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ABSTRACT: To improve beam collection efficiency (BCE) while suppressing sidelobes and limiting implementation complexity in mi-
crowave wireless power transmission (MWPT) transmitting arrays with a small number of subarrays, this paper proposes an axially
symmetric sparse planar array (SDASPA) model and a one-step subarray-division algorithm named RT-DWCFPSO-SD. The proposed
model exploits axial symmetry to reduce search dimension and facilitate a simplified feeding structure. The proposed algorithm jointly
optimizes element positions, element excitations, and subarray boundary parameters by combining a constriction factor, dynamic inertia
weight, and ring topology. Numerical simulations on an 8 X 8 array with an aperture of 4.5\ x 4.5\ show that, when the array is divided
into three subarrays, the proposed method achieves a BCE of 93.42% and a CSL of —13.19 dB. These results indicate that the proposed
method is a promising design tool for MWPT transmitting arrays under limited subarray-division conditions.

1. INTRODUCTION

s a highly promising method of energy transmission, mi-
Acrowave wireless power transmission (MWPT) technology
has demonstrated immense application potential in fields such
as wireless sensor networks, drone power supply [1], medical
implants [2], and space solar power stations (SSPS) since its
proposal [3]. In MWPT systems, beam collection efficiency
(BCE) is a key indicator for evaluating the transmitting array
pattern and energy utilization efficiency within the overall sys-
tem efficacy [4]. It is defined as the ratio of the power cap-
tured by the receiving aperture to the total power radiated by
the transmitting antenna. Furthermore, the sidelobe level out-
side the receiving area (CSL) is another critical performance pa-
rameter. It affects the system’s energy leakage and interference
with surrounding equipment; a lower CSL implies less energy
leakage and reduced electromagnetic interference to the envi-
ronment, making it an important performance metric to control
during design [5].

To obtain high beam collection efficiency (BCE), conven-
tional transmitting-array synthesis methods often assign inde-
pendent amplitudes and phases to all elements. However, this
leads to a complicated feeding network and high implementa-
tion cost. Subarray division is therefore an effective compro-
mise: elements with similar excitations are grouped into the
same subarray, thereby reducing the number of required control
channels and lowering hardware complexity [6]. Nevertheless,
when the number of subarrays is small, many existing methods
suffer from a noticeable degradation in BCE, which makes it
difficult to satisfy MWPT requirements.

To address this issue, this paper proposes a sparsely dis-
tributed axial-symmetrical planar array (SDASPA) model and
a ring-topology dynamic weight constriction factor particle
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swarm optimization for subarray division (RT-DWCFPSO-SD)
algorithm for one-step optimization of the array layout, element
excitation, and subarray division structure. Numerical simula-
tion is used to verify the effectiveness of the proposed design
framework.

Targeting the above issues, this paper proposes a novel
SDASPA model and designs a one-step subarray division al-
gorithm, named RT-DWCFPSO-SD. Unlike traditional multi-
step optimization, this algorithm simultaneously optimizes ele-
ment positions, excitations, and subarray structures as a unified
whole. By leveraging a ring topology and introducing a con-
striction factor and nonlinear dynamic weights, the algorithm
enhances both global and local search capabilities, enabling
effective discovery of the optimal subarray division scheme
within a complex solution space [7-9].

To verify the effectiveness of the proposed method, simula-
tion experiments were conducted on a transmitting array with
an aperture of 4.5\ x 4.5\ and an element configuration of
8 x 8. The results indicate that, utilizing the proposed algo-
rithm with dividing only 3 subarrays, the system’s BCE can
reach 93.42%, while the CSL is maintained at a low level of
—13.19dB. These results demonstrate that the model and al-
gorithm proposed in this paper can maintain superior energy
transmission performance while significantly reducing system
cost and hardware complexity, possessing important engineer-
ing application value.

2. MATHEMATICAL MODELS OF SDASPA AND SUB-
ARRAY DIVISION

2.1. Mathematical Models of the SDASPA and BCE

Figure 1 presents the schematic of the SDASPA model pro-
posed in this paper. The figure displays the arrangement of
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FIGURE 1. The model of the SDASPA.

array elements in the first quadrant only. The remaining three
quadrants can be constructed by mapping the positions of the
elements in the first quadrant using axial symmetry. In this
model, it is assumed that the transmitting array is located on
the XOY plane with an aperture size of L, x L,. The array
contains NV elements, where the position coordinate of the n-th
element is denoted as (x,,, ¥, ), and its corresponding excitation
amplitude is I,,. The receiving array is located in the far-field
region of the transmitting array. According to antenna theory,
the array factor of the transmitting array can be expressed as:

N
F(u,v) =Y Ie/tuentoun) (1)
n=1
where kK = 27 /) represents the wavenumber, and \ is the

wavelength. u =
gular coordinates.

BCE is defined as the ratio of the power intercepted by the
receiving area U to the total power radiated over the entire vis-
ible region 2. The receiving area ¥ is defined as {(u,v) :
lu] < wg,|v] < vp}, and the visible region (2 is defined as
{(u,v) : u? + v? < 1}. Therefore, the expression for BCE is:

sinf cos ¢ and v = sin#sin g are the an-

sep— P _ Ju |F(6, )| dudv
Pa fQ ‘F(97S0)|2 du dv

2

To facilitate computer optimization and solution, the in-
tegral form in the formula is transformed into a matrix op-
eration form. Let the element excitation vector be I =
[I1, I, ..., Iy]T and the element direction vectorbe V (u, v) =
[efkuertoys) o eik(uen+vyn)]T - The array factor can be
rewritten as F'(u,v) = ITV (u,v). Thus, according to [10],
BCE can be expressed as the ratio of two quadratic forms:

Jo 17V (u, 0)IH (u, v) du dv THAT
Jo TV (u, 0) I (u, v) du dv O JHQT

BCE = 3)
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where A and C are, respectively:

A:/V(U,U)IH(u,v)dudv,
v

“4)
C:/V(u,v)IH(u,v)dudv
Q

Additionally, CSL is an important indicator for measuring
energy leakage, defined as the ratio of the maximum radiation
intensity outside the receiving area to the maximum radiation
intensity in the entire airspace, usually expressed in decibels
(dB):

max |F(6,)|?
(e,wew‘ 6, )l

F(0,0)2
(G{I;e)lggl (0, 9)]

CSL(dB) = 101g (5)

2.2. Subarray Division Model and Excitation Calculation

To reduce system complexity, this paper adopts subarray divi-
sion technology. Assuming N array elements are divided into
M subarrays (M < N), we define an N x M dimensional
subarray division matrix:

Ry Rio Rim
R21 R22 RQJM
SR=| . : . (6)
Ryn1 Rpe Ryum
The elements in the matrix are binary values (0 or 1):
R, — 1, The nth element € the mth subarray 7
0, else

1,2,...,N; m=1,2,..., M.

n =

To ensure that each array element belongs to only one subar-
ray and that there is no overlap, the following constraint must
be satisfied:

M
> Ruym=1, Vne{l,2,...,N}

m=1

®)

The specific method for subarray division is shown in Fig-
ure 2. In the proposed rule, the first-quadrant coordinates are
compared with a set of lines having slope —1, and each thresh-
old value b,, defines one boundary between adjacent subar-
rays. Because only the first-quadrant variables are optimized,
the quantity =,, + y,, is equivalent to the sum of the absolute
values of the coordinates and can be used as a monotonic or-
dering variable for subarray assignment. Elements with smaller
T, + yn values are assigned to the inner regions, whereas ele-
ments with larger values are assigned to the outer regions. In
this way, the aperture is partitioned into contiguous ring-like re-
gions under axial symmetry, and all elements within the same
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FIGURE 2. Subarray division model.

subarray share the same excitation amplitude, which can be il-
lustrated as:

if |2n| + [yn| < b1, Ry =1
else if |, | + |yn| < b2, Rypo=1
: ©)
else if |z, | + |yn| < bm—1, Rom—1=1
else, R,y =1
n=12,....,.N

After dividing into M subarrays, all elements within the
same subarray will share the same excitation amplitude. Define
the subarray excitation vector as Wy, = [wy,wa, ..., war]T.
To maximize performance, the excitation value of each sub-
array is typically taken as the arithmetic mean of all original
ideal excitations (optimal excitations before dividing) within
that subarray. The calculation formula for the excitation w,,

of the m-th subarray is:

N
Ry - I

Wy = " (10)

Finally, the divided full-array excitation vector I, can be
obtained through the mapping of the division matrix:

Iﬁnal =SR- Wsub (11)

2.3. Description of the Optimization Model Based on SDASPA

To reduce the complexity of the feeding network while main-
taining a high BCE, a one-step optimization framework is
adopted for the SDASPA design. In the present work, BCE
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is treated as the primary objective while CSL is used as a per-
formance indicator, and the number of subarrays M is fixed in
each case to assess the trade-off between radiation performance
and hardware complexity. The optimization variables there-
fore include the element coordinates and subarray boundary pa-
rameters. Owing to the axial symmetry of the array, only the
variables in the first quadrant are updated during optimization,
and the remaining elements are obtained by symmetry mapping.
The optimization model can be formulated as:

find [X7Y7B} = [mlvx%nwa?yhwa--a
yN,b1,b2,...,bM_1]
maximize BCEmax [ X, Y, B]
subject to
@  (zn/a,Ynya) = (La/2, Ly /2);
(b) dmin/2 < @ < Lo/2, n={1,2,... . F —1};
(C) dmin/2§yn§Ly/2vn:{1a2:~~~7%*1}5
A (zi—z;)2+ (Ii’yz —¥5)? 2> dmin,
(e) (ajn,y?\r) = (_xnfjl\]\’/47yan/4)7
O (Zn,yn) = (_a:n—N/27 _yn—N/Q)y
n= {%—l—l,...,% ;
(@ (x"’ygj)\,: (In—gzv/47 _yn—3N/4)7
n={3F+1,...,N};
(h)  dmin < bm < Lz — dmin, m={1,2,...,M — 1};
(1) bm — bm—1 > 2dmin7 m:{l,Q,,M—l}

For clarity, the constraints in Equation (12) can be di-
vided into four groups: aperture limits, minimum-spacing
constraints, axial-symmetry constraints, and boundary-order
constraints.

The objective of this model is to maximize BCE while satis-
fying physical constraints. Here, B denotes the set of subarray
boundary parameters. The constraints in Equation (12) are en-
forced by a boundary-repair strategy: when a particle violates
the feasible region, its coordinate or boundary value is projected
back to the nearest valid boundary. In this way, the search space
is restricted to physically realizable array configurations while
the global exploration capability of particle swarm optimization
(PSO) is preserved.

3. RT-DWCFPSO-SD ALGORITHM AND ITS APPLICA-
TION FOR THE SYNTHESIS OF SDASPA

The RT-DWCFPSO-SD algorithm proposed in this paper is an
improved PSO framework tailored to the SDASPA synthesis
problem. A constriction factor, a dynamic inertia weight, and
a ring topology are introduced to improve convergence stabil-
ity and reduce the risk of premature convergence. In this im-
plementation, the particle position encodes the element coordi-
nates and subarray boundary parameters, and the fitness func-
tion is defined by the BCE value obtained after subarray divi-
sion.

In the initial stage of iteration, a larger inertia weight facil-
itates the particles to search within the global range, avoiding
premature convergence; in the later stage of iteration, a smaller
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weight facilitates fine searching within the local range. The dy-
namic weight formula adopted in this paper is as follows:

2
t
W = Wmin + (wmax - Wmin) X (1 - T) (13)

As the number of iterations increases, the inertia weight shows
a nonlinear decreasing trend, which gives the algorithm a
stronger late-stage search capability.

At the same time, the ring topology optimization method
adopted in this paper is a common particle neighborhood struc-
ture in PSO. It arranges N particles in a circle, where each par-
ticle communicates only with its two adjacent neighbors (left
and right), and optimization is guided by the neighborhood best
particle [9], as shown in Figure 3. In contrast, the traditional op-
timization method is guided by the global best particle. Com-
pared with the traditional method, although the ring topology
method has a slower optimization speed, it maintains local in-
formation exchange, better preserves the diversity of the opti-
mization algorithm, and reduces the risk of falling into local
optima and converging prematurely in the early stages of the
algorithm.

FIGURE 3. The model of ring topology.

The specific execution steps of the algorithm are as follows:

Step 1: Initialize parameters, including minimum element
space dmin, array aperture L, X L,, number of elements
N = 4 x N, x Ny, number of subarrays M, popula-
tion size N P, maximum number of iterations 7', cogni-
tive and social acceleration coefficients ¢y, c2, upper and
lower limits of inertia weight wmax, Wmin, €tc. Randomly
initialize the position (2, y,) and velocity v,, of the ar-
ray elements represented by each particle, as well as the
subarray division parameter b,,, and its velocity vy,

Step 2: Divide the subarrays according to the method in
Equation (9) to obtain the subarray division matrix. Cal-
culate the element excitation vector I,y for each particle
according to Equation (3). Sequentially, calculate the final
element excitation amplitude of each particle after subar-
ray division according to Equations (10) and (11). Calcu-
late the BCE value for each particle after subarray divi-
sion according to Equation (2), and record the best BCE
value as personal best solution (pbest). Then, select the
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best BCE out of the three neighboring particles as neigh-
borhood best solution (lbest).

Step 3: Update the velocity and position of the array ele-
ment represented by each particle according to the follow-
ing formula. To balance global exploration and local ex-
ploitation capabilities, a constriction factor x and dynamic
inertia weight w are introduced:

Vpeon = X X WXy, +c1 Xrand x (pbesty,, — ;)
+ca x rand x (lbesty, — )] (14)
Ti41 = T¢+ Vgyyy

where t is the current iteration number; rand are random
numbers between [0, 1]; the constriction factor x is:

p=ci+co

_ 2
o vE 1)

Step 4: Update the subarray division parameters repre-
sented by each particle according to the following formula,
and the principle is the same as Step 3:

(15)

Ubyy = X X [w Xy, +c1 xrand x (pbesty, — by)
+co X rand x (lbesty, — by)] (16)
bt+1 = b+ Vb ya

Step 5: Check whether the updated element coordinates
or boundary parameters violate the aperture range,
minimum-spacing constraint, or the ordering of the
subarray boundaries. If a violation occurs, repair the
infeasible particle by projecting it back to the feasible
domain.

Step 6: Determine whether the maximum number of iter-
ations 7" has been reached. If yes, terminate the search and
select the best pbest as gbest; otherwise, return to Step 2
and continue iterating.

Step 7: Output the optimal subarray division matrix SR,
the optimal subarray excitation vector Wy, the best so-
lution gbest, and the corresponding array layout. Then
compute the CSL for the final design.

The pseudo-code flow of the algorithm is shown in Figure 4.

4. SIMULATION RESULTS AND ANALYSIS

To verify the effectiveness of the SDASPA and RT-DWCFPSO-
SD proposed in this paper, this section presents a detailed analy-
sis via numerical simulation. First, we use the RT-DWCFPSO-
SD algorithm to optimize the SDASPA model to verify the va-
lidity of the proposed method. Next, to demonstrate the su-
periority of the proposed model, we use RI-DWCFPSO-SD to
optimize the nonuniform distributed planar array (NDPA) and
the nonuniform distributed sparse planar array (NDSPA), re-
spectively, under invariant parameters, and compare the opti-
mization results of these three models with array models from
the literature. Finally, to illustrate the superiority of the RT-
DWCFPSO-SD algorithm compared to other algorithms, its op-
timization results are compared with those of four other PSO
algorithms under the same parameter conditions.
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The pseudo-code of the RT-DWCFPSO-SD algorithm

Initialize parameters.
Fort=1:T
For NP_count=1: NP

End
End
Select the best pbest as gbest.

Generate subarray division matrix SR according to (9).
Calculate I, according to (3).
Calculate W,,, and I, according to (10) and (11).
Calculate BCE according to (2) and update pbest and lbest.
Update the position of array elements according to (14).
Update the subarray division parameters according to (16).

Constraint the particles out of boundary to the boundary.

Output crucial data after optimization and calculate CSL.

FIGURE 4. Pseudo-code flow of the RT-DWCFPSO-SD algorithm.

The parameter conditions related to RT-DWCFPSO-SD in-
clude: wavelength A\ = 1, array aperture L, X L, = 4.5\ x
4.5, number of elements N = 8 x 8§, receiving area range
ug = vg = 0.2, number of particles NP = 50, and maximum
number of iterations 7" = 200. All simulation experiments in
this paper were completed on the same computing platform:
the hardware platform is AMD Ryzen 7-7735H, with a main
frequency of 3.2 GHz and a memory size of 16 GB, and the sim-
ulation software is MATLAB R2024b.

4.1. Optimization Results of RT-DWCFPS0-SD Algorithm on
SDASPA Model

This section utilizes the proposed RT-DWCFPSO-SD algo-
rithm to optimize the SDASPA model. This model adopts a
sparse distribution strategy with a minimum element space of
dmin = 0.6. We tested scenarios where the array is divided into
2, 3, and 4 subarrays. The optimization results are shown in
Table 1.

TABLE 1. Optimizing results of SDASPA using RT-DWCFPSO-SD
algorithm.

M W BCE (%) | CSL (dB)
2 0.8715, 0.3258 90.73 —14.08
3 0.8617, 0.3912, 0.1595 93.42 ~13.19
4 | 1.0000,0.8417, 0.3843, 0.1618 | 93.82 —12.63

As shown in Table 1, increasing the number of subarrays pro-
vides more design freedom and improves BCE. In the tested
cases, the 4-subarray configuration achieves the highest BCE,
whereas the 3-subarray configuration provides a slightly lower
BCE but a better balance between BCE, CSL, and implementa-
tion complexity. Considering that the 3-subarray case requires
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only three power amplifiers and still maintains a low sidelobe
level, it is selected as the preferred compromise for the present
design scenario. The simulation figures further show that the
majority of the radiated power is concentrated within the re-
ceiving area, confirming the beam-collection capability of the
proposed method.

To visually display the optimization effect, Figures 5, 6, and
7 show the element position excitation plots and normalized
power patterns, when the number of subarrays is 2, 3, and 4,
respectively. In the element position excitation plots, different
colors represent different subarrays, and the size or color depth
of the points represents the excitation amplitude. The normal-
ized power patterns show that most of the energy is concen-
trated in the central receiving area, and the sidelobe levels are
effectively suppressed, verifying the excellent beam-collection
performance of the proposed method.

4.2. Comprehensive Comparison with Existing Array Models

To further illustrate the superiority of the SDASPA model pro-
posed in this paper, we used the same RT-DWCFPSO-SD al-
gorithm to optimize the NDPA model and NDSPA model. The
optimization results are shown in Figures 8§ and 9, when the
number of subarrays is 3.

Furthermore, we comprehensively compared the optimiza-
tion results of above three models with the models in [10—
12]. The comparison indicators include the number of ele-
ments [NV, number of subarrays M, BCE, CSL, amplifier spar-
sity 7, = M /N, and element sparsity 7. = N /Ng (where
Npgy represents the number of elements in a full array). The
comparison results are shown in Table 2.

Table 2 provides a preliminary comparison between the
proposed SDASPA model and the reference models reported
in [10—12]. Because the compared cases do not share the same
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FIGURE 6. Simulation results of SDASPA model when M = 3.
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FIGURE 7. Simulation results of SDASPA model when M = 4.

aperture, element count, and modeling assumptions, the numer-
ical comparison should be interpreted with caution. Under the
conditions reported here, the proposed SDASPA case achieves
a favorable trade-off between BCE and CSL while retaining a
low subarray count. This comparison indicates that the axial-
symmetry strategy and sparse-structure design are effective for
MWPT transmitting arrays, but a fully controlled benchmark
study under matched conditions is still desirable.
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4.3. Comparison with Other PSO Algorithms

To verify the superiority of the proposed algorithm in opti-
mization capability, we compared RT-DWCFPSO-SD algo-
rithm with standard PSO (SPSO) [13], constriction factor PSO
(CFPSO) [7], and nonlinear dynamic weight PSO (NDWPSO)
[14] under the same conditions. The simulation was performed
on the SDASPA model (M = 3, dmin = 0.6). The comparison
results are shown in Table 3.
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TABLE 2. Comparison results of various array models.
SDASPA | NDPA | NDSPA | Ref. [10] | Ref.[11] | Ref. [12]
N 64 64 64 100 100 64
M 3 3 3 1 1 3
BCE (%) 93.42 89.80 90.68 86.48 91.06 91.37
CSL(dB) | —13.19 | —11.77 | —13.31 —7.78 —16.01 —17.64
Ya (%) 4.6875 4.6875 | 4.6875 1 1 4.6875
Ye (%) 64 64 64 100 100 64
TABLE 3. Comparison of simulation results of various PSO algorithms.
BCE(%)
Algorithm Maximum Value | Minimum Value | Average Value | Standard Deviation
SPSO 92.67 91.78 92.10 1.92 x 107
CFPSO 92.92 92.32 92.64 1.36 x 1073
NDWPSO 93.13 92.66 92.87 1.22 x 1073
RT-DWCFPSO-SD 93.64 93.18 93.42 1.05 x 1073
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Table 3 compares the proposed RT-DWCFPSO-SD algo-
rithm with SPSO, CFPSO, and NDWPSO under the same sim-
ulation settings. The results show that the proposed algorithm
converges more slowly than some of the baseline methods in the
early iterations, but it maintains better population diversity and
is less prone to premature convergence. As a result, it reaches
a more competitive final solution in the tested cases. These
observations indicate that the combined use of ring topology,
constriction factor, and dynamic inertia weight is beneficial for
the present sparse subarray-division problem.

5. CONCLUSION

In this paper, an SDASPA model and an RT-DWCFPSO-SD
algorithm are proposed for MWPT transmitting-array synthesis
under limited subarray divisions. The proposed framework per-
forms one-step joint optimization of the element coordinates,
element excitations, and subarray boundary parameters, with
BCE as the primary objective. Numerical simulations show
that, for the tested 8 x 8 array with a 4.5\ x 4.5\ aperture,
dividing the array into three subarrays can achieve a BCE of
93.42% while maintaining a CSL of —13.19 dB. These results
suggest that the proposed method is a useful theoretical de-
sign tool for sparse MWPT arrays. Future work will focus on
repeated-run statistical validation, matched-condition bench-
marking, and hardware-level experimental verification.
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