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ABSTRACT: With the rapid development of modern communication technologies, the use of ultra-wideband (UWB) notch antennas in
various communication systems has increased significantly. However, designing UWB notch antennas with traditional methods often
involves high complexity and low efficiency. To address the challenge, a novel optimization method, named BOLGB-DE (Bayesian
optimization-Light Gradient Boosting Machine-Differential Evolution), is proposed. First, BOLGB model is selected as the surrogate
model to establish the relationship between antenna design parameters and performance. Then, DE algorithm is used to invoke the
BOLGB surrogate model to achieve the antenna optimization objectives. Compared to the traditional method, the BOLGB-DE method
enables the reduction of electromagnetic simulations by 62% (from 1176 to 440 runs) and optimization time by 62% (from 22.8 hours
to 8.6 hours). Finally, a UWB dual-notch antenna is designed using the BOLGB-DE method, featuring a dual-notch structure within the
1.9GHz–10.1GHz range. It achieves two notch bands (3.58GHz–4.17GHz for C-band downlink shielding and 5.12GHz–5.38GHz for
5GWi-Fi interference suppression) while maintaining the target S11 values greater than−7 dB. The design requirements are successfully
met by the antenna, as confirmed by the measurement results.

1. INTRODUCTION

With the rapid development of modern communication
technologies, the use of ultra-wideband (UWB) antennas

has become increasingly widespread. However, interference is
caused between existing narrowband communication systems.
To reduce interference, UWB notch antenna has been used in-
creasingly [1, 2]. Due to the complex geometries of UWBnotch
antennas, the computational cost of antenna optimization is sig-
nificantly high. Differential Evolution (DE) algorithm is se-
lected for optimizing UWB notch antennas thanks to its supe-
rior global search capabilities [3]. When DE is used for high-
dimensional optimization problems, more electromagnetic sim-
ulations are required, which increases costs and reduces effi-
ciency, making it impractical [4–7].
Machine learning-based methods, including Gaussian

process regression (GPR), support vector machine regression
(SVR), neural networks (NN) [8], and others, are increas-
ingly applied to solve multi-parameter antenna optimization
problems [9–13]. These machine learning models, which
can replace electromagnetic simulation software, are called
surrogate models. By invoking surrogate model, the optimiza-
tion process is accelerated, and the need for electromagnetic
simulations is reduced [14, 15]. Extensive research has been
conducted on surrogate modeling techniques for antenna
optimization. AdaBoost algorithms demonstrated superior
accuracy in electromagnetic modeling of multiband satellite
antennas, achieving minimal errors in resonant frequency pre-
diction compared to decision trees and random forests [16]. For
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polarization purity enhancement, a parallel surrogate model-
assisted hybrid differential evolution for antenna synthesis
(PSADEA)-optimized defected ground geometry reduced
cross-polarization by 13–18 dB while maintaining 7.5–8.0 dBi
gain, with tenfold acceleration over conventional methods [17].
In a miniaturized L-band antenna design, Bayesian-optimized
neural networks enabled 92% volume reduction alongside
300% bandwidth expansion and 124% gain improvement [18].
Extreme randomized trees achieved exceptional accuracy for
beam-steering prediction in graphene-based THz antennas,
outperforming four other machine learning (ML) models in 6G
network scenarios [19]. However, in practical optimization,
a large number of training samples are typically required by
these approaches, and the acquisition of samples and model
training can be time-consuming with the efficiency benefits of
the surrogate model being negated [20–25].
The S11 parameter curve of a UWB dual-notch antenna is

characterized by two notch bands and multiple resonant points
across the frequency ranges. Within these bands, dramatic vari-
ations in the S11 values challenge machine learning models
[26]. The frequency points where the S11 value varies signifi-
cantly are typically the focus of optimization efforts; therefore,
prediction accuracy at these points directly affects optimization
results. For UWB dual-notch antenna, the development of a
highly accurate and cost-effective surrogate model is crucial.
Machine learning surrogate model methods are typically

classified into online and offline approaches. The model is
dynamically updated during optimization using the online
method; however, local optima often occur due to uneven
training data distribution, causing global solutions to be
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overlooked. On the other hand, the model is trained only
once using pre-generated sample data in the offline method.
Therefore, in the offline method, high-quality samples are
needed to train the model [27–29]. In the design of UWB
dual-notch antennas, the optimization objectives are changed
with the variation of the application scenarios. When the
optimization objectives change, the surrogate model built by
the online method cannot be reused and requires retraining and
resampling. Therefore, the offline method is more suitable
for the design of UWB dual-notch antennas. By conducting
comprehensive sampling and constructing a surrogate model
trained once, efficient optimization can be achieved within a
clearly defined parameter range, and the model can be reused.
To address the inefficiency of the DE algorithm, the high

training cost of machine learning surrogate models, and the
complexity of predicting the performance of UWB dual-notch
antennas, a novel approach, named BOLGB-DE (Bayesian
optimization-Light Gradient Boosting Machine-Differential
Evolution), is proposed. DE algorithm is combined with
BOLGB surrogate model. Initially, the key parameters
affecting the performance of UWB dual-notch antennas are
identified through preliminary parameter scanning, and their
optimization ranges are established. The parameter scanning
process involves systematically adjusting various structural
parameters of the antenna and analyzing their impact on key
performance metrics, such as bandwidth and notch depth,
among others. Specifically, if variations in a parameter result
in a significant shift in the notch frequency or have a substantial
impact on the antenna bandwidth, the parameter is considered
a critical design factor. To ensure the surrogate model’s
generalization, a high-quality, uniformly distributed dataset
is constructed using uniform sampling for key parameters.
The Light Gradient Boosting Machine (LightGBM) model
is trained on the dataset, with its hyperparameters adjusted
through Bayesian optimization to ensure efficient training and
high-precision predictions for the antenna dataset. Finally,
BOLGB surrogate model is combined with DE algorithm to
optimize antenna performance within the parameter range,
with S11 values used as the objective function. It is confirmed
by experimental results that the number of electromagnetic
simulations and time costs are significantly reduced by the
BOLGB-DE method, while the optimization objective is
achieved.
The main innovations of this paper include:
1) Bayesian Optimization applied to the LightGBM model.
Bayesian optimization is applied to UWB dual-notch an-

tenna design with LightGBM. The overfitting risk in datasets
is reduced by adjusting LightGBM hyperparameters through
Bayesian optimization. The histogram and leaf-wise algo-
rithms, with depth limitations in LightGBM, are used to im-
prove prediction accuracy at critical points with significant fre-
quency variations. A high-precision surrogate model for an-
tenna design optimization is created using the approach (vali-
dation can be found in Subsection 4.2).
2) The antenna optimization method based on BOLGB-DE

is proposed.

The antenna parameters are optimized through iterative
searches by the DE algorithm invoking the BOLGB sur-
rogate model, thereby significantly reducing dependency
on time-consuming electromagnetic simulations. Unlike
direct evaluation of each candidate solution via full-wave
simulations, the surrogate model is invoked to predict antenna
performance efficiently, enabling DE to explore the design
space more comprehensively and cost-effectively (validation
details are provided in Subsection 4.3).
The remainder of this article is organized as follows. In Sec-

tion 2, an overview of the antenna design and analysis is pro-
vided. In Section 3, the proposed BOLGB-DE algorithm is
introduced, including data preparation, surrogate model con-
struction and training, and the optimization of antenna parame-
ters. In Section 4, the experimental studies are discussed, cov-
ering experimental parameter settings, validation of the surro-
gate model’s prediction performance, and optimization results.
Finally, in Section 5, the main contributions are summarized,
and the prospects and significance of the research are discussed.

2. ANTENNA DESIGN AND ANALYSIS

In the design of UWB antennas, slotting techniques, parasitic
elements, shorted lines, and defected ground structures (DGSs)
are recognized as the methods for achieving dual-notch charac-
teristics. Among them, slotting is a commonly used technique
for notch design. By etching specific shapes of slots (such as
C-shaped, L-shaped, U-shaped, and H-shaped slots) on the an-
tenna’s radiating patch, feedline, or ground plane, the surface
current distribution of the antenna is altered, thereby creating
the notch band at specific frequency ranges. Typically, the
length of these slots is designed to be half or a quarter of the
wavelength corresponding to the notch center frequency in or-
der to achieve precise notch effects.
The UWB dual-notch antenna structure is shown in Fig. 1.

The antenna is designed on an FR-4 substrate with a thickness
of 1.6mm, a relative permittivity of 4.4, and a loss tangent of
0.02. The substrate choice ensures a balance among cost, manu-
facturability, and electrical performance. The dual-notch char-
acteristic of the antenna is primarily achieved through the slot
structures on the front and rear sides of the antenna. The first
notch is generated by a symmetric L-shaped slot etched on the
front radiating patch, which alters the current path and intro-
duces high impedance at specific frequency points, thereby cre-
ating the notch. The second notch is produced by a slot on the
ground plane of the antenna. The structure adjusts the current
distribution to effectively suppress signals in another specific
frequency range.
Through preliminary parameter scanning, five key parame-

ters and their optimization ranges are identified (units in mm):
Lf1 ∈ [1, 3], Lf2 ∈ [8, 10], Lf3 ∈ [7.9, 8.4], Wf1 ∈
[4, 9], Wf2 ∈ [0.3, 0.4], which significantly influence the an-
tenna’s dual-notch characteristics and communication perfor-
mance. The antenna’s other structural parameters dimensions
are presented in Table 1.

214 www.jpier.org



Progress In Electromagnetics Research C, Vol. 155, 213–224, 2025

W0

LsWs

L1

Lf2

Lf1

W1

Wf1

L0

Wf3

(a)

L2

Wf2

Lf3

(b)

FIGURE 1. Antenna structure: (a) Front view of the antenna; (b) Back view of the antenna.

TABLE 1. Antenna structural parameters and dimensions.

Parameters Dimensions (mm)
L0 46.00
L1 15.50
L2 21.50
Ls 7.50
W0 36.00
W1 1.80
Ws 2.40

3. PROPOSED BOLGB-DE ALGORITHM
BOLGB-DE algorithm is proposed for the efficient design and
optimization of UWB dual-notch antennas. As shown in Fig. 2,
the overall framework consists of four stages: data preparation,
surrogate model construction and training, optimization of an-
tenna parameters, and result validation.

3.1. Data Preparation

Based on the results of the parameter scanning, five parameters
to be optimized and their optimization ranges are determined.
A total of 440 sets of parameter combinations are generated by
uniformly sampling within the ranges of the five key param-
eters at a specified step size. Each parameter combination is
simulated using electromagnetic simulation software, and S11

values are obtained among 121 frequency points from 0.5GHz
to 12.5GHz (with a step size of 0.1GHz). The sampling steps
and ranges (optimization ranges) are presented in Table 2.
The sampled data is used as the dataset, with 352 parame-

ter combinations used for training, 44 for testing, and 44 for
validation. The training set is used to train the BOLGB surro-
gate model, where the five structural parameters and frequency
points are used as features, and the S11 value is used as the tar-
get. The validation set is used for early stopping during training,

TABLE 2. Parameter sampling ranges and data points.

Eigen Value Parameter Sampling Range
Lf1 (1.0mm, 3.0mm) step = 1.0mm
Lf2 (8.0mm, 10.0mm) step = 1.0mm
Lf3 (7.9mm, 8.4mm) step = 0.1mm
Wf1 (4.0mm, 9.0mm) step = 1.0mm
Wf2 (0.3mm, 0.4mm) step = 0.1mm
Frep (0.5GHz, 12.5GHz) step = 0.1GHz

Tag Value Number of Data Points
S11 53,240

and the model’s prediction performance is evaluated using the
test set.

3.2. Surrogate Model Construction and Training
The BOLGB surrogate model constructed by Bayesian opti-
mization of LightGBM hyperparameters is used as the predic-
tion model to obtain the surrogate model F (x), where x repre-
sents the five structural parameters and frequency points, and
F (x) corresponds to the S11 value of the antenna.

3.2.1. LightGBM for Surrogate Model Construction

LightGBM is an efficient machine learning algorithm based
on Gradient Boosting Decision Trees (GBDTs), proposed by
Microsoft Research Asia. The primary goal of LightGBM is
to solve the efficiency bottleneck encountered by traditional
GBDT when handling high-dimensional features and large-
scale datasets. Its training process is shown in Fig. 3.
For a given dataset T = {(xi, yi)}Ni=1, the objective is to find

an approximate function f̂(x) that minimizes the expected loss
function, as expressed in Equation ((1)):

f̂(x) = argmin
f

Ey∼P (y|x)[L(y, f(x))] (1)
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FIGURE 2. Overall framework of BOLGB-DE for antenna optimiza-
tion.

In the equation, L(y, f(x)) represents the loss function that
measures the discrepancy between the predicted value f(x) and
the true value y. The expectation Ey∼P (y|x) is taken over the
conditional distribution of y given x, denoted as P (y|x). The
goal is to find an optimal function f̂(x) that minimizes the ex-
pected loss.
Under the gradient boosting framework, the final model is

approximated by an ensemble of m decision trees, denoted as
Tm(x). The model at them-th iteration is formulated as shown
in Equation ((2)):

fm(x) = fm−1(x) + Tm(x) (2)

where fm(x) represents the model after m iterations, and
Tm(x) is the newly added decision tree. At each iteration, the
model is iteratively refined by constructing a new tree to mini-
mize the loss function.
As shown in Equation ((3)), the objective function at the k-th

iteration is:

Γk =

N∑
i=1

L (yi, fk(xi)) (3)

FIGURE 3. Training process of the LightGBM model.

After each iteration, the current loss value is computed by the
LightGBMmodel, and a new decision tree is constructed to fur-
ther minimize loss. Through the iterative process, LightGBM
efficiently constructs multiple decision trees, continuously im-
proving the model’s performance.
Several optimization strategies are employed by the Light-

GBM algorithm, mainly including histogram optimization and
the leaf-wise algorithm with depth limitation. Histogram op-
timization is shown in Fig. 4. The process of histogram opti-
mization is constructed by discretizing continuous feature val-
ues into a limited number of integers. The process makes fea-
ture selection more efficient with memory usage reduced [30–
33].

FIGURE 4. Process of histogram optimization.

Based on the histogram algorithm, further optimization is ap-
plied to LightGBM. The level-wise decision tree growth strat-
egy, commonly used in most GBDT tools, is discarded, and
the leaf-wise algorithm with depth limitation is adopted instead
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FIGURE 5. Comparison of level-wise and leaf-wise splitting methods.

[34]. The level-wise and leaf-wise splitting methods are shown
in Fig. 5. In the leaf-wise strategy, the leaf with the highest
splitting gain is selected at each step, split, and the process is
repeated. Compared to the level-wise approach, the advantages
of the leaf-wise strategy are as follows: for the same number of
splits, more error is reduced, and better accuracy is achieved
with the leaf-wise strategy. However, its disadvantage is that
deeper decision trees may be generated, which can lead to over-
fitting. Therefore, a maximum depth limitation is introduced
based on the leaf-wise strategy in LightGBM to prevent over-
fitting while maintaining high efficiency.

3.2.2. Bayesian Hyperparameter Optimization for LightGBM

Bayesian optimization is an efficient method for optimizing
black-box functions and is particularly suited for high-
dimensional and computationally expensive objective function
problems. The core principle of the method is based on the
approximation of the objective function using a surrogate
model, and the next sampling point is determined through an
acquisition function, allowing the global optimal solution to
be iteratively refined [35–37]. In the Bayesian optimization
of hyperparameters, the GPR model is typically employed to
construct a surrogate function, where different hyperparameter
sets are mapped to their corresponding error metrics on
the validation set. The objective function is approximated
through the development of a flexible surrogate model. A key
advantage of the Gaussian process is that both the predicted
mean of function values and the associated uncertainty are
provided, which is considered as a crucial factor for Bayesian
optimization.
In the context of LightGBM, hyperparameters such as max-

imum number of leaves (integer range from 20 to 50), learn-
ing rate (real values between 0.01 and 0.1, using a log-uniform
prior), feature fraction (real values between 0.7 and 1.0, us-
ing a uniform prior), and number of estimators (integer range
from 50 to 300) are optimized to improve model performance.
The combination of Bayesian optimization’s ability to model
uncertainty and LightGBM’s efficiency in handling datasets
and high-dimensional features provides a powerful approach
for tackling complex machine learning tasks. The synergy en-

hances model performance by identifying the most promising
hyperparameter configurations while reducing the risk of over-
fitting.

3.3. Optimization of Antenna Parameters
TheBOLGB surrogatemodel is invoked by the DE algorithm to
obtain the S11 values at the needed frequency points, which are
then used to calculate the fitness function. Through iterations,
the algorithm gradually approaches the target values and ob-
tains the optimal antenna parameters, completing the optimiza-
tion process. The antenna design parameters are optimized by
considering multiple performance metrics. There are two opti-
mization objectives.
The first objective of the antenna is for the dual-notch charac-

teristics to be achieved in band1 (3.6GHz to 4.2GHz, 5.1GHz
to 5.4GHz) within the 0.5GHz to 12.5GHz frequency range.
Optimization Objective 1:

S11
freq∈band 1

> −7dB

Minimize
freq/∈band 1

S11

(4)

It is worth noting that, although an S11 value greater than
−10 dB is theoretically considered sufficient to achieve notch
functionality, antennas with an S11 value of −10 dB are still
capable of functioning in practical applications. For improved
notch performance, the optimization target has been set to re-
quire the S11 value of the specified frequency bands to be
greater than −7 dB.
In order to ensure optimal communication performance dur-

ing operation, the second optimization objective of the antenna
is to ensure that the S11 values in band2 (2.7GHz to 3.1GHz,
5.7GHz to 6.1GHz, and 4.3GHz to 4.7GHz) are maintained
below −15 dB.
Optimization Objective 2:

S11
freq∈band 2

< −15 dB (5)

In the DE algorithm, the optimization objective is set to
maximize the total score. The total score is composed of two
main components: the Optimization Objective 1 score, named
score1, and the Optimization Objective 2 score, named score2.
These two scores are combined through a weighted sum to form
the total score, which is used to evaluate the overall perfor-
mance of the design parameters.
To achieve Optimization Objective 1, the scoring rule is

given by Equation ((6)). For the dual-notch frequency bands,
target band1 (3.6GHz to 4.2GHz and 5.1GHz to 5.4GHz), fre-
quencies with S11 values greater than−7 dB are rewarded. For
non-target notch bands within the 0.5GHz to 12.5GHz range,
excluding the target notch bands, high S11 values are penalized
using a penalty factor, denoted as factor1. Frequencies within
notch band1 with S11 values not greater than −7 dB are also
penalized to ensure that good notch performance is exhibited
only within the target notch bands, while S11 values in other
frequency bands are minimized to maintain good communica-
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tion performance.

penalty1=factor1×

 ∑
S11>−7
freq /∈band 1

(S11+7)+
∑

S11<−7
freq∈band 1

(−S11−7)


score1=

∑
S11>−7
freq∈band1

(S11 + 7)− penalty1

(6)

The scoring rule for Optimization Objective 2 is given
by Equation (7). Objective 2 primarily aims to further im-
prove the antenna’s performance in the operating frequency
bands, specifically in the following bands: band 2 (2.7GHz
to 3.1GHz, 5.7GHz to 6.1GHz, and 4.3GHz to 4.7GHz).
When the S11 value in band2 is below −15 dB, the antenna
is considered to exhibit good communication performance at
these frequencies, and scores are assigned to those frequency
points.

score2 =
∑

S11<−15
freq∈band2

(−15− S11) (7)

Different weights are assigned to Objective 1 and Objective
2, denoted by α and β, and the Total score is obtained through
weighted summation, which is calculated as shown in Equation
((8)):

Total score = α · score1 + β · score2 (8)

The optimization process begins with the initialization of a
population of candidate solutions, where each solution repre-
sents a set of antenna parameters. These initial solutions are
randomly generated within the defined search space. For each
candidate solution, the fitness function is evaluated by invok-
ing the BOLGB surrogate model to obtain the corresponding
S11 values at the specified frequency points, which are then
used to calculate the Total score. Next, the DE algorithm per-
formsmutation, generating new candidate solutions by combin-
ing individuals from the current population. This is followed
by the crossover operation, where the mutated solutions and
original solutions are combined to create new candidate solu-
tions. After mutation and crossover, the selection process de-
termines which individuals will survive to the next generation.
The Total score of each candidate solution is compared, and
solutions with higher total scores are retained. The optimiza-
tion process continues iteratively, with the population evolving
toward the optimal solution. The algorithm terminates once the
stopping criteria are met, such as reaching a maximum number
of generations or achieving Target score.
Ultimately, the DE algorithm identifies the best antenna de-

sign parameters that maximize the Total score, thus achieving
the optimization objective. After the optimal parameters are
obtained, full-wave electromagnetic simulations are performed
to verify the optimization results and efficiency analysis. The
antenna is then fabricated for physical testing.

4. EXPERIMENTAL STUDIES
The optimization results and analysis of the UWB dual-notch
antenna model are presented using the proposed BOLGB-DE
algorithm in the section. The experimental parameter setup is
described in Subsection 4.1. The prediction performance of the
BOLGB surrogate model is verified in Subsection 4.2 by com-
paring its error metrics and training time with those of other
machine learning models. In Subsection 4.3, the results of the
antenna optimization are analyzed. The effectiveness of the
proposed method is validated through comparisons with other
optimization methods and through the fabrication of the opti-
mized antenna for physical testing.

4.1. Experimental Parameter Settings
As shown in Equation (8), the Total score is obtained through
weighted summation, where different weights α and β are as-
signed to Objective 1 and Objective 2. Multiple experimental
comparisons have shown that setting α = 0.8 and β = 0.2
most effectively balances the two optimization objectives. The
best performance of the antenna in the notch band is ensured by
the weight combination, while the optimization of the operating
frequency band is also considered, thereby, good performance
in various application scenarios is ensured.
In order to reduce the computational costs and ensure the

effectiveness of the optimization results, the Target score is
set based on preliminary simulations and empirical test results.
The impacts of different Target scores on optimization per-
formance are compared in multiple experiments. It is found
that when the Total score reaches 25, the optimization goal
is achieved while effectively avoiding excessive iterations and
high computational costs. Therefore, the Target score of 25
is chosen as a balance point for the optimization, ensuring
both optimization performance and control of computational
resources. Thus, the stopping condition for the DE algorithm
is set to reach either the Target score of 25 or the maximum
number of iterations.

4.2. Performance Validation of the BOLGB Surrogate Model
The performance of the BOLGB surrogate model is validated
by comparing the predictive performances of seven different
machine learning models. All models are trained using the
same training and test datasets, with hyperparameters tuned
through Bayesian optimization. The seven comparison models
are SVR, eXtreme Gradient Boosting (XGBoost), Stochastic
Gradient Descent (SGD), K-Nearest Neighbors (KNNs), Ridge
Regression (Ridge), Decision Tree (DT), and Gradient Boost-
ing (GB).
Mean Squared Error (MSE), Root Mean Squared Error

(RMSE), Mean Absolute Error (MAE), Coefficient of Deter-
mination (R2) are included in the main evaluation metrics.
The performance comparison results are presented in Table 3,
with R2 being used to measure the model’s fit to the data. A
bar chart comparing the R2 values of each model is shown in
Fig. 6, with differences in their fitting capabilities highlighted.
The BOLGB surrogate model’s best prediction performance

is shown in Fig. 6 and Table 3, while models such as GB and
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TABLE 3. Comparison of models’ predicted performance across all frequency points based on key metrics.

Algorithms MSE RMSE MAE R2 Training Time
Bayesian-SVR 18.54 4.31 2.96 0.48 36264 s

Bayesian-XGBoost 5.55 2.36 1.48 0.84 81.44 s
Bayesian-SGD 35.38 5.95 4.91 0.01 37.98 s
Bayesian-KNN 4.32 2.08 1.05 0.87 52.24 s
Bayesian-Ridge 35.38 5.95 4.91 0.01 25.32 s
Bayesian-DT 3.26 1.80 1.44 0.90 34.15 s
Bayesian-GB 2.94 1.72 1.38 0.91 397.67 s
BOLGB 2.33 1.53 0.82 0.94 70.57 s

FIGURE 6. Comparison of models’ predicted performances across all
frequency points based on R2 values.

FIGURE 7. Comparison of models’ predicted performances at notch fre-
quency points based on R2 values.

DT also perform well. However, only the overall prediction ca-
pability of the test set samples in the 0.5GHz to 12.5GHz range
is reflected by these results. Relying solely on this data is not
considered sufficient to fully demonstrate the prediction capa-
bility of the model. This is because the accurate prediction of
the S11 values in the notch bands and certain resonance points
is deemed crucial when the surrogate model is used to optimize
the notch antenna. These bands are typically targeted for op-
timization, and prediction errors in these regions are likely to
significantly impact the optimization results. Therefore, bet-
ter optimization results can only be achieved if high prediction
accuracy is maintained in these critical regions during the sub-
sequent optimization process.
A total of 44 antenna samples with different sizes are in-

cluded in the test set, 24 of which are found to exhibit dual-
notch characteristics in different frequency bands. To ensure
that the advantages of the BOLGB surrogate model in predict-
ing the S11 values in frequency bands with significant varia-
tions aremore comprehensively validated, 24 samples that meet
the dual-notch criteria are selected. For these samples, 10 fre-
quency points within the notch bands are evenly sampled, re-
sulting in 240 data points. These data points are then predicted
using the eight modelsmentioned above, and the prediction per-

formance of each model is evaluated by comparing their R2.
The prediction results of the models are shown in Fig. 7.
A more intuitive comparison of the model’s predictive per-

formance is provided by selecting a representative sample from
the test set. The sample exhibits two notches and multiple res-
onance points, making it a suitable case for evaluation. The
parameters are as follows: Lf1 = 1mm, Lf2 = 8mm,
Lf3 = 7.9mm, Wf1 = 5mm, and Wf2 = 0.4mm. The scat-
ter plot comparison of the predicted S11 values and simulated
values for this sample under the eight models is shown in Fig. 8.
By analyzing the above results, it is found that the BOLGB

surrogate model is consistently shown to have the best pre-
diction performance among all models, both in the overall
frequency band and in the frequency bands with significant
changes in S11 values. In contrast, poor performance is ob-
served in the SVR, Ridge, and SGD models for predicting S11

values of the antenna. This is primarily due to the inability of
these models to effectively capture the complex nonlinear rela-
tionships in the data, rendering them unsuitable for predicting
the S11 values of dual-notch antennas. It is observed that the
DT, GB, KNN, and XGBoost models perform well on the over-
all data in the 0.5GHz to 12.5GHz range. However, as shown
in Fig. 7, a significant decrease in prediction accuracy is seen
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(b)(a)

FIGURE 8. Scatter plot comparison of predicted and simulated S11 values for different models: (a) BOLGB, GB, DT, and Ridge models; (b) SVR,
KNN, SGD, and XGBoost models.

in the notch frequency bands. The decline in prediction accu-
racy at frequency bands with significant changes in S11 values
is more clearly illustrated in the test set sample shown in Fig. 8.
The fitting ability of these models at frequency points with dra-
matic changes in S11 values (such as 6GHz, 9GHz, and the
notch points) is notably inferior to that of the BOLGB surro-
gate model.
The superior performance of the BOLGB surrogate model

over other models is attributed to the unique leaf-wise tree
growth strategy and histogram-based decision tree algorithm
of the LightGBM model. At the same time, the Bayesian op-
timization algorithm for hyperparameter tuning, can provide
higher flexibility and accuracy in handling complex nonlinear
relationships. Through the verification of the above experimen-
tal results, it has been demonstrated that the BOLGB surrogate
model excels in predicting the S11 values of UWB dual-notch
antennas, especially at key frequency points where S11 values
change drastically. It can thus be used as a surrogate model for
the subsequent DE optimization algorithm.

4.3. Validation of BOLGB-DE Optimization Results
Six optimizations are performed using BOLGB-DE to elimi-
nate random factors, and the optimization objective is achieved
in all six cases. The S11 results from the six optimizations are
presented in Fig. 9, and the six best parameters from these op-
timizations are listed in Table 4.
Note: To enhance the visualization of the optimization re-

sults in the notch frequency bands, four vertical dashed lines at
the x-axis, corresponding to 3.6GHz, 4.2GHz, 5.1GHz, and
5.4GHz, are shown in Fig. 9 and Fig. 11.
Antenna sample 1 is selected as the final optimization result,

and its performance is specifically validated below. Two ex-
cellent notch bands are featured with S11 values greater than
−7 dB. These notch bands can be used to shield the extended
C-band downlink communication (3.625GHz to 4.2GHz) and
the 5G Wi-Fi frequency band (5.15GHz to 5.35GHz).
The radiation patterns of antenna sample 1 at two frequency

points (2.9GHz and 5.9GHz) are shown in Fig. 10. At these
two frequency points, the E-plane radiation patterns exhibit an
8-shaped pattern, while omnidirectional radiation is observed in
theH-plane. This indicates that directive radiation is exhibited

FIGURE 9. S11 simulated results of 6 optimized parameters using
BOLGB-DE.

in the E-plane and omnidirectional radiation in the H-plane.
Furthermore, at these frequency points, the cross-polarization
component gains are significantly lower than those of the main
polarization components, indicating that high polarization pu-
rity is achieved, and cross-polarization interference is mini-
mized. It is suitable for antenna applications to require efficient
signal transmission and minimized interference.
To comprehensively validate the effectiveness of machine

learning-based surrogate models in optimization accuracy
and efficiency, six methods are compared: BOLGB-DE,
EM-DE (direct electromagnetic simulation-driven DE), and
four surrogate-assisted models (KNN-DE, GB-DE, DT-
DE, XGBoost-DE). Six independent optimization runs are
conducted under identical parameter configurations. As
summarized in Table 5, the evaluation metrics included model
construction time (T1, comprising dataset preparation t1 and
model training t2), optimization time T2, total computa-
tional time, simulation runs, and success counts (defined as
achievement of optimization targets).
The BOLGB-DE method demonstrated 100% success rate

(6/6), significantly outperforming XGBoost-DE (3/6) and DT-
DE (4/6). The superior performance is attributed to its en-
hanced prediction accuracy and optimization stability. Regard-
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FIGURE 10. Simulated radiation patterns at frequencies of (a) 2.9GHz and (b) 5.9GHz.

FIGURE 11. Measured and simulated results of antenna sample 1, along
with the physical image of the antenna.

ing computational efficiency, all machine learning-based meth-
ods (BOLGB-DE: 8.64 hours, KNN-DE: 8.73 hours, GB-DE:
8.68 hours) showed comparable total times that are substan-
tially lower than the EM-DEmodel (22.8 hours). The BOLGB-
DE method achieved a 62% reduction in simulation runs, re-
quiring only 440 electromagnetic simulations (69.9 seconds per
simulation) compared to 1176 simulations for EM-DE. It is con-
tributed to the observed time savings. Notably, while KNN-DE
and GB-DE achieved similar computational durations (8.64–
8.73 hours), their lower success rates (5/6 and 4/6, respectively)
highlighted the critical importance of surrogate model precision
in avoiding local optima. These results confirm that BOLGB-
DE provides an optimal balance between computational effi-
ciency (8.54 hours for dataset generation and 70.57 seconds for
model training) and optimization reliability, establishing it as a
high-precision design tool for UWB dual-notch antennas.
It is important to note that the advantage of an offline dataset

is that when our design goals change, such as changes in the
target notch bands, the previously trained model can still be

reused. However, the re-parameter search is required when
the dataset is updated online. Therefore, the optimization effi-
ciency is significantly improved by the establishment of an of-
fline surrogate model when different design requirements arise.
To comprehensively validate the effectiveness of this design,

antenna sample 1 was fabricated. Fig. 11 shows the measured
and simulated results of antenna sample 1, along with the phys-
ical image of the antenna.
The physical testing is conducted to validate the effective-

ness of the BOLGB-DE optimization method. The physical
measurement results of the antenna showed that the antenna
featured a dual-notch design within the 1.9GHz–10.1GHz
range, with two notch bands at 3.58GHz–4.17GHz and
5.12GHz–5.38GHz. In comparison, the simulated results
indicated that the antenna featured a dual-notch design within
the 1.29GHz–10.42GHz range, with notch bands at 3.57GHz–
4.15GHz and 5.13GHz–5.37GHz. Although there are some
differences between the simulated and measured results in
certain frequency bands, the overall trend remains consistent.
The antenna achieves the expected notch characteristics and
meets the operational requirements of the working frequency
band.
According to the experimental results, it is confirmed that the

proposed BOLGB algorithm not only achieves high-precision
prediction of the antenna S11 parameter but also accomplishes
the optimization objectives with a 62% reduction in simulation
runs compared to conventional methods. The superior dual-
notch performance is further validated through measurements
conducted on the fabricated antenna. Compared to the KNN al-
gorithm [38], XGBoost algorithm [39], and GB algorithm [40],
the improvement is primarily attributed to the optimization of
the histogram-based algorithm and the depth-constrained Leaf-
wise tree growth strategy adopted in the LightGBM framework.
In addition, the hyperparameter of the surrogate model is opti-
mized via the Bayesian optimization algorithm, resulting in a
significant enhancement in prediction accuracy. Finally, the
strong global search capability of the DE algorithm is used to
efficiently achieve the optimization objectives.
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TABLE 4. Six parameter sets from 6 optimizations using BOLGB-DE.

Parameters (mm) Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6

Lf1 1.00 1.00 1.00 1.00 1.37 1.28

Lf2 10.00 8.84 9.95 8.88 10.00 9.43

Lf3 8.00 7.98 7.90 8.07 8.05 7.90

Wf1 4.21 5.02 4.84 4.76 4.53 4.84

Wf2 0.34 0.40 0.40 0.40 0.37 0.40

TABLE 5. Comparison of efficiency between BOLGB-DE and EM-DE.

Methods T1 T2 Overall Time Simulation Runs Success Counts

BOLGB-DE 30826 s 282 s 8.64 h 440 6

EM-DE - 22.8 h 22.8 h 1176 6

KNN-DE 30808 s 296 s 8.64 h 440 5

GB-DE 31153 s 279 s 8.73 h 440 5

DT-DE 30790 s 370 s 8.69 h 440 4

XGBoost-DE 30837 s 459 s 8.6 h 440 3

5. CONCLUSION
Anovel optimizationmethod, BOLGB-DE, is presented, which
combines the Bayesian optimization of hyperparameters in
LightGBM with DE algorithm. The proposed method enables
the efficient design and optimization of UWB dual-notch an-
tennas. Through a comparative analysis of various machine
learning models, the advantages of the BOLGB-DE algorithm
in improving optimization efficiency and prediction accuracy
are validated. During the optimization process, the number
of electromagnetic simulations is significantly reduced by the
BOLGB-DE algorithm, and the optimization results are vali-
dated through experiments. Finally, physical fabrication and
testing of the antenna sample with the best optimized param-
eters further confirmed the accuracy of the design and the
predictive performance of the model. It is demonstrated that
the BOLGB-DE method exhibits broad application potential
in electromagnetic design. Future applications could be ex-
tended to multi-band antennas, reconfigurable antennas, minia-
turizedwearable devices, phased array systems, andmicrowave
component design. By significantly reducing computational
costs and efficiently addressing complex optimization prob-
lems, the proposed method is regarded as an ideal tool for high-
performance antenna design and optimization.
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