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Abstract
A multi-objective evolutionary algorithm based on decomposition with an improved hybrid
particle swarm optimization (MOEA/D-IHPSO) method is proposed, which aims to enhance
the efficiency of automated optimization for antenna geometry. The optimization process
includes two stages: optimization problem modeling and algorithm application. In the first
stage, the topology optimization regions are selected according to the surface current distri-
bution of the antenna, and a differential grid division strategy is employed to characterize the
selected regions, ensuring the modeling accuracy of the key topology areas. By combining the
encoded topological parameters of the selected regions with the key size parameters, a hybrid
solution vector is formed and subsequently used to generate the initial population. In the sec-
ond stage, the proposed framework uses new crossover and adaptive mutation operators to
accelerate the process of reaching the target solution. Furthermore, MOEA/D-IHPSO incor-
porates a novel transfer learning-based recombination strategy that directly leverages historical
optimization data without requiring surrogatemodel training, thereby intelligently guiding the
search direction. To validate the effectiveness of the method, a dual-polarized omnidirectional
antenna is optimized. Experimental results show that the optimization efficiency is improved
by 31.8% and 26% compared to IBPSO and MOEA/D-GO algorithms, respectively.

Introduction

Traditional antenna designmethods typically rely on prior knowledge to select a predetermined
geometric configuration, and then the size parameters of the antenna are optimized based on
design objectives such as isolation, reflection coefficient, and radiation characteristics. However,
traditional antenna design schemes are time-consuming and limited in design flexibility. To
improve the optimization efficiency of antennas and explore more novel topology structures,
antenna topology optimization methods have emerged [1–3].

Existing topology optimization methods mainly fall into two categories: gradient-based
algorithms and evolutionary algorithm-assisted methods. Gradient-based topology optimiza-
tion methods [4–6] rely on sensitivity analysis to obtain the gradient information of the
objective function, which is used to guide the adjustment of elements in the antenna geometry.
However, this type of method requires an accurate finite element (FE) model and suitable mate-
rial interpolation functions, a requirement that is challenging for complex antenna structures
and limits the generalization ability of such approaches. Compared with gradient-based opti-
mization algorithms, evolutionary algorithm-driven antenna topology optimization methods
[7–11] do not rely on gradient information, while the optimal geometric structure is searched
through the simulation of natural selection and genetic mechanisms.Thesemethods are usually
combined with multi-objective evolutionary algorithms [12] and binary particle swarm opti-
mization (BPSO) algorithms [13] to solve multi-objective optimization problems. However, the
computational cost of evolutionary algorithm-assisted optimization methods is relatively high,
so improving optimization efficiency is one of the main challenges.

In order to improve the optimization efficiency of antennas, researchers have proposed
methods based on offspring reproduction (OR) and fitness allocation (FA) to optimize antenna
design. OR-based optimization methods mainly include Gaussian process regression [14], sur-
rogatemodel-assisted optimization [15–17], and simulation-driven surrogate parallel improved
adaptive genetic algorithm [18], which effectively enhance topology optimization efficiency.
However, these methods incur high computational costs for constructing high-precision sur-
rogate models. FA-based optimization methods mainly rely on high-fidelity surrogate models
such as space mapping and neural networks [19–21] to reduce the number of EM simulations,
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but a trade-off between antenna optimization efficiency and the
quality of the agent model is a major challenge.

To address key challenges in current antenna optimization, such
as the difficulty in balancingmultiple objectives, the limited design
freedom of sequential optimization approaches, the tendency of
conventional evolutionary algorithms to converge to local optima,
and high computational costs, a novel optimization framework
MOEA/D-IHPSO, is proposed in this paper. It integrates themulti-
objective evolutionary algorithm with an improved hybrid particle
swarm optimization. The main contributions are as follows.

1) A unified hybrid encoding scheme integrating discrete topolog-
ical and continuous size parameters is established. In addition,
a differentiated grid-division strategy based on surface cur-
rent distribution is introduced to balance search efficiency and
design accuracy.

2) A hybrid crossover strategy and a new adaptive mutation
operator are combined to dynamically coordinate global and
local search, effectively mitigating the issue of premature
convergence.

3) A transfer learning-driven recombination mechanism without
surrogate model training is proposed, which guides the search
direction by directly recombining high-performance modules
from historical optimization data.

This comprehensive approach achieves the coordinated optimiza-
tion of both the topology and key dimensions of the antenna, while
simultaneously improving optimization efficiency and design flex-
ibility. A dual-polarized omnidirectional antenna is designed with
this method. Experimental results demonstrate that the operating
bandwidth is significantly expanded, port isolation and omnidi-
rectionality are improved, and the optimization time is notably
reduced compared to the IBPSO and MOEA/D-GO methods.

Proposed method

Optimization process of the proposedmethod

The collaborative optimization framework of the MOEA/D-
IHPSO method for efficiently enhancing and balancing multi-
ple performance metrics of the initial antenna design is shown
in Fig. 1. First, in the optimization problem modeling phase, a
multi-objective function is designed according to the multiple per-
formance index requirements of the antenna. Guided by the sur-
face current distribution as electromagnetic physical prior knowl-
edge, the key regions on the upper and lower radiating patches
are selected for optimization. A differentiated network partition-
ing strategy is used to map the two selected antenna design spaces
to binary topology parameter arrays X1 = [x1, x2, …, xm] and
X2 = [x1, x2, …, xn]. At the same time, the key size parameters
Gq = [g1, g2, .., gq] with the most significant impact on antenna
performance are identified using methods such as surface current
analysis, equivalent circuit modeling, or sensitivity analysis. The
selected topological and size parameters serve as the optimization
design variables of the antenna, together forming a hybrid solu-
tion vector that establishes a unified search space for concurrent
optimization. After defining the population size, Latin Hypercube
Sampling [14] is used to generate the initial population within the
defined solution space, laying the foundation for subsequent opti-
mization iterations. Second, in the algorithm application phase,
the proposed framework integrates evolutionary and swarm intel-
ligence principles. For the top 50% of individuals in the fitness

ranking, a hybrid crossover strategy combining single-point and
multi-point crossover is applied to the topology parameters, while
simulated binary crossover is used for the size parameters. For
the remaining individuals, the improved hybrid particle swarm
optimization (IHPSO) guides the updates, wherein an adaptive
mutation operator is embedded to dynamically balance global and
local search by adjusting the mutation probability according to the
fitness convergence status. To further improve search efficiency, a
transfer learning-driven recombination strategy is incorporated. It
is automatically activated when the convergence rate drops signif-
icantly or a specified number of generations is reached, thereby
continuously advancing the search for the optimal solution. The
optimization process terminates upon reaching the preset iteration
limit or meeting multiple preset goals, and the final Pareto optimal
solution set is output as the preferred solution for the joint design
of antenna topology and size parameters.

Objective function design

The design of high-performance antennas requires a rigor-
ous multi-objective optimization framework to simultaneously
improve multiple key electromagnetic (EM) performance metrics.
The return loss, isolation between the two ports, omnidirection-
ality, and gain flatness are used as optimization objectives in this
paper. The optimization problem is transformed into the following
mathematical expression to guide the algorithm in fully exploring
the optimal performance of the antenna.

min
Z

F(Z) = (f1(Z), f2(Z), f3(Z), f4(Z), f5(Z))

s.t. Z ∈ Ω
(1)

The variable Z is the decision variable of the topology parameters
X and the size parameters Gq, while Ω denotes the design space.
For ports 1 and 2, to ensure that the return loss is greater than C1
(dB) within the operating frequency band [ω1, ω2], the objective
functions f 1(Z) and f 2(Z) are defined as follows.

fi(Z) = max(C1 − min
𝜔∈[𝜔1,𝜔2]

|Sii(Z, 𝜔)| , 0) ⋅ (1 + 𝛾) (2)

i = 1 and 2. In order to suppress mutual coupling between the
two ports and ensure that the isolation of the optimized antenna
is higher than C2 (dB), the objective function f 3(Z) is defined as
follows.

f3(Z) = max(C2 − min
𝜔∈[𝜔1,𝜔2]

|S21(Z, 𝜔)| , 0) ⋅ (1 + 𝛾) (3)

γ is the penalty factor.Within the operating frequency range, when
min|Sii| is belowC1 dB ormin|S21| is belowC2 dB, the penalty value
is linearly proportional to the exceeding amplitude. Additionally,
to ensure that the optimized antenna has satisfactory omnidirec-
tional radiation characteristics at multiple key frequency points,
the omnidirectional fluctuation objective function f 4(Z) is defined
as follows.

f4(Z) = max(f4(Z)|f1, f4(Z)|f2)
f4(Z)|fi = max([max

𝜑
G(Z, fi, 𝜑, 𝜃0) − min

𝜑
G(Z, fi, 𝜑, 𝜃0)] − C3, 0)

(4)
G(Z, fi, φ, θ0) represents the realized gain evaluated at frequency
fi, azimuth angle φ, and a fixed elevation angle θ0, while C3
denotes the threshold for omnidirectional performance. To fur-
ther improve the performance stability of the antenna within
the operating frequency band and suppress fluctuations in the
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Figure 1. Overall optimization process flow of MOEA/D-IHPSO.

gain-frequency response curve, the gain-flatness objective f 5(Z) is
defined as follows.

f5(Z) = max([ max
𝜔∈[𝜔1,𝜔2]

G(Z, 𝜔) − min
𝜔∈[𝜔1,𝜔2]

G(Z, 𝜔)] − C4, 0) (5)

G(Z,ω) represents the realized gain within the operating frequency
band. C4 is the threshold for the gain flatness level. A smaller f 5(Z)
indicates a more stable antenna gain.

For an antenna to operate in a frequency band ranging from
3.3 to 4.1 GHz, the objective function is specified by setting (ω1,
ω2) = (3.3 GHz, 4.1 GHz) and (C1, C2) = (10 dB, 20 dB), so that
the optimized antenna attains a return loss better than 10 dB and an
isolation better than 20 dB. As a gain variation of less than 3 dB is
widely recognized as indicative of excellent omnidirectional per-
formance and stable gain [22, 23], C3 and C4 are set to 3 dB to
ensure that the antenna design meets this standard. Furthermore,
to guarantee the performance at key frequencies within the band,
f 1 and f 2 are set to 3.5 and 3.8 GHz, respectively. The optimiza-
tion range for the key size parameter h is set to 5–10 mm, which
is determined by combining theoretical considerations of the cou-
pling length [24] with systematic parametric sweep results. R7 is
set to 1–4 mm to ensure mechanical compatibility with standard
metric screws for manufacturability.

Topology optimization region division strategy based on
current distribution characteristics

Based on the lightweight and easily integrable nature of pla-
nar fragmented structures (FTS), the MOEA/D-IHPSO algorithm
is employed to search for the optimal topological distribution
of FTS within the refined unit design space. According to the
surface current distributions on the upper and lower radiat-
ing patches, regions with significant current-intensity variation
are selected for optimization. Meanwhile, to avoid geometric
defects introduced by sector discretization, a circular patch is

preset in the design. The selected optimization region is shown
as the shaded area in Fig. 2. To further implement the struc-
tured grid division, the selected region is divided into four equal
sectors by two perpendicular dashed lines passing through the
circle center, as shown in Fig. 3. One sector is discretized into
sector-ring unit cells in polar coordinates and mapped onto the
binary design matrix. “1” represents a metal unit cell and “0”
represents a non-metal unit cell. This novel physics-informed
binary encoding interface is crucial for balancing design accuracy
and optimization efficiency, while reducing error accumulation.
Finally, the complete radiation patch is obtained by mirroring
and rotating operations to ensure structural symmetry, which is
fundamental for achieving the desired omnidirectional radiation
pattern.

After selecting the optimization region, two efficient mesh divi-
sion strategies are proposed based on the current-distribution
characteristics of the selected area (Fig. 2) to further enhance
design flexibility. The current in the upper structure shows a dis-
tinct edge accumulation characteristic, so a non-uniform angular
partitioning strategy is applied to this region. Specifically, the sec-
torial optimization region is evenly divided into 8 annular layers to
balance modeling accuracy and the number of optimization vari-
ables. The angular direction is divided into 10 equal parts near the
axis, while the edge region where the current intensity changes
more significantly is divided into 20 equal parts to achieve refined
optimization of the key areas, as shown in Fig. 3(a). The current
distribution in the lower structure is more uniform, so an equal-
area meshing strategy is adopted, as shown in Fig. 3(b). In this
approach, the angular direction is divided into 10 equal parts, and
the radial direction is partitioned into 8 layers with proportionally
scaled boundaries to ensure that each sector ring unit has an equal
area. This results in a moderately sized 8 × 10 grid that balances
optimization across the region and enhances manufacturability.
The combination of these two strategies not only helps suppress
the accumulation of discrete errors in topology optimization, but
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Figure 2. Current distribution and optimization region.

Figure 3. Two network partitioning strategies and binary encoding of topological structures. (a) Non-uniform angular partitioning network and (b) equal area sector
partitioning network.

also ensures design accuracy and practical feasibility during the
optimization process, thereby improving the overall optimization
effect.

Improved HPSO

To address the joint optimization problem of topology and size
parameters, this study proposes an IHPSO algorithm. This algo-
rithm combines BPSO and continuous particle swarm optimiza-
tion for the joint optimization of discrete topology parameters and
continuous size parameters within a unified coding framework.

A mixed encoding scheme is employed for each particle, in which
the topology parameters are represented by 0/1 Boolean variables
representing fragmented metal structures, and the size parameters
are encoded as real numbers. After each update, the size parameters
are rounded to one decimal place to satisfy manufacturing tol-
erance requirements. The topology parameters are updated using
the sigmoid function in BPSO for probabilistic flipping, and the
mapping function is given as follows.

S(vk) = 1
1 + e−v (6)
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Figure 4. Schematic diagram of topology structure modularity.

Figure 5. Initial and optimized structure of the dual-polarized omnidirectional antenna. H = 1, h = 6, R1 = 6, R7 = 2.5, R9 = 49.5, Rv2 = 38, Rv4 = 4.5, w_re1 = 0.4, L1 = 8,
L2 = 7.2, L3 = 15, L4 = 12, L6 = 15.2, LK1 = 6, W1 = 2, d = 0.15 (units: mm). (a) Initial structure, (b) optimized structure, (c) optimized upper layer, and (d) optimized lower
layer.

v represents the velocity value of the current position of the par-
ticle, which is used to control the probability of topological site
flipping.

Meanwhile, IHPSO introduces an adaptive mutation mecha-
nism based on fitness to enhance population diversity and prevent
premature convergence.Themutation probability P is dynamically
adjusted according to the difference between the average aggregate
fitness f av of a few elite individuals in the previous generation and
the fitness threshold f th.

P = {
Pmax, fav < fth
Pmin + (Pmax − Pmin) ⋅ (1 − fav−fth

fav
), fav ⩾ fth

(7)

The mutation probability P is dynamically adjusted within a preset
range [Pmin, Pmax]. If fav falls below the threshold f th, the mutation
rate P is increased to enhance population diversity. After themuta-
tion is triggered, the topological parameters and size parameters
are differentially perturbed. The topological parameters undergo
a Boolean flip operation on their elements with probability P.
The size parameters are perturbed by adding a standard normal
random term to the current position, thereby helping the search
escape local optima in the continuous space. The improved oper-
ator dynamically adjusts the mutation strength according to the
current search state, thus better balancing global search and local
optimization and preventing the algorithm from getting stuck in
local optima.

Transfer learning-driven recombination strategy

To further enhance the efficiency of automated antenna design, a
transfer learning-driven joint recombination strategy for topology
and size parameters is proposed. The transfer learning mecha-
nism adopted by this strategy is different from the typical deep
learning paradigm. It does not rely on model training, but instead
achieves knowledge transfer and reuse by directly reorganizing
and perturbing structural modules and parameters extracted from
high-performing individuals in historical optimization runs. This
mechanism aims to improve the quality and diversity of the popu-
lation. The detailed procedure is as follows.

In the first step of the process, the fitness improvement rate
ΔF(g) is defined to monitor the evolutionary trend of the popula-
tion.

ΔF(g) =
F(g)
best − F(g−1)

best

|F(g−1)
best | + 𝜀

(8)

F(g)
best represents the optimal total fitness of the gth generation and

ε is a small positive number set to 1 × 10−10 to ensure numeri-
cal stability. The transfer learning-driven recombination strategy
is triggered when the algorithm detects convergence stagnation.
Specifically, stagnation is identified if the fitness improvement rate
remains below a predefined threshold for a specified number of
consecutive generations.

1
T

T

∑
k=1

ΔF(g−k) < 𝛿, g > T (9)

δ is the fitness improvement threshold and is set to 0.01 based
on observations of the initial algorithm convergence rate. T is the
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Figure 6. Pareto frontier solution and optimization process
evolution.

Figure 7. The simulated and measured results of the optimized antenna. (a) S-parameters and (b) peak gain.

number of consecutive stagnant generations and is empirically set
to 5 to ensure reliable detection. Subsequently, the system selects
the top N individuals (N is the current population size) from the
historical optimization data based on the five indicators S11, S22,
S21, omnidirectionality, and gain flatness, respectively, to construct
five distinct label pools T11, T22, T21, To, and Tg. After the struc-
tural label is constructed, the individuals in the population can be
expressed as follows.

I(i) = {B(i)
1 ,B(i)

2 , … ,B(i)
n ,Gq

(i)} (10)

Bj
(i) represents the jth layer structure module in the ith individual

topology structure. Gq
(i) is the vector of q parameters associated

with the individual I(i).

The strategy then performs splicing and recombination of the
topological structures. The individuals in the label pool are uni-
formly divided into four structural modules (Fig. 4), forming four
corresponding module pools. The strategy randomly selects one
module from each module pool with equal probability and splices
them into a new structural individual. If a module pool containsM
modules, the probability of selecting any specific module from it is
1/M.

Bnew = [B1
(p),B2

(q),B3
(r),B4

(s)] (11)

p, q, r, and s are the indices for the four randomly selected
modules.

Finally, parameter perturbation sampling is conducted to gen-
erate the size parameters for the newly recombined topology. The
system first identifies the set S of all historical elite individuals that
contribute modules to Bnew. A new size parameter vector Gnew is

https://doi.org/10.1017/S1759078726103171 Published online by Cambridge University Press

https://doi.org/10.1017/S1759078726103171


International Journal of Microwave and Wireless Technologies 765

Figure 8. Measured and simulated gain patterns for the VP element at 3.5 and 3.8 GHz.

then generated by applying a Gaussian perturbation to the mean
parameters according to the following formula.

Gnew = 1
|S|

∑
I(i)∈S

G(i)
q + 𝜂 ⋅ 𝜖, 𝜖 ∈ N(0,𝜎2I) (12)

η is the perturbation coefficient, typically set to 0.1 to control the
overall scale of exploration. The vector ϵ is a multivariate Gaussian
noise, where σ2 defines its variance, usually set to a small fraction
of the allowable parameter range. The identity matrix I ensures
that the noise is added independently to each size parameter with
equal variance. All generated parameter values are constrained to
the feasible manufacturing range.This approach performs directed
perturbation based on excellent parameter benchmarks, effectively
utilizing historical experience while ensuring the diversity of the
new parameters. The new topology Bnew and its associated param-
eters Gnew are concatenated to form a new candidate individual
Inew = [Bnew, Gnew]. This process is repeated to generate the new
population.

This strategy significantly enhances the directionality and
diversity of the structural reconstruction process by integrating

the triple mechanisms of structural label guidance, mod-
ule reorganization, and parameter reorganization sampling,
thereby effectively improving the overall convergence efficiency.
This improvement is achieved with negligible computational
overhead.

Analysis of experimental results

Introduction of the initial and optimized antenna structure

To verify the effectiveness of the proposed MOEA/D-IHPSO for
antenna optimization, a dual-polarized omnidirectional antenna is
optimized.The antenna structure consists of a vertical polarization
(VP) unit and a horizontal polarization (HP) unit, and its initial
configuration is shown in Fig. 5(a), which employs an FR-4 sub-
strate with a relative permittivity of 4.4 and a loss tangent of 0.02.
Theoptimized antenna configuration is shown in Fig. 5(b), with the
optimal topological layouts of the upper and lower antenna layers
presented in Fig. 5(c) and (d). The optimal values of h and R7 are
6 and 2.5 mm, respectively. To ensure overall electrical continuity
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Figure 9. Measured and simulated gain patterns for the HP element at 3.5 and 3.8 GHz.

of the segmented structure, the edge length of each unit increases
successively by 0.15 mm along the radial direction.

Experimental environment and optimization results

The entire simulation process is performed on a computer
equipped with 128GB of memory, an Intel Core i9–14900KS pro-
cessor, and an NVIDIA GeForce RTX 5060 GPU. The simulation
software is ANSYS HFSS 2022R1. To enable automated simula-
tion, the binary-encoded topology matrix generated by the algo-
rithm is programmatically converted into a standard CAD file,
which is then imported into HFSS for full-wave electromagnetic
analysis and performance evaluation. The optimized areas of the
sector-shaped radiating patches on the upper and lower layers are
discretized into 140 and 8 × 10 units. In MOEA/D-IHPSO, the ini-
tial population size N is set to 36 and the maximum number of
iterations Nt is set to 50.

After 32 iterations of optimization, which correspond to 1152
full-wave solutions, the topology configuration of both design
spaces and the size parameters h and R7 are simultaneously con-
verged. The bandwidth optimized by MOEA/D-IHPSO is from

3.27 to 4.2 GHz, with isolation above 20 dB across this frequency
band. Moreover, the gain curve exhibits a smooth variation, and
at the frequency points of 3.5 and 3.8 GHz, the gain fluctuation in
the azimuth plane is less than 3 dB, which verifies the engineer-
ing feasibility of simultaneously optimizing both the topology and
size parameters. The evolution trajectory of some representative
solutions from the Pareto set is shown in Fig. 6. With optimization
iterations, the solution population evolves from an initial random
distribution to a high concentration in the target performance
region. The majority of solutions in the final generation converge
to the Pareto front, demonstrating the effective trade-off of the
algorithm between reflection loss and isolation.

The proposed MOEA/D-IHPSO can be extended to other pla-
nar antenna designs, such as microstrip patch antennas and planar
monopole antennas, where discrete topology patterns and continu-
ous geometric parameters need to be optimized simultaneously for
multiple performance objectives. In practice, the overall computa-
tional expense is still dominated by full-wave simulations, while
the added cost of the evolutionary operators and transfer learning-
driven recombination remains lightweight. Although the initial
population is generated stochastically, sensitivity to initialization is
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Table 1. Comparison information with similar optimization algorithms

Ref. Optimization method Design space Number of EM Time Optimized frequency (GHz) Dimension (in λ0) Polarization

[25] GA 16 × 16 pixels 1550 520.8 h 1.9–10 1.59 × 0.89 × 0.03 Single

[26] TR-SADEA 23 params 1708 285.6 h 3.3–5 1.17 × 1.17 × 0.25 Single

[27] MEA 10 × 14 pixels 3104 411.5 h 3.5–9.7 Not given Dual

[28] IMT + TD3 29 × 18 pixels 2787 115.6 h 2.37–2.47 0.48 × 0.48 × 0.01 Single

[29] IBPSO 8 × 10 pixels 4590 119.1 h 2.4/3.5/5.8 0.43 × 0.24 × 0.01 Single

[30] BBSO 20 × 20 pixels 2500 Not
given

1.9–2.4 1.08 × 0.79 × 0.02 Single

[31] MOEA/D-M 9 × 9 pixels 720 Not
given

4.78–6.02 0.36 × 0.31 × 0.03 Dual

[32] MOEA/D-GO Top 8 × 9 Bottom
10 × 14
pixels

Not
Given

148 h 1.7–3.8 1.19 × 1.19 × 0.43 Dual

[33] MOEA/D-EOR 9 × 9 pixels 2232 98.4 h 4.95–5.07 0.67 × 0.67 × 0.001 Dual

This
work

MOEA/D-
IHPSO

Top 140 bottom
8 × 10 pixels + 2
params

1152 86.4 h 3.3–4.2 1.25 × 1.25 × 0.1 Dual

Note: λ0 is the wavelength at the center frequency of the operation band.

mitigated by IHPSO and a recombination mechanism that injects
high-quality modules from historical data.

Measurement and comparison

Themeasurement results of antenna

To verify the engineering effectiveness and optimization perfor-
mance of the MOEA/D-IHPSO algorithm, the optimized dual-
polarized omnidirectional antenna is experimentally tested. As
shown in Fig. 7(a), the measured −10 dB impedance bandwidth is
from 3.3 to 4.2 GHz. The peak gain values of the VP and HP units
are shown in Fig. 7(b), with VP varying between 3.16 and 5.21 dBi,
and HP varying between 2.85 and 3.64 dBi. The radiation patterns
of the designed antenna at several frequencies are shown in Figs.
8 and 9. The gain variation on the XOY plane is less than 1.8 dB,
and the gain pattern on this plane demonstrates good omnidirec-
tional characteristics. In addition, a low cross-polarization level of
the two polarizations can be observed, which is less than −15 dB.
The measured and simulated results are generally consistent. The
discrepancy between the measured and simulated values may be
attributed to manufacturing tolerances, welding deviations, and
non-ideal measurement environments.

Comparison of the proposedmethod with other methods

Table 1 summarizes the key performance indicators of the pro-
posed algorithm and several multi-objective evolutionary algo-
rithms from the literature. Compared with the traditional genetic
algorithm-based approach [25], surrogate model-assisted meth-
ods [26, 27] and image mapping topology with twin delayed
deep deterministic policy gradient (IMT + TD3) method [28],
this method shows better performance in terms of optimization
speed and convergence, especially in high-dimensional and multi-
objective problems, avoiding the problem of easily falling into
local optimality. Compared with the IBPSO and BBSO meth-
ods [29, 30], the proposed optimization framework can better
cope with the nonlinear relationship between topology and size

Table 2. Statistics of different algorithm results

Optimization method Worst Best Mean T. algorithm

IBPSO 2052 1620 1836 141.4 h /run

MOEA/D-GO 1836 1548 1714 130.3 h /run

MOEA/D-IHPSO 1368 1152 1268 96.4 h /run

parameterswhendealingwith complex antenna structures, thereby
achieving more accurate design optimization. Compared with the
multi-objective evolutionary algorithm-based methods [31–33],
MOEA/D-IHPSO can better handle mixed optimization problems
of discrete and continuous variables, provide a more flexible opti-
mization space in antenna design, andmaintain good global search
capabilities while achieving efficient optimization.

The mean number of EM simulations and time consumption
under 5 independent runs for different algorithms are presented in
Table 2. The number of EM simulations for MOEA/D under the
worst, best, and mean optimization efficiency is 1368, 1152, and
1268, respectively. Based on the average time over 5 runs, the opti-
mization efficiency of this framework (96.4 hours) is improved by
31.8% and 26% compared to IBPSO (141.4 hours) and MOEA/D-
GO (130.3 hours), respectively. These results indicate better com-
putational efficiency and stability for complex antenna optimiza-
tion problems, while also demonstrating the high accuracy and low
error characteristics of the proposed optimization method.

Conclusion

This paper proposes an efficient optimization method for the
collaborative optimization of antenna topology and size param-
eters, which deeply integrates the IHPSO algorithm with the
multi-objective evolutionary algorithm and introduces a trans-
fer learning-driven adaptive topology recombination strategy.This
approach effectively balances global search and local exploitation,
improving optimization efficiency. The optimized dual-polarized
omnidirectional antenna exhibits a high isolation of 20 dB within
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the 3.3–4.2GHz operating frequency band, aswell as good omnidi-
rectional radiation characteristics and stable gain. Compared with
the IBPSO and MOEA/D-GO methods, the proposed optimiza-
tion framework achieves higher efficiency and requires fewer EM
simulations. Both simulation and experimental results show that
the MOEA/D-IHPSO algorithm effectively improves convergence
speed inmulti-objective optimization, which confirms its value for
antenna design.
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