exploration, and optimization.

Keywords: Microstrip Patch Antenna; Light GBM; Explainable Artificial Intelligence; SHapley Additive exPlanations;
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1. Introduction

Microstrip patch antennas have become one of the most widely adopted antenna structures in modern wireless
communication systems owing to their low profile, lightweight construction, ease of fabrication, low manufacturing
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cost, and compatibility with planar and integrated circuit technologies. Recent compact microstrip antenna designs for
2.4 GHz Industrial, Scientific, and Medical (ISM) band Internet of Things (IoT) applications further demonstrate the
continuing importance of efficient antenna design methodologies for modern wireless systems [1].

These characteristics have enabled their widespread application in wireless local area networks (WLAN), IoT devices,
satellite communication systems, global positioning systems (GPS), radar systems, and emerging fifth-generation (5G)
wireless communication networks. Although the geometry of a rectangular microstrip patch antenna is relatively simple,
its electromagnetic performance is governed by the combined influence of several design parameters, including patch
dimensions, feed-line dimensions (feed x and feed y), substrate characteristics, and operating frequency. Among
various antenna performance metrics, the reflection coefficient (S11) is one of the most important indicators for
evaluating impedance matching, as it directly influences power transfer, radiation efficiency, bandwidth, and the overall
performance of the antenna [2].

Traditionally, antenna design and performance evaluation have relied on analytical formulations and full-wave elec-
tromagnetic (EM) simulations. Analytical methods provide useful initial design estimates; however, they cannot
accurately capture complex electromagnetic phenomena such as fringing fields, higher-order modes, and coupling
effects. Consequently, full-wave EM simulators, such as the ANSYS High Frequency Structure Simulator (HFSS), are
extensively employed because they provide highly accurate numerical solutions of Maxwell’s equations. Despite their
accuracy, repeated HFSS simulations require considerable computational time and computational resources, particularly
when thousands of antenna configurations must be evaluated during parameter optimization, sensitivity analysis, or
design exploration.

To overcome these computational limitations, machine learning (ML) has emerged as an effective surrogate modeling
technique for antenna analysis. Supervised machine learning algorithms have been widely adopted for predictive
modeling because of their ability to learn complex nonlinear relationships from labeled datasets, making them suitable
for engineering regression and classification problems [3]. Instead of repeatedly solving computationally expensive
electromagnetic simulations, ML. models learn the nonlinear relationship between antenna design parameters and
electromagnetic responses using previously generated simulation or measurement data. Once trained, these models can
predict antenna characteristics within milliseconds, thereby substantially accelerating antenna analysis and optimization.
Consequently, numerous regression-based machine learning algorithms, including artificial neural networks (ANNs),
support vector machines (SVMs), random forests (RF), gradient boosting methods, XGBoost, and the Light Gradient
Boosting Machine (Light GBM), have been successfully applied for predicting antenna characteristics such as resonant
frequency, reflection coeflicient (S11), bandwidth, gain, radiation efficiency, and radiation patterns. These studies
have demonstrated that ML-based surrogate models can significantly reduce computational effort while maintaining
satisfactory prediction accuracy.

Despite these encouraging developments, most existing studies primarily focus on improving prediction accuracy
while providing limited insight into the physical interpretation of the trained models. Model performance is generally
evaluated using statistical metrics such as the coefficient of determination (R?), mean absolute error (MAE), or root
mean square error (RMSE), whereas the trained machine learning models themselves are often treated as black-box
predictors. Although accurate prediction is essential, the lack of interpretability makes it difficult to understand how
individual antenna design parameters influence the predicted electromagnetic response. Consequently, antenna designers
cannot readily relate machine learning predictions to established electromagnetic theory or confidently employ these
models during practical antenna design and optimization. Furthermore, comparatively fewer studies simultaneously
address systematic hyperparameter optimization, comprehensive model interpretability, independent validation using
unseen antenna geometries, and practical model-guided antenna design within a unified framework.

Recently, Explainable Artificial Intelligence (XAI) has emerged as an effective approach for improving the transparency
and interpretability of complex machine learning models. Among various XAl techniques, SHapley Additive exPlanations
(SHAP) provide a theoretically rigorous framework based on cooperative game theory for quantifying the contribution of
each input feature to individual model predictions. SHAP enables both global interpretation, which identifies the overall
importance of input variables across the complete dataset, and local interpretation, which explains the contribution of
each feature to individual predictions. These capabilities make SHAP particularly suitable for interpreting tree-based
ensemble learning algorithms such as Light GBM. Although SHAP has demonstrated considerable success in several
engineering and industrial applications, its application to antenna performance prediction remains relatively limited.
In particular, comprehensive SHAP-based interpretation of Light GBM models for Si; prediction, combined with
systematic hyperparameter optimization, independent validation on unseen antenna geometries, and model-guided
antenna optimization, has received comparatively little attention in the existing literature.

Motivated by these gaps, the present work integrates a Light Gradient Boosting Machine (Light GBM) regression
model with SHAP-based explainability to predict and interpret the S;; behavior of rectangular microstrip patch
antennas. Unlike prior studies that emphasize prediction or optimization alone, this work focuses on extracting
physically meaningful insights from the ML model, enabling both global and local interpretation of antenna impedance
matching behavior. By bridging data-driven modeling and electromagnetic understanding, the proposed framework
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advances the application of explainable machine learning in antenna engineering.

The major contributions of this work are summarized as follows:

1. Systematic optimization: GridSearchCV combined with five-fold cross-validation to tune Light GBM hyperpa-
rameters, ensuring fair comparison with other ML models.

2. Comprehensive explainability: Integration of SHAP-based XAl to provide global feature importance, feature
interactions, parameter sensitivity analysis, and local explanations for individual antenna predictions.

3. Unseen geometry validation: Independent HFSS simulations on six antenna configurations excluded from the
training dataset, demonstrating generalization capability with 1.35 dB average error.

4. Model-guided optimization: Practical demonstration of using the trained surrogate model to identify improved
antenna configurations at 2.4 GHz, with subsequent HFSS validation achieving —13.54 dB S;; (improvement
from —6.79 dB initial design).

The remainder of this paper is organized as follows. Section 2 reviews the recent literature on machine learning-based
antenna modeling and explainable artificial intelligence techniques. Section 3 describes the antenna design methodology,
HFSS simulation setup, and dataset generation process. Section 4 presents the proposed LightGBM prediction
framework, GridSearchCV-based hyperparameter optimization, and SHAP explainability methodology. Section 5
presents the prediction performance, explainability analysis, and model-guided antenna optimization results. Section 6
presents the independent HFSS validation results obtained using unseen antenna geometries. Section 7 discusses the
implications, practical significance, and limitations of the proposed framework. Finally, Section 8 concludes the paper
by summarizing the principal findings and outlining future research directions.

2. Related Work

Machine learning (ML) techniques have been extensively explored in recent years to accelerate antenna analysis, design,
and optimization by reducing dependence on computationally expensive full-wave electromagnetic (EM) simulations.
Early studies showed that artificial neural networks (ANNs) could be used to model antenna parameters such as
resonant frequency and impedance behavior. In earlier work, Neog et al. [4] used ANN-based models for predicting
microstrip antenna parameters and helped reduce the overall antenna design time. Sharma and Pandey [5] further
demonstrated the applicability of machine learning for compact microstrip antenna design by employing artificial neural
networks to model the relationship between antenna geometry and electromagnetic performance, thereby reducing the
design effort required during antenna development. Later studies extended ANN-based methods to specific design
tasks, such as tuning slot dimensions and air-gap spacing in rectangular microstrip antennas [6]. With the development
of ensemble learning techniques, tree-based ML models have also been increasingly used in antenna engineering. Haque
et al. [7] compared several machine learning algorithms, including linear regression, decision trees, random forests,
convolutional neural networks, and XGBoost, for predicting the resonant frequency of a microstrip patch antenna,
demonstrating the effectiveness of data-driven regression models for antenna parameter estimation. Wu et al. [§]
presented a multistage collaborative machine learning framework for antenna analysis and optimization, reporting
improved prediction accuracy and stability over single-model methods. Similarly, Sharma et al. [9] applied machine
learning techniques to the optimization of monopole antenna geometries, showing the ability of data-driven models
to represent nonlinear electromagnetic effects. More recent work has employed gradient-boosting-based methods,
including enhanced XGBoost variants, for antenna optimization and surrogate modeling [10]. In addition, surrogate-
assisted optimization techniques based on multi-fidelity electromagnetic analysis have been employed to accelerate
computationally expensive antenna optimization while maintaining high design accuracy [11, 12].

Deep learning techniques have similarly been applied to antenna performance prediction and surrogate modeling,
particularly for geometrically complex structures. Convolutional neural networks (CNNs) and recurrent neural
architectures have also been applied to the prediction of return loss and near-field characteristics. Yang et al.
[13] introduced an MSCNN-LSTM model for return-loss prediction in RFID tag antennas and reported consistent
performance across a range of antenna designs. Khan et al. [14] applied deep CNN models to near-field prediction,
whereas Tulum et al. [15] used deep-learning-based surrogate models for phased-array antennas operating at millimeter-
wave frequencies. Although these studies show that deep learning can represent complex electromagnetic responses,
they generally require more complex model structures and offer limited interpretability.

Inverse modeling and optimization-focused ML approaches have also been applied to antenna design problems. Xiao
et al. [16] proposed an inverse ANN-based method for multi-objective antenna design, in which antenna geometries
are estimated from desired performance specifications. Rana et al. [17] applied ML-based optimization methods for
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the design of a 28-GHz patch antenna for 5G communication, proving the utility of ML algorithms for high-frequency
antenna design.

The rapid evolution toward next-generation wireless communication systems, including 6G, is expected to demand com-
pact, high-performance, and computationally efficient antenna design methodologies capable of supporting increasingly
stringent communication requirements [18]. Moreover, several review studies have summarized the growing application
of machine learning in electromagnetics and antenna engineering, highlighting its use in antenna design, optimization,
surrogate modeling, and electromagnetic analysis [19-21].

However, in most of the existing ML-based antenna research, the primary objective is to enhance the accuracy of
predictions and the speed of optimization. This makes it challenging to understand how the various parameters of
an antenna influence the predicted electromagnetic behavior. This hinders the ability of antenna designers to gain
physical insights or to verify the predictions made by ML-based models using conventional antenna theory.

To address this limitation, explainable artificial intelligence (XAI) techniques have gained increasing attention. Among
them, SHapley Additive exPlanations (SHAP) provide an effective method for quantifying the contribution of each
input feature to a model’s prediction. Improved SHAP-based interpretation methods have been proposed to enhance
feature importance analysis and model understanding [22]. SHAP has been successfully applied in non-electromagnetic
engineering domains, such as construction materials modeling, to explain black-box regression models [23], as well
as in explainable regression tree frameworks [24]. However, the application of SHAP-based explainability to antenna
performance analysis remains limited.

Only a few recent studies have begun exploring explainability in electromagnetic and antenna-related problems, and
comprehensive interpretation of S-parameter behavior using XAI techniques is still largely unexplored. In particular,
explainable analysis of the reflection coefficient (S711) of microstrip patch antennas using tree-based ensemble models
and SHAP has not been sufficiently investigated. These limitations motivate the methodology presented in the following
sections.

3. Antenna Model and Dataset Generation

A rectangular edge-fed microstrip patch antenna operating in the 2.4 GHz Industrial, Scientific, and Medical (ISM)
band was designed and analyzed in this study. Microstrip patch antennas operating in the 2.4 GHz ISM band continue
to receive considerable attention for wireless and Internet of Things (IoT) applications because of their compact size and
ease of integration [1]. The antenna consists of a rectangular radiating patch printed on an FR-4 dielectric substrate,
backed by a full ground plane, and excited using an edge-fed microstrip transmission line with a lumped port, as
illustrated in Figure 1. Full-wave electromagnetic simulations were performed using ANSYS High Frequency Structure
Simulator (HFSS). The substrate material was FR-4 epoxy with a relative dielectric constant (e,) of 4.4, substrate
thickness (h) of 1.6 mm, and loss tangent (tand) of 0.02. These substrate properties remained fixed throughout
the study, while the patch dimensions, feed-line dimensions (feed x and feed y), and operating frequency were
systematically varied to generate the simulation dataset.

To construct a comprehensive dataset covering a broad range of antenna responses, the primary design parameters
were varied within predefined intervals. As illustrated in Figure 1, feed x denotes the width of the edge-fed microstrip
feed line, whereas feed _y denotes the feed line length measured from the substrate edge toward the radiating patch.
During dataset generation, feed x was varied from 1.5 mm to 4.5 mm with a step size of 0.5 mm, while feed y was
varied from 27 mm to 33 mm with a step size of 1 mm. The patch length (L _Patch) was varied from 27.5 mm to
31 mm in increments of 0.5 mm, while the patch width (W _Patch) ranged from 36 mm to 40 mm with a step size
of 1 mm. In addition, the operating frequency was swept from 1 GHz to 4 GHz with a frequency resolution of 0.1
GHz. The complete antenna geometry is illustrated in Figure 1, whereas the parameter ranges employed for dataset
generation are summarized in Table 1.

The selected parameter ranges produced 7 feed x values, 7 feed y values, 8 L _Patch values, 5 W_ Patch values, and
31 frequency samples. Every possible combination of these parameter values was simulated in HFSS, resulting in a
total of 60,760 antenna responses (7 X 7 X 8 x 5 x 31 = 60,760). Since the complete design space defined by the selected
parameter ranges was exhaustively simulated, no antenna configurations were excluded during dataset generation. This
exhaustive sampling strategy ensures that the machine learning models were trained using the complete parameter
space considered in this study.

For each antenna configuration, the reflection coefficient (S11) was extracted from the HFSS simulations over the
frequency sweep from 1 GHz to 4 GHz. Consequently, the complete dataset contains S;; values ranging from
approximately —0.01 dB to —38.01 dB across all simulated frequencies. It should be noted that the minimum value of
approximately —38.01 dB does not occur at the target operating frequency of 2.4 GHz but at another frequency within
the sweep. At 2.4 GHz, the best antenna configuration in the dataset exhibits an Sy of approximately —17.12 dB. The
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Substrate(FR-4)

Figure 1: Geometry of the proposed edge-fed rectangular microstrip patch antenna showing the patch dimensions
(L_Patch and W_ Patch), the microstrip feed line width (feed x), the feed line length (feed y), the FR-4 substrate,
ground plane, and lumped port used.

dataset therefore represents both poorly matched antenna configurations (S1; close to 0 dB) and well-matched antenna
designs (S1; < —10 dB).

As expected for a broad parametric sweep, the dataset exhibits a naturally imbalanced distribution. Specifically, 59,578
samples (98.05%) correspond to poorly matched antennas (S7; > —10 dB), whereas only 1,182 samples (1.95%) satisfy
the conventional impedance-matching criterion (S1; < —10 dB). This imbalance is a consequence of the underlying
antenna physics rather than the sampling methodology, as only a relatively small region of the explored design space
produces good impedance matching. The influence of this imbalance on model performance is discussed in Section 7.

Table 1: Antenna design parameters and corresponding variation ranges used for HF'SS dataset generation.

Parameter Range or value Step size
Substrate material FR-4 epoxy -
Relative dielectric constant (e,) 44 -
Substrate thickness (h) 1.6 mm -
Loss tangent (tand) 0.02 -
Feed-line width (feed x) 1.5-4.5 mm 0.5 mm
Feed-line length (feed y) 27-33 mm 1 mm
Patch length (L _Patch) 27.5-31 mm 0.5 mm
Patch width (W _ Patch) 3640 mm 1 mm
Operating frequency 1-4 GHz 0.1 GHz

The selected parameter ranges were chosen to cover both resonant and non-resonant antenna configurations around the
target operating frequency of 2.4 GHz, thereby generating a diverse dataset for machine learning model development.

4. Explainable Machine Learning Methodology

4.1. LightGBM Model

The Light Gradient Boosting Machine (Light GBM) is a gradient boosting decision tree algorithm designed to provide
accurate prediction while maintaining high computational efficiency [25]. Unlike conventional gradient boosting algo-
rithms that grow trees level by level, Light GBM adopts a leaf-wise tree growth strategy with depth constraints, enabling
improved predictive performance while reducing computational complexity. Furthermore, Light GBM incorporates
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histogram-based feature discretization and optimized tree construction, making it particularly suitable for large-scale
regression problems involving nonlinear relationships.

In the present study, Light GBM was employed to predict the reflection coefficient (S11) of a rectangular microstrip
patch antenna using five input variables, namely the feed-line dimensions (feed x and feed y), patch length (L Patch),
patch width (W _Patch), and operating frequency. The target variable corresponds to the reflection coefficient (S71)
obtained from full-wave HFSS simulations. During training, the Light GBM model learns the nonlinear relationship
between these antenna design parameters and the corresponding electromagnetic response. Once trained, the surrogate
model predicts S7; within milliseconds, thereby substantially reducing the computational effort required for repeated
full-wave electromagnetic simulations during antenna analysis and design optimization.

4.2. Hyperparameter Optimization and Model Training

Prior to model development, the dataset was examined for missing values, duplicate records, and data consistency. No
missing values or duplicate records were identified; therefore, all 60,760 samples were retained for model development.
Since LightGBM is a tree-based ensemble learning algorithm, feature normalization or standardization was not
performed because tree-based models are inherently insensitive to differences in feature scale.

The complete dataset comprising 60,760 antenna samples was randomly divided into training (80%) and testing (20%)
subsets using random _state = 42, resulting in 48,608 training samples and 12,152 testing samples. The testing subset
was reserved exclusively for the final evaluation and was not used during model training or hyperparameter optimization.

To obtain an optimal model configuration while avoiding subjective manual parameter selection, the hyperparameters
were optimized using GridSearchCV combined with five-fold cross-validation. GridSearchCV systematically evaluates
all predefined combinations of candidate hyperparameter values, whereas five-fold cross-validation estimates the
generalization capability by repeatedly training and validating the model on different subsets of the training data.
The hyperparameter combination producing the highest average cross-validation coefficient of determination (R?)
was selected as the final model configuration. The same systematic hyperparameter optimization strategy based
on GridSearchCV with five-fold cross-validation was applied to Random Forest, Gradient Boosting, XGBoost, and
Light GBM to ensure a fair performance comparison. Light GBM has demonstrated competitive predictive performance
compared with other tree-based ensemble learning algorithms across a variety of engineering prediction problems, further
supporting its selection in the present study [26]. Linear Regression was not subjected to hyperparameter optimization
because it does not possess tunable hyperparameters affecting model complexity, and therefore no cross-validation
optimization score is reported for this model.

Table 2: Candidate hyperparameter values evaluated during GridSearchCV optimization.

Model Hyperparameter Candidate values

Linear Regression  Optimization Not required
n_estimators 200, 400

Random Forest m?zx_depth . 10, None
min samples split 2,5
min_samples leaf 1,2
n_estimators 200, 400

Gradient Boosting learning rate 0.05, 0.10
max_ depth 3
n_estimators 200, 400

XGBoost learning rate 0.05
max_depth 5,7
n_estimators 200, 400

. learning rate 0.05

Light GBM num_leaves 31, 50

max_depth -1, 7

The candidate values evaluated during GridSearchCV for all machine learning models are summarized in Table 2,
while the optimized Light GBM hyperparameters selected through five-fold cross-validation are presented in Table 3.
The search ranges were selected based on commonly recommended values reported in the literature while balancing
prediction accuracy and computational efficiency.

The optimal hyperparameters selected through GridSearchCV for the comparator models were as follows: Random
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Table 3: Optimized Light GBM hyperparameters obtained using GridSearchCV with five-fold cross-validation.

Hyperparameter Value
n_estimators 400
learning rate 0.05
max_ depth -1
num_leaves 50
min child samples 20
subsample 1.0
colsample bytree 1.0
objective regression
random _ state 42

Forest (n_ estimators = 400, max_depth = None, min_samples_split = 5, min_samples leaf = 2), Gradient Boosting
(n_estimators = 400, learning rate = 0.10, max_depth = 3), and XGBoost (n_estimators = 400, learning_rate
= 0.05, max__depth = 7). After hyperparameter optimization, the final Light GBM model was retrained using the
complete training dataset with the optimized hyperparameters. Model performance was subsequently evaluated on the
independent testing dataset using the coefficient of determination (R?), mean absolute error (MAE), mean squared
error (MSE), and root mean square error (RMSE). In addition, the average five-fold cross-validation R? score was
reported to assess the robustness and generalization capability of the trained model and to reduce the possibility of
performance estimates being influenced by a particular train—test split.

4.3. SHAP-Based Explainability Framework

Although the Light GBM model provides high prediction accuracy, the internal decision-making process of ensemble
learning models is often difficult to interpret directly. Therefore, SHapley Additive exPlanations (SHAP) were employed
to provide both global and local explanations of the trained Light GBM model. SHAP is an Explainable Artificial
Intelligence (XAI) technique derived from cooperative game theory that quantifies the contribution of each input
feature to an individual prediction [27]. For every antenna configuration, the predicted reflection coefficient (S11)
is decomposed into the expected (base) prediction and the contribution of each input variable, thereby enabling
transparent interpretation of the model’s prediction process. The SHAP base value represents the expected model
prediction over the training dataset. Individual feature contributions are then added to or subtracted from this baseline
to obtain the final prediction.

Global explainability was performed by aggregating SHAP values over the complete dataset to quantify the overall
influence of each antenna design parameter on the predicted reflection coefficient. SHAP bar plots and summary
(beeswarm) plots were employed to rank feature importance, while dependence plots were used to investigate nonlinear
relationships between the input variables and their influence on impedance matching. These global explanations provide
insight into the relative importance of operating frequency, feed-line dimensions (feed x and feed y), and patch
dimensions across the entire design space.

Local explainability was conducted by analyzing representative well-matched and poorly matched antenna configurations.
For each individual prediction, SHAP decomposes the predicted S7; into the base value and the additive contributions
of each input feature. Negative SHAP values decrease the predicted Sii, thereby indicating improved impedance
matching, whereas positive SHAP values increase the predicted Si1, corresponding to degraded impedance matching.
Consequently, local SHAP explanations enable a physically meaningful interpretation of how individual antenna design
parameters influence the electromagnetic behavior of specific antenna configurations, thereby improving confidence in
the predictions generated by the Light GBM surrogate model.

The overall methodology adopted in this work is illustrated in Figure 2. The workflow begins with the generation of
the HF'SS simulation dataset, followed by dataset partitioning into training and testing subsets. Subsequently, the
Light GBM model is optimized using GridSearchCV with five-fold cross-validation, after which the optimized model is
evaluated using standard regression performance metrics. The trained model is then interpreted using SHAP-based
global and local explainability analyses and further validated through independent HFSS simulations performed on
unseen antenna geometries. Finally, the validated surrogate model is employed for model-guided antenna optimization
near the 2.4 GHz operating frequency, demonstrating its practical capability for rapid antenna design exploration while
significantly reducing the computational cost associated with repeated full-wave electromagnetic simulations.
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Figure 2: Overall workflow of the proposed explainable Light GBM framework illustrating HFSS-based dataset generation,
GridSearchCV hyperparameter optimization with five-fold cross-validation, model performance evaluation, SHAP-based
global and local explainability, independent HFSS validation using unseen antenna geometries, and model-guided
antenna optimization at 2.4 GHz.

5. Results and Explainability Analysis

5.1. Prediction Performance

The predictive performance of the proposed Light GBM model was evaluated by comparing the predicted S1; values
with the corresponding HFSS-simulated values. The model shows strong agreement between predicted and simulated
results across the test dataset, demonstrating its capability to accurately capture the nonlinear relationship between
antenna design parameters and reflection coefficient (S11), as shown in Figure 3. Since the primary objective of this
work is to provide an interpretable machine learning framework for antenna analysis, the performance evaluation is
presented briefly, while greater emphasis is placed on explainability through SHAP-based feature interpretation.

To further evaluate the effectiveness of the proposed approach, the performance of the optimized Light GBM model
was compared with several widely used machine learning regression algorithms, including Linear Regression, Gradient
Boosting, Random Forest, and XGBoost. The same GridSearchCV-based hyperparameter optimization strategy and
five-fold cross-validation procedure were applied to all models to ensure a fair comparison. As summarized in Table 4,
the proposed Light GBM model achieved the highest overall prediction accuracy, obtaining a test R? score of 0.8184, an
RMSE of 1.1326 dB, and an MSE of 1.2829 dB2. Furthermore, the average five-fold cross-validation R? score of 0.7969
is close to the independent test R? score, indicating stable generalization performance without evidence of significant
overfitting. Although Random Forest achieved a marginally lower MAE, Light GBM provided the best overall balance
between prediction accuracy and robustness across all evaluation metrics. Therefore, the optimized Light GBM model
was selected for the subsequent SHAP explainability analysis, independent HFSS validation, and model-guided antenna
optimization.

Table 4: Performance comparison of machine learning models for Sy; prediction of the proposed rectangular microstrip
patch antenna.

Model CV R? Test R? MAE (dB) RMSE (dB) MSE (dB?)
Linear Regression - 0.1739 1.2149 2.4156 5.8350
Gradient Boosting 0.5954 0.5976 0.7229 1.6859 2.8423
Random Forest 0.7833 0.8015 0.3113 1.1841 1.4022
XGBoost 0.7909 0.8103 0.3414 1.1575 1.3398
LightGBM (Proposed) 0.7969 0.8184 0.3244 1.1326 1.2829
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Figure 3: Comparison between the Light GBM-predicted and HFSS-simulated S7; values for the independent test
dataset. The dashed 45° reference line represents perfect agreement.

5.2. Global Feature Importance

Figure 4 presents the global SHAP feature importance obtained using mean absolute SHAP values. Operating frequency
exhibits the largest contribution to the predicted reflection coefficient, followed by the feed-line length (feed y). In
comparison, the patch length, patch width, and feed-line width (feed x) exhibit relatively smaller SHAP values within
the investigated design space. The relatively high importance of feed y indicates that variations in the feed-line length
can significantly influence the electromagnetic response and impedance characteristics of the edge-fed antenna.

Freq_GHz
feed y mm
L_Patch_mm
W_Patch_mm

feed_x_mm

0.0 0.2 0.4 0.6 0.8
mean(|SHAP value|) (average impact on model output magnitude)

Figure 4: Global feature importance obtained using mean absolute SHAP values. Frequency and feed y exhibit the
largest contribution toward S7; prediction.

The SHAP summary (beeswarm) plot shown in Figure 5 illustrates both the magnitude and direction of these
contributions across the entire dataset. This ranking is consistent with established antenna theory, where operating
frequency and feed location are the primary factors governing impedance matching. The high sensitivity to frequency
reflects the resonant behavior of rectangular microstrip patch antennas, where impedance matching is highly frequency
dependent, and small variations near resonance produce substantial changes in predicted S1;. The agreement between
the SHAP feature rankings and established electromagnetic theory demonstrates that the proposed Light GBM model
captures physically meaningful antenna behavior rather than merely fitting statistical correlations in the training data,
thereby increasing confidence in the physical interpretability and practical applicability of the proposed surrogate
model.
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5.3. SHAP Dependence and Interaction Analysis

The SHAP dependence plots illustrate the nonlinear relationships between operating frequency, feed-line length (feed y),
and their corresponding SHAP values, as shown in Figures 6 and 7.
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Figure 6: SHAP dependence plot illustrating the nonlinear influence of operating frequency (1-4 GHz) on its
corresponding SHAP value of the Light GBM model output, with points color-coded according to feed-line length
(feed _y).
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Figure 7: SHAP dependence plot illustrating the influence of feed-line length (feed y) on its corresponding SHAP
value, with points color-coded according to operating frequency.

The dependence plots further demonstrate the nonlinear relationship between the antenna parameters and the predicted
S11 response. In particular, the SHAP contribution associated with feed-line length varies across different operating
frequencies, indicating an interaction between these two parameters. Such nonlinear behavior is physically plausible
because variations in the feed-line geometry can modify the excitation and impedance characteristics of the antenna,
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particularly near resonance. The observed dependence of the SHAP values on frequency and feed-line length indicates
that the trained Light GBM model captures nonlinear parameter interactions relevant to the impedance-matching
behavior of the rectangular microstrip patch antenna.

5.4. Local Explanation of Representative Cases

The local SHAP analysis is carried out for two example antenna designs, one with good impedance matching and the
other with poor impedance matching. The explanations provide clear insights into the parameters that contribute
positively or negatively to the predicted S1; value, as shown in Figures 8 and 9.

fix) = —11.538
y

29— w_patch

30 = feed_y

28 = |_patch —0.75 .
3.5 = feed_x —0.48 .

-12 —10 —8 —6 —a —2
E[AX)] = —1.042

Figure 8: Local SHAP explanation for a representative well-matched antenna. Negative SHAP values move the
prediction toward lower S77, indicating improved impedance matching.

For the well-matched antenna configuration shown in Figure 8, the local SHAP explanation indicates that every
input variable contributes a negative SHAP value, thereby reducing the predicted reflection coefficient relative to the
model’s base prediction of —1.042 dB. These negative contributions collectively shift the prediction to —11.538 dB,
corresponding to improved impedance matching. The operating frequency dominates with a contribution of —5.09,
consistent with the global SHAP analysis presented in the previous subsection, followed by the patch width at —2.22 and
the feed-line length at —1.95, while the patch length and feed-line width produce comparatively smaller contributions.
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Figure 9: Local SHAP explanation for a representative poorly matched antenna. Positive SHAP contributions increase
the predicted S;; and degrade impedance matching, whereas negative contributions partially improve the prediction.

In contrast, the poorly matched antenna configuration shown in Figure 9 exhibits a dominant positive SHAP contribution
from the patch width (W _ Patch), with a SHAP value of approximately +0.95, which shifts the prediction toward
a higher S7; value. In comparison, the operating frequency (freq) and feed-line length (feed y) exhibit negative
SHAP contributions of approximately —0.63 and —0.70, respectively, partially offsetting the positive contribution of
W __Patch. The resulting prediction of —1.506 dB nevertheless remains far above the conventional —10 dB matching
threshold, indicating degraded impedance matching. These local explanations clearly demonstrate how individual
antenna parameters influence each prediction and provide a physically interpretable explanation for the model output.
The agreement between the local explanations and the corresponding antenna behavior confirms that the proposed
explainable framework enables interpretation of individual antenna designs rather than functioning as an opaque
black-box predictor.

Overall, the combination of global and local SHAP analyses provides complementary insights into the prediction
mechanism of the proposed Light GBM model. While the global analysis identifies the dominant design parameters
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governing antenna performance across the complete dataset, the local explanations reveal how individual antenna
parameters contribute to the prediction of specific antenna configurations. This multi-level interpretability significantly
improves the transparency of the proposed surrogate model and increases confidence in its application for practical
antenna analysis and design.

5.5. Model-Guided Antenna Design Optimization

Beyond prediction and explainability, the trained Light GBM surrogate model was employed to demonstrate its practical
usefulness for antenna design optimization. Starting from an initial antenna configuration exhibiting poor impedance
matching, the trained model was used to evaluate candidate antenna geometries around the target operating frequency
of 2.4 GHz. The objective was to identify a configuration with a lower predicted reflection coefficient (S71), thereby
illustrating how the proposed framework can support rapid antenna design exploration while avoiding exhaustive
full-wave electromagnetic simulations. The optimization procedure followed a sequential workflow comprising candidate
generation, surrogate-based prediction, selection of the best-performing antenna configuration, and independent HFSS
verification.

Initial HFSS Antenna

Design
S11=-6.79 dB
Optimized Antenna
Geometry .
LightGBM-Based Lowest Predicted S11 v feed_x=2.75 mm ];’lgl:lt‘GfM
_— e —
Design Search Obtained? feed_y =31.5mm sit r_e |122|;;1 dB
L_Patch =29.25 mm -
W_Patch =38.5 mm
|
z
Evaluate Next HFSS Validation
Candidate S11=-13.54 dB

Figure 10: Workflow of the model-guided antenna optimization procedure using the trained Light GBM surrogate model
and HFSS verification.

Figure 10 illustrates the optimization workflow. The initial antenna design, having an HFSS-simulated S1; of —6.79 dB
at 2.4 GHz, was used as the starting point. The candidate search space was deliberately constructed using intermediate
parameter values that were not included in the original training dataset, thereby ensuring that every candidate geometry
represented a previously unseen antenna design. Specifically, feed x was varied from 1.75 to 4.25 mm with a step size
of 0.5 mm, feed y from 28.5 to 32.5 mm with a step size of 1.0 mm, L. Patch from 28.25 to 29.25 mm with a step size
of 0.5 mm, and W_ Patch from 36.5 to 39.5 mm with a step size of 1.0 mm, while the operating frequency was fixed at
2.4 GHz. These parameter ranges and step sizes resulted in a total of 360 (6 x 5 x 3 X 4) unseen candidate geometries,
which were evaluated using the trained Light GBM surrogate model and ranked according to their predicted reflection
coefficient. The candidate exhibiting the lowest predicted S1; was selected as the optimized antenna configuration. The
selected optimized geometry (feed x = 2.75 mm, feed y = 31.5 mm, L. Patch = 29.25 mm, W_ Patch = 38.5 mm)
was not present in the original training dataset, thereby providing an independent evaluation of the surrogate model
on previously unseen antenna geometries. Finally, the optimized configuration was independently verified through
full-wave HFSS simulation.

The optimized antenna was obtained after evaluating previously unseen candidate geometries using the trained surrogate
model without performing full-wave HFSS simulations for every candidate configuration, thereby substantially reducing
the computational effort required during the optimization process. As shown in Table 5, the optimization improved
the antenna reflection coeflicient from an HFSS-simulated value of —6.79 dB for the initial design to —13.54 dB for
the optimized design. The corresponding HFSS-simulated S7; responses of the initial and optimized geometries are
compared in Figure 11. The subsequent HFSS simulation confirmed that the geometry selected by the surrogate
model achieved significantly improved impedance matching, demonstrating the practical usefulness of the proposed
optimization workflow despite the inherent approximation error associated with surrogate modeling. It should be
noted that the objective of this optimization study was not to identify the globally best antenna configuration already
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Table 5: Comparison of the initial antenna design and the optimized antenna identified using the proposed Light GBM-
guided optimization framework.

Parameter Initial design Optimized design
feed x (mm) 1.5 2.75

feed y (mm) 30 31.5

L _Patch (mm) 28.5 29.25

W _ Patch (mm) 36 38.5
Operating frequency (GHz) 24 2.4

Light GBM predicted S11 (dB) —6.37 —12.03

HFSS simulated S1; (dB) —6.79 —13.54

contained in the training dataset. Rather, the purpose was to evaluate whether the trained surrogate model could
successfully identify improved antenna configurations from an independent search space consisting entirely of previously
unseen geometries. This example demonstrates the potential of the proposed framework to guide designers toward
promising regions of the antenna design space while substantially reducing the number of computationally expensive
full-wave electromagnetic simulations required during preliminary design exploration.

aB(s 1)

——r n . . . e ————— . . . . f————r
100 125 150 175 200 225 25 275 300 75 - T T T T
FrealGHa 100 125 150 175 200 225 250 215 300

(a) Initial design (b) Optimized design

Figure 11: Comparison of the HFSS-simulated S1; responses of (a) the initial antenna design and (b) the optimized
antenna identified using the proposed Light GBM-guided optimization framework.

The presented optimization example demonstrates that the proposed framework can be employed not only as an
accurate forward prediction model but also as a practical decision-support tool for preliminary antenna design. By
rapidly evaluating previously unseen candidate antenna geometries using the trained LightGBM surrogate model,
designers can efficiently identify promising design regions before performing computationally expensive full-wave
electromagnetic simulations. Final antenna performance should nevertheless be confirmed using full-wave HFSS
analysis, particularly for highly resonant configurations where small geometric variations can produce significant
changes in the reflection coefficient. Combined with the SHAP-based explainability analysis, the proposed framework
provides both accurate predictions and physically interpretable guidance, making it a practical tool for accelerating
antenna analysis, optimization, and preliminary antenna design.

6. Independent HFSS Validation Using Unseen Antenna Geometries

To further evaluate the generalization capability of the proposed Light GBM model, six additional antenna geometries
with parameter combinations not included in the original training dataset were independently simulated using ANSYS
HFSS. These validation cases include both interpolation cases, where the parameter values lie within the original
sampling ranges but at previously unseen combinations, and extrapolation cases, where one or more parameter
values extend beyond the original sampling ranges. Specifically, Cases 3, 4, and 6 use patch widths of 35.8 mm,
40.1 mm, and 35.9 mm, respectively, which fall outside the training range of 36—40 mm. Consequently, these cases
represent extrapolation rather than interpolation and provide a more rigorous assessment of the surrogate model’s
generalization capability. Table 6 compares the predicted S1; values obtained from the trained Light GBM model with
the corresponding HFSS-simulated values at 2.4 GHz.

As summarized in Table 6, prediction errors vary across the validation cases; nevertheless, the proposed model
consistently captured the overall resonance behavior and impedance matching characteristics across both interpolation
and extrapolation validation cases, demonstrating satisfactory generalization beyond the parameter combinations used
for model training. The corresponding HFSS-simulated S1; responses for the six validation geometries are presented
in Figure 12. The independent HFSS validation results further confirm the generalization capability of the proposed
Light GBM model for antenna geometries not included in the training dataset. An average absolute error of 1.35 dB
demonstrates good agreement between the predicted and HFSS-simulated S7; responses.
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Table 6: Comparison between predicted and HFSS-simulated Sy; values for selected antenna validation cases.

Case feed x feed y L_Patch W_Patch Freq Predicted HFSS Error

(mm) (mm) (mm) (mm) (GHz) 531 (dB) S1; (dB)  (]A], dB)
1 2.9 30.5 29.1 39.5 2.4 —12.53 —16.01 3.48
2 4.1 30.9 29.0 38.0 2.4 —9.45 —9.68 0.23
3 2.5 32.0 28.9 35.8 24 —11.73 —11.44 0.29
4 2.7 30.1 29.2 40.1 2.4 —10.52 —11.60 1.08
) 3.1 31.3 28.8 39.9 2.4 —13.46 —11.30 2.16
6 2.6 32.1 28.8 35.9 2.4 —11.76 —10.91 0.85

(c) Case 3 (d) Case 4

Figure 12: HFSS-simulated S1; responses for the six independently generated antenna geometries (a)—(f) used for model
validation, corresponding to Cases 1-6 in Table 6. The resonance characteristics closely agree with the corresponding
LightGBM predictions.

Although larger prediction errors were observed for a few deeply resonant configurations, these occurred in highly
nonlinear regions where small geometric variations produce significant changes in the reflection coefficient. Nevertheless,
the model consistently captured the resonance behavior and impedance matching characteristics of the unseen antenna
geometries. These results demonstrate that the proposed surrogate model provides sufficient predictive accuracy for rapid
antenna analysis, preliminary optimization, and design-space exploration while reducing the need for computationally
expensive full-wave HFSS simulations.

7. Discussion

The results demonstrate that the proposed explainable Light GBM framework provides an effective surrogate modeling
approach for rectangular microstrip patch antenna analysis by combining prediction accuracy with physical inter-
pretability. Unlike conventional black-box machine learning models that primarily emphasize predictive performance,
the proposed framework enables designers to understand how individual antenna parameters influence the predicted
reflection coefficient (S11). This combination of prediction and explanation increases confidence in the practical use of
machine learning for antenna design.

The comparative evaluation against Linear Regression, Gradient Boosting, Random Forest, and XGBoost shows that
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the optimized Light GBM model achieved the best overall balance between prediction accuracy and generalization
performance. The close agreement between the five-fold cross-validation R? score (0.7969) and the independent test R?
score (0.8184) indicates that the selected model generalizes well and does not exhibit significant overfitting. Furthermore,
the use of GridSearchCV-based hyperparameter optimization ensures that the reported performance was obtained
through systematic parameter tuning rather than empirical trial-and-error, thereby providing a fair comparison among
the evaluated machine learning algorithms.

An important contribution of this work is the integration of SHAP-based explainability into antenna modeling. The global
SHAP analysis identified operating frequency and feed-line length as the dominant parameters influencing impedance
matching, while the local SHAP explanations demonstrated how individual antenna parameters contribute either
positively or negatively to the predicted S1; for specific antenna configurations. The strong agreement between these
explanations and established electromagnetic principles indicates that the proposed model captures physically meaningful
relationships rather than relying solely on statistical correlations within the training data. Such interpretability is
particularly valuable for engineering applications, where understanding the influence of design variables is often as
important as achieving high prediction accuracy.

The independent HF'SS validation performed using six antenna geometries excluded from the training dataset further
demonstrated the practical applicability of the proposed surrogate model. Although prediction errors increased for a
few deeply resonant antenna configurations, the model consistently reproduced the overall resonance behavior and
impedance matching characteristics, achieving an average absolute error of 1.35 dB. Considering the highly nonlinear
behavior of the reflection coeflicient near resonance, these results indicate satisfactory generalization to previously
unseen antenna geometries. Furthermore, the model-guided antenna optimization study showed that the trained
surrogate model can efficiently identify improved antenna configurations before full-wave electromagnetic simulation,
thereby reducing the computational effort required during preliminary antenna design while maintaining good agreement
with HFSS validation.

Despite these encouraging results, several limitations should be acknowledged. First, the surrogate model was developed
entirely using simulation-generated data obtained from ANSYS HFSS, and experimental measurements were not
available for validation. Second, the dataset is naturally imbalanced because only a small fraction of the investigated
antenna configurations satisfies the conventional impedance-matching criterion (S1; < —10 dB), making prediction
within the resonant region inherently more challenging. Finally, the present study focuses on a single rectangular
microstrip patch antenna implemented on an FR-4 substrate operating near 2.4 GHz. Consequently, additional datasets
would be required before extending the proposed framework to different antenna topologies, substrate materials, or
operating frequency bands.

Despite these limitations, the present study demonstrates that combining explainable machine learning with full-wave
electromagnetic simulations provides a practical and physically interpretable framework for rapid antenna analysis and
preliminary design exploration. The proposed methodology offers an effective balance between computational efficiency,
predictive capability, and model transparency, making it a promising approach for future data-driven antenna design.

8. Conclusion

This paper presented an explainable Light GBM-based surrogate modeling framework for predicting the reflection
coefficient (S11) of a rectangular microstrip patch antenna using geometric parameters, feed-line dimensions, and
operating frequency as input variables. A dataset comprising 60,760 antenna responses generated through full-wave
ANSYS HFSS simulations was employed for model development, while GridSearchCV with five-fold cross-validation
was used to obtain an optimized and robust model configuration.

Unlike conventional machine learning approaches that primarily focus on predictive accuracy, the proposed framework
integrates explainable artificial intelligence with surrogate modeling to provide both accurate prediction and physical
interpretation of antenna behavior. The combination of SHAP-based global and local explainability, independent HF'SS
validation on previously unseen antenna geometries, and a model-guided antenna optimization study demonstrates that
the proposed methodology is capable of supporting rapid antenna analysis and preliminary design exploration while
significantly reducing the dependence on computationally expensive full-wave electromagnetic simulations.

Overall, this work demonstrates that explainable machine learning can serve as a practical and trustworthy tool for
antenna engineering by improving both the transparency and usability of data-driven surrogate models. Future work
will focus on incorporating experimentally measured antenna data, extending the framework to different antenna
topologies, substrate materials, and operating frequency bands, addressing naturally imbalanced antenna datasets
through advanced learning strategies, and applying explainable machine learning to additional antenna performance
parameters such as gain, bandwidth, radiation efficiency, and radiation characteristics.
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