International Journal of
Microwave and Wireless
Technologies

cambridge.org/mrf

Research Paper

Cite this article: Li R, Li M, Zhang Y, Zhang L
(2025) Improved dandelion optimizer for

sparse array antenna beam pattern synthesis.

International Journal of Microwave and
Wireless Technologies 17(7), 1148-1158.
https://doi.org/10.1017/S1759078725102390

Received: 7 September 2024
Revised: 18 September 2025
Accepted: 19 September 2025

Keywords:
dandelion optimizer; logistic chaotic map;
peak sidelobe level; sparse array; spiral flight

Corresponding author: Ruiyou Li;
Email: liruiyou@jxufe.edu.cn

© The Author(s), 2025. Published by
Cambridge University Press in association
with The European Microwave Association.

CAMBRIDGE
&P UNIVERSITY PRESS

Improved dandelion optimizer for sparse
array antenna beam pattern synthesis

Ruiyou Li (®, Min Li, Yong Zhang and Long Zhang

School of Software and Internet of Things Engineering, Jiangxi University of Finance and Economics, Nanchang,
China

Abstract

The existing intelligent optimization algorithms face challenges related to premature conver-
gence in the synthesis of array antennas, resulting in low solution accuracy and a tendency to
get stuck in local optima. In this paper, a logistic chaos and spiral flight dandelion optimizer
(LSDO) algorithm is applied to sparse antenna array synthesis with constraints. To optimize
the positions of the array elements and reduce sidelobe levels, the logistic chaotic mapping is
employed for population initialization, which generates a diverse and uniformly distributed
initial population. Additionally, the dandelion optimizer (DO) algorithms utilize a spiral flight
strategy to enhance local exploitation capability and escape from the local optimum of the
sidelobe level. For algorithm performance, numerical experimental results show the stabil-
ity and robustness of the LSDO algorithm. For the optimization of planar sparse arrays, the
LSDO algorithm significantly outperforms conventional optimization methods, achieving a
peak sidelobe level (PSLL) reduction of 15.5% for DO, 9% for PSO, and 14.56% for IWO. These
results confirm the effectiveness and superiority of the proposed algorithm.

Introduction

The array antenna is a radiating device composed of multiple antenna elements arranged in
a specific configuration [1] with wide applications in fields such as satellite communications,
satellite Internet of Things, radar, and astronomy [2-4]. In contrast to uniform array antennas,
sparse array antennas require fewer elements while providing better angular resolution and gain
[5, 6]. These array antennas attain the desired peak sidelobe level (PSLL), main lobe width, and
directivity coefficient by strategically manipulating the quantity and arrangement of elements
within the uniform array, thereby achieving high gain, narrow beamwidth, and low sidelobe lev-
els [7-9]. However, the design of sparse array antennas poses a complex nonlinear optimization
problem. Highlighting the necessity for efficient and timely determination of the distribution of
array element parameters to attain of desired radiation patterns through optimization methods
in the design of array antennas.

A multitude of researchers have integrated Taylor synthesis, convex optimal synthesis, and
Bayesian synthesis into the optimization of direction map for array antennas. Rahardjo et al.
[10] introduced a novel approach that employs Taylor line source distribution to optimize linear
sparse array antennas through the manipulation of spacing coefficients. Their results indicate
effective matching of sparse array antenna distributions for various beam configurations with-
out the necessity of iterative solution. Lou et al. [11] proposed a sparse array synthesis method
based on joint convex optimization, which seeks to enhance the data transmission rate of
large-scale multiple-input multiple-output systems. Simulation results reveal that this approach
outperforms both uniform arrays and existing convex optimization techniques. Additionally,
Lee [12] and Kedar [13] et al. presented sparse array design strategies based on convex opti-
mization and Bayesian compressed perception, which resulted in improved outcomes in sparse
optimization. However, these approaches require the establishment of appropriate reference
modes, have lower optimization efficiency, and stronger dependencies, which limit practical
applicability in engineering environments.

In recent years, swarm intelligence optimization algorithms have been widely applied to
sparse array antenna directional map optimization [14]. These natural law-based approaches
have shown significant efficacy in a wide range of experiments [15, 16]. Genetic algorithm
(GA) has been applied to large planar sparse arrays with low sidelobe levels, which exceeds
the expected results [17, 18]. However, GA's search for the objective function is too singular and
exclusive, making it prone to premature convergence. The existing literature [19, 20] employs the
particle swarm optimization (PSO) algorithm to address the optimization challenges associated
with sparse array antennas and obtains better PSLL. Nonetheless, it has been observed that
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the convergence of the algorithm tends to reach a saturation point
in the later phases. Consequently, this indicates that the algo-
rithm experiences a premature convergence problem when tasked
with optimizing the radiation pattern of the array antenna. The
sparrow search algorithm (SSA) [21], social group optimization
(SGO) algorithm [22], mayfly algorithm (MA) [23], and marine
predators algorithm (MPA) [24] have been utilized for the opti-
mization of radiation patterns in array antennas. However, the
substantial quantity of parameters inherent in these algorithms
renders them less appropriate for application to array antennas
with varying element scales. In order to facilitate more sophisti-
cated beamforming and spatial multiple access technologies, forth-
coming B5G and 6 G networks necessitate array antennas that
exhibit enhanced accuracy, convergence speed, and control capa-
bilities regarding the main lobe direction of the radiation pattern.
Consequently, there is a pressing requirement to develop an intelli-
gent optimization algorithm that effectively integrates applicability
and efficiency for the optimization of array antenna radiation pat-
terns [25, 26]. Therefore, there is an urgent need to design an
intelligent optimization algorithm that integrates both applicabil-
ity and efficiency for the optimization of array antenna radiation
patterns.

The DO algorithm, introduced by Zhao et al. [27], represents a
novel approach within the realm of swarm intelligence optimiza-
tion [27]. This algorithm exhibits several advantages, including a
high degree of adaptability, a well-defined structural framework, a
robust capacity for global search, and a reduced number of param-
eters. Furthermore, it has been shown to perform effectively in
optimizing both continuous and discontinuous problems [28, 29].
The literature [27] demonstrated the efficacy of the DO algorithm
by employing classic test functions. A comparative analysis with
several established optimization algorithms revealed that the DO
algorithm exhibits superior global search capabilities, enhanced
accuracy, and improved convergence characteristics. Subsequently,
Lietal. [30-32] applied DO to the synthesis optimization problem
of linear array antenna radiation patterns. In particular, proposed
a chaotic exchange nonlinear dandelion optimization (CENDO)
algorithm and applied to time-modulated array antenna (TMAA)
to reduce sidelobe and sideband levels, achieving satisfactory opti-
mization results. However, previous studies were limited to one-
dimensional optimization problems for linear arrays. This paper
introduces DO into the synthesis optimization problem of sparse
planar arrays for the first time, aiming to reduce two-dimensional
planar sidelobe levels. It continuously optimizes the activation sta-
tus of each array element in the planar array to determine the
optimal configuration and achieve higher array gain. However, the
algorithm has a weak ability to solve nonlinear complex problems
and exhibits an imbalance between global search and local devel-
opment performance, resulting in the occurrence of local optima
[33, 34]. Therefore, this paper proposes a novel sparse array opti-
mization algorithm referred to as the DO algorithm based on
logistic chaotic mapping and spiral flight strategy. This algorithm
incorporates a mutation mechanism and adaptively modifies the
search strategy to improve both global search efficiency and local
convergence.

Problem model definition
Sparse planar array model

Fig. 1 is a rectangular planar sparse array with a sparsity level of f
and aperture size of M x N.
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Figure 1. Schematic of a sparse planar array.

The grid spacing of the array is set at d, = d,, = 1/2, where A
represents the wavelength of the radiation. The total number of ele-
ments in the array is determined by T = f x M x N. Assuming
the array meets the condition of equal-amplitude omnidirection-
ality, and in accordance with the principle of electromagnetic wave
superposition, the directional pattern function of the array can be
articulated and formulated as:

M—1N-1
F(u, V) _ Z menAmnejk[nd(u—uo)+md(v—v0)]
m=0 n=0

{uz sinf cos ¢, v = sinfsin ¢

Uy = sin 6 cos ¢y, vy = sin b sin ¢,

where k = 2, 0 and ¢ represent the pitch and azimuth angles,
and (6, ¢,) indicates the optimal pointing direction of the array
beam. The term f,,, is used to describe the operational status of
the array element positioned at coordinates (m, n), where f,,, = 1
signifies the presence of an array element at that specific location,
while f,,, = 0 indicates the absence of an array element at that posi-
tion. Additionally, A,,,, denotes the amplitude excitation coefficient
of the array element located at coordinates (m, n), with a value of
1 signifying compliance with isotropic omnidirectionality.

Optimized model

The primary goal of sparse array optimization is to minimize the
PSLL of the directional pattern while maintaining equal amplitude
omnidirectionality. This study focuses on identifying the PSLL in
two specific planes at angles of ¢ = 0° and ¢ = 90°. According to
the definition of PSLL, the fitness function is represented as:

( F(¢790;¢0790) >
max F (¢, 0y; ¢y, 0y)

PSLL = max
€S,

F (¢7 0o; Pos 90) ) Q)

+ max
PES, (maXF (¢a 00; ¢07 00)
where S; represents the sidelobe interval of the azimuthal direc-

tion map at a specific angle 0 = 6, while S, represents the sidelobe
interval of the pitch direction map at a particular angle ¢ = ¢,,. The
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optimization model can be formally expressed as:

min (PSLL) 3)

The dandelion optimizer and its improvements
Dandelion optimizer

The DO updates and optimizes the positions by simulating the
wind-assisted flight behavior of mature dandelions, dividing it into
three stages: ascending, descending, and landing [35, 36].

Ascending phase
Dandelion seeds are affected by factors such as wind speed and air
humidity in the rising stage. Therefore, the weather can be classified
as sunny or rainy.

On sunny days, wind speed follows a log-normal distribution,
which facilitates the simulation of randomness in the global search
for antenna array elements. This approach helps explore more
optimal array layouts, thereby reducing side lobe levels in the direc-
tional pattern. The mathematical model for the dandelion seeds in
the ascent phase is represented as:

X1 =X +avy, InY (X, — X)) (4)

where X, is the position of the seed at the t,, iteration (current array
status). InY signifies the lognormal distribution with parameters
#=0and o * = 1.e, and v, denote the coefficients of the lift com-
ponents of the dandelion seed. X; represent the randomly selected

position.

X, = rand(1,Dim) x (UB— LB) + LB (5)
where UB and LB are the upper and lower bounds of the problem,
respectively. The Dim represents the dimensionality of the prob-
lem. o is an adaptive parameter influenced by the current iteration
(t) and the maximum number of iterations (T).

a = rand() x (;—22—2—;—0—1) (6)

On rainy days, factors such as air humidity and air resistance
cause the DO algorithm to emphasize local area development.
By locally adjusting the positions of the array elements, the algo-
rithm suppresses diffraction side lobes and enhances the efficiency
of the main lobe in the directional pattern. The equation is as
follows:

Xr+1 = kXt (7)
k=1-—g x rand() (8)
2 —2t+1

9= 571+ 1 )
where k is employed to control the scope of the local search area
and q is an adaptive parameter.

In conclusion, the mathematical model for dandelion seeds
during the ascending stage is defined as:

(10)

X, +avy,InY (X, —X,) rand <15
X1 =
kX, else
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Descending phase

The DO algorithm emphasizes global optimization during the
descent phase. The average position obtained from the ascent phase
is used to reflect the stability of the dandelion decline and to
facilitate the movement of the dandelion population to the most
desirable breeding sites. Dynamically balance the sparsity and
directionality coefficients of the array through Brownian motion
to improve PSLL performance. The mathematical model for the
descent phase is formulated as:

X1 =Xy —afy (Xmean_t - aﬂtXt) (11)

1
Xmeunft = ﬁ in
P =1

where X,,,,,, ,is the average position information of the dandelion
population at the ¢, iteration. 8, denotes a random number follow-
ing Brownian motion with a normal distribution. N,, signifies the
total number of dandelion populations.

(12)

Landing phase

The DO algorithm focuses on local exploitation during the landing
phase. In order for the seed to reach the most survivable posi-
tion, the current elite individual information can be used for local
exploitation, which helps the algorithm to converge exactly to the
global optimal solution. The Levy() strategy can simulate the
fine-tuning process of array element positions. By employing non-
linear perturbations to escape local optima significantly reduces
the PSLL. Simultaneously, the § function avoids the lobe problem
caused by excessive sparsity. The mathematical representation is
described as:

Xit1 = Xege + Levy(A) x o X (Xaye — 0X;) (13)
2t
b= (14)

where X,;;,, is the current elite individual; Levy(A) is the Levy flight
function to enhance the local search capability; § € [0,2] is a lin-
early increasing function to prevent over-exploitation and ensure
precise convergence to the global optimum.

Improved dandelion optimizer

Logistic chaotic mapping

The DO algorithm is initialized by randomly generating the posi-
tions of the dandelion seeds within the upper and lower bounds.
Such an initialization may lead to uneven distribution of dande-
lions, causing the algorithm to mature prematurely and fall into
local optimal solutions. In order to solve this problem, this paper
proposes a logistic chaotic mapping strategy to generate initial
solutions with a more uniform distribution. The principle involves
utilizing the sequence generated by chaotic mapping between [0,1],
and then initializing the dandelion population according to the
chaos factor. Dandelion’s initial distribution is more rational and
avoids premature maturity through this approach. Fig. 2 shows
the two-dimensional distribution map of these two initialization
methods, revealing that the initial distribution of logistic chaotic
mapping is more uniform. The mathematical model of logistic
mapping is described as follows:

X =axX x(1-X,)
Where a € [0,4] is a logistic parameter.

(15)
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Figure 2. Comparison of two different distributions. (a) Logistic chaos distribution; (b) stochastic distribution.
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Figure 3. Spiral flight search schematic. (a) Two-dimensional figure; (b) three-dimensional figure.

Spiral flight

The DO algorithm based on logistic chaotic mapping reduces
the probability of premature convergence, but the self-learning
capability of dandelion seeds remains suboptimal and requires
enhancement. Position updates increasingly become constrained
as the dandelion seeds reach the local optimal survival position,
which restricts the dandelion seeds to searching exclusively within
their surrounding area. In this paper, we propose a spiral flight
position update strategy to guide the flights of dandelion seeds.
This strategy dynamically adjusts the spiral shape of dandelion seed
flight by incorporating multiple parameters to regulate the radial
and angular aspects of the flight trajectory. A schematic represen-
tation of the spiral flight search methodology is illustrated in Fig. 3.
The mathematical formulation for the spiral flight position update
strategy is delineated as:

kcos((17%)7r)

z=c¢e (16)
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—X,| x et

Xt+1 = Xelite T |Xe1ite X COS(ZWL) (17)
where k represents the step size of the spiral flight, and the param-
eter z consists of an exponential function that is based on e and
varies with the number of iterations. L € [-1,1] is a uniformly
distributed random number.

A novel spiral flight position updating strategy is employed
in the later stages of the DO algorithm to escape local optima.
This spiral flight approach utilizes the characteristics of the cosine
function to dynamically adjust the size and amplitude of the spi-
ral trajectory. This enables the dandelion seeds to fly at a cer-
tain angle of rotation, making it possible to minimize the cre-
ation of duplicate individuals. Consequently, the proposed strat-
egy effectively balances the local and global search of the DO
algorithm.
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Table 1. Pseudocode for the LSDO algorithm

Li et al.

Algorithm 1 LSDO algorithm

Input: The population size N,, maximum number of iterations 7, and variable dimension Dim

Output: The optimal dandelion seed X,.s; and its fitness value fpeg;

1: Initialize dandelion seeds X of DO according to Eq. (15)

2: Determine the fitness value f for each dandelion seed

3: Identify the most suitable dandelion seed X based on its fitness values
4: While (t < T) do

[*Ascending phase */

5: if randn() < 1.5 do
6: Create adaptive parameters according to Eq. (6)
T Revise dandelion seeds according to Eq. (4)
8: else if do
9: Create adaptive parameters according to Eq. (9)
10: Revise dandelion seeds according to Eq. (7)
11 end if
[*Descending phase */
12 Revise dandelion seeds according to Eq. (11)
[*Landing phase */
13 Revise dandelion seeds according to Eq. (13)
14. Rank dandelion seeds according to fitness values
15 Revise Xgjite
16: if £ (Xeiite ) < (fpest )
17 Xpest = Xelite, Tpest = T ( Xeite )
18 end if
19 Revise dandelion seeds according to Eq. (17) and revise Xge

21 end while
21 Return X,og; and fyeq

Table 2. Benchmark functions information

ID Function name Equation Dimension Global optimum Domain
F1 Rosenbrock flx) = 5 x"=1landf(x") =0 [-10, 10]

D-1

> (100041 — %)* + (% — 1)7]

i=1

1 n
f(x) = —20exp (—0.2‘ / " inz)

F2 Ackley = 30 x*=0and f(x") =0 [-5.12, 5.12]

1 n
—exp (Z g cos(27rx,»)> +20+e
i=1

LSDO synthesis procedure

This paper presents an improved dandelion optimization algo-
rithm that incorporates logistic chaotic mapping and spiral flight
strategy. Initially, the pertinent parameters of the LSDO algorithm
are established, including population size, maximum iteration, and
problem dimensions. Subsequently, logistic chaotic mappings were
employed to initialize more uniformly distributed populations.
Ultimately, the LSDO algorithm considers each arrival position
of a dandelion seed as a potential solution. These seeds find the
most suitable locations for survival within the search interval,
representing the optimal solution to the objective function. The
pseudocode for the LSDO algorithm is presented in Table 1.

Numerical results

Overall competency

To assess the algorithmic effectiveness of LSDO, two classi-
cal benchmark functions have been employed for evaluation.
Detailed information about these functions and their graphical
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representations are provided as shown in Table 2 and Fig. 4, respec-
tively.

The performance of LSDO has been compared with that of
CENDO [31], the original DO, and several popular evolutionary
algorithms such as PSO and IWO. The parameters for these algo-
rithms are established as follows: a population size of N = 100 and
a maximum iteration count of T,,,, = 1000 for the benchmark
functions. All simulations are executed using MATLAB R2023b
on a single computer. Fig. 5(a) and 5(b) illustrate the iterative
processes of the four algorithms for the Rosenbrock and Ackley
functions, respectively. The results indicate that the LSDO algo-
rithm exhibits a superior convergence rate and enhanced solution
accuracy relative to the other traditional algorithms when applied
to both the Rosenbrock and Ackley functions. Table 3 presents the
statistical outcomes from 30 independent experiments, detailing
the best and worst fitness values, as well as the mean and stan-
dard deviation for each algorithm. Notably, the LSDO algorithm
consistently outperforms the other three algorithms across all four
metrics: optimal value, worst value, mean value, and variance. The
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Figure 4. Images of test functions. (a) Rosenbrock; (b) Ackley.
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Figure 5. Convergence curves for each algorithm. (a) Rosenbrock; (b) Ackley.

low mean value signifies the algorithm’s exceptional overall search
capability and convergence performance, while the low variance
underscores its stability. Consequently, it is evident that the LSDO
algorithm proposed in this study demonstrates superior search
performance, an enhanced capacity to escape local optima, and
robust resilience when compared to the CENDO [31], DO, PSO,
and IWO algorithms.

Beam pattern

To evaluate the efficiency of the sparse array optimization
achieved through the proposed LSDO algorithm, two simulation
experiments have been conducted. These experiments aim to eval-
uate the optimization of sparse planar array antennas characterized
by varying sparsity rates and distinct constraint requirements, with
the primary objective of reducing the PSLL in the directional radi-
ation pattern. The outcomes of these experiments are subsequently
compared and analyzed against those obtained from a classical
optimization algorithm. The parameters for the experiments are
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standardized, with a population size and maximum number of iter-
ations set at 60 and 200 for all algorithms, respectively. The array
configuration is established as 20 x 10, with inter-element spacing
defined as d, = d, = d = Institute of Geography, /2 = 0.5 m. The
beam is directed at an angle of (6, ¢) = (0°, 0°), and the coupling
effects between the array elements are disregarded.

Different sparsity

In this simulation, the LSDO, CENDO [31], DO, PSO, and IWO
are employed to optimize a planar array consisting of 200 ele-
ments, characterized by a sparsity rate of 50%. The fitness iteration
curves for sparse array optimization using the four optimization
algorithms are presented in Fig. 6.

As it shows, both the PSO and IWO algorithms exhibit a high
degree of similarity in their early iteration curves, ultimately con-
verging to comparable values in the later stages. Conversely, the
CENDO [31] and DO algorithm demonstrate a more rapid opti-
mization speed during the initial iterations and perform well in
exploration in the middle period, although they tend to fall into
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Table 3. Benchmark functions simulation results

Li et al.

ID Algorithm Best Worst Mean Standard deviation

F1 LSDO 1.1138E-10 5.0038E-08 1.4580E-08 1.7220E-08
CENDO [31] 1.8644E-10 8.1431E-08 9.8610E-08 1.5825E-08
DO 4.6208E-05 6.0045E-03 1.7666E-03 1.4000E-03
PSO 1.8558E-05 8.5479E-02 3.6165E-02 2.7864E-02
IWO 5.0542E-02 6.0898 4.7810E-01 1.1475

F2 LSDO 1.8625E-09 7.0503E-09 3.8759E-09 1.4390E-09
CENDO [31] 6.4603E-09 5.6792E-08 1.9700E-08 9.8359E-09
DO 4.3458E-07 1.7076E-06 8.2626E-07 2.9239E-07
PSO 3.0644e-06 2.6608 0.3599 0.7592
IWO 0.0037 19.1638 9.1867 9.3489

PSLL(dB)

0 50 100 150 200
Iterations

Figure 6. Iterative curves of fitness for different algorithms.

local optima in the later stages. Notably, the LSDO algorithm not
only achieves a quicker optimization speed in the early iterations
but also consistently updates toward the optimal solution in the
later stages, attaining the lowest PSLL of —54.45 dB.

The findings indicate that the PSO and IWO algorithms exhibit
slower convergence in the early stages, while the CENDO [31] and
DO algorithm tends to become trapped in local optima during the
later stages. In contrast, the LSDO algorithm outperforms the other
three algorithms. It extensively explores the solution space through
a global search strategy in the initial phase. In addition, it mitigates
the local optimum through an individual variation strategy in the
later stages. The combination of the two strategies promotes faster
convergence to the global optimum solution.

Figure. 7 illustrates the orientation of azimuthal and pitch direc-
tions for the four algorithms used in sparse array optimization.
First, it is evident that the 3 dB width of the main lobe remains
consistent across all algorithms, aligning with the intended goal.
Additionally, it is noticeable that the PSLL of the LSDO algorithm
is considerably lower than that of the other algorithms in both
sections. The PSLL values are recorded as follows: —56.34 dB for
the LSDO algorithm, —50.11 dB for the CENDO [31] algorithm,
-48.8 dB for the DO algorithm, —51.69 dB for the PSO algo-
rithm, and —50.03 dB for the IWO algorithm. The LSDO algorithm
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reduces the PSLL by 12.4%, 15.5%, 9%, and 12.61%, respectively,
compared to conventional optimization algorithms (CENDO [31],
DO, PSO, and IWO).

The optimization performance of sparse arrays is influenced by
their level of sparsity. To further investigate how the proposed algo-
rithms perform on planar arrays with varying sparsity, experiments
are conducted with different levels of sparsity, and the PSLL of the
direction maps for the optimized arrays using the LSDO, CENDO
[31], DO, PSO, and IWO algorithms are recorded. Table 4 presents
the PSLL, which was derived by averaging the outcomes of execut-
ing multiple optimization algorithms five times under consistent
simulation conditions across varying levels of sparsity. From Table
4, it is evident that the optimization performance of sparse arrays
varies with different sparsity rates, showing a gradual decrease in
the maximum sidelobe level for each algorithm as the sparsity rate
decreases from 90% to 20%. Notably, the LSDO algorithm con-
sistently outperforms the others, achieving the lowest PSLL most
frequently. These results indicate that the LSDO algorithm is more
effective than the other optimization algorithms for planar array
antenna optimization across different sparsity levels.

Symmetric and asymmetric distributions

In this simulation, the LSDO algorithm is applied to a planar array
with specific constraints to further evaluate the performance of the
LSDO algorithm. Specifically, we use the algorithm to optimize a
symmetric sparse array antenna and compare it to an asymmetric
one. The parameters in this simulation are the same as previously
described, but the array elements satisfy a symmetric distribu-
tion with a sparsity of 50%. The locations of the symmetrically
distributed array elements are illustrated in Fig. 8(a), while Fig.
8(b) shows the positions of the asymmetrically distributed array
elements, with solid circles indicating the activated array elements.
The configuration of the array elements in Fig. 8(a) satisfies the
criteria for symmetric distribution, and the centrally clustered
arrangement helps to reduce the global PSLL.

Figures 9(a) and 10(a) illustrate the three-dimensional direction
maps corresponding to symmetric and asymmetric array element
distributions, respectively. As shown in the figures, the overall side-
lobe levels have decreased significantly, providing strong evidence
of the LSDO algorithm’s effectiveness in suppressing sidelobes. To
further analyze the sidelobe levels of the direction maps, Figs. 9(b)
and 10(b) show cut-away direction maps of the 3D direction maps
in the azimuthal and pitch directions. As depicted in the figures,
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Figure 7. Orientation maps for sparse arrays using various algorithms. (a) Azimuth pattern; (b) pitch pattern.
Table 4. Statistics of PSLL for various sparsity
PSLL/dB
Sparsity/% LSDO CENDO [31] DO PSO IWO
90 -33.29 -33.29 -33.29 -31.69 -32.72
80 -40.41 -40.40 -40.11 -39.33 -39.16
70 -47.94 -43.98 -43.35 -42.19 —45.67
60 -53.00 -47.27 -42.52 -48.02 —48.59
50 -56.09 -55.50 —-48.57 -50.25 —48.94
40 -56.93 -50.83 -43.72 -50.60 -50.85
30 -50.46 -52.50 -46.49 -46.51 -46.76
20 -54.24 -53.05 -46.48 -46.76 -46.51
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Figure 8. The element positions in the x-y plane. (a) Symmetric distribution of elements; (b) asymmetric distribution of elements.
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Figure 9. Symmetric sparse planar array orientation diagram. (a) 3D radiation pattern; (b) cut-away direction maps.
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the sum of PSLL for the symmetric array element distribution is
-51.79 dB, with PSLL of —24.44 dB at ¢ = 0° and -27.35 dB at
¢ = 90°. Conversely, the sum of PSLLs for the asymmetric array
element distribution is —52.86 dB, with PSLL values of —23.07 dB
at ¢ = 0° and —29.35 dB at ¢ = 90°. The experimental results indi-
cate that the optimization effects of the symmetric and asymmetric
array element distributions are nearly equivalent, which confirms
the effectiveness of the LSDO algorithm in suppressing the sidelobe
levels of the symmetric array.

Simulation results show that the proposed LSDO algorithm
achieves superior PSLL in sparse array antenna design compared
to DO, PSO, and IWO. This improvement is mainly attributed
to the logistic chaotic mapping strategy, which helps to gener-
ate more uniform and higher-quality initial positions of the array
elements, thereby improving the overall antenna configuration.
Furthermore, the implementation of the spiral flight strategy effec-
tively balances the local development and global search capability,
further optimizing the PSLL of the array antenna.
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Conclusion

This paper addresses the challenges of premature convergence and
local optima encountered by intelligent optimization algorithms in
the context of optimizing sidelobe levels for sparse array antennas.
A novel dandelion optimizer algorithm is introduced, which incor-
porates logistic chaotic mapping and a spiral flight strategy. We
aim to improve the original Dandelion optimizer by implement-
ing these strategies to improve the algorithm’s overall performance.
The logistic chaotic mapping strategy generates a more homoge-
neous and higher-quality initial solution set, while the spiral flight
approach enhances the flexibility of local variability. The integra-
tion of these strategies significantly enhances the algorithm’s ability
to explore globally, escape local optima, and accelerate convergence
rates. Simulation results demonstrate that the proposed LSDO
algorithm markedly reduces the PSLL of the sparse planar array
antenna in comparison to traditional algorithms, exhibiting supe-
rior optimal performance and robustness as evidenced by various


https://doi.org/10.1017/S1759078725102390

International Journal of Microwave and Wireless Technologies

test functions. Furthermore, the algorithm demonstrates excep-
tional applicability and optimization performance across different
sparsity rates and constraints in application tests.

In this paper, we propose an antenna optimization method
based on the improved dandelion optimizer algorithm, which
achieves significant results in optimizing planar arrays. However,
the optimization model employed is limited to a single objective
function. Future research will focus on developing a constrained
optimization framework that accommodates multiple objective
functions, as well as exploring the optimization of sparse cylindri-
cal arrays.
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