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Abstract – This paper introduces an innovative rect-
angular structured Linear Oscillating Machine (LOM)
featuring an innovative arrangement of permanent mag-
nets (PMs) which are positioned on the mover. A
sinusoidal magnet arrangement (SMA) is chosen to
minimize PM materials while ensuring the performance
parameter, in terms of electromagnetic force, remains
unaffected. The focus of the design is to reduce the
cogging force and enhance the electromagnetic force to
the PM mass ratio. The optimization is accomplished by
utilizing design-of-experiment (DOE) Taguchi method
optimization for a linear actuator, along with the finite
element method (FEM). A multi-objective optimization
approach is employed to refine the parameters of the lin-
ear actuator, focusing on the maximum force, the force-
to-PM-weight ratio, and minimizing cogging force. By
identifying the most effective parameters, an appropriate
case with high sensitivity and accuracy is selected.
The output parameters, like electromagnetic force and
stroke of the proposed optimization approach, score very
well, while the design is simply structured due to the
utilization of a rectangular structured core part. The
proposed design significantly reduces the cogging force
to an exceptionally low level, enhancing performance
and reliability.

Index Terms – Cogging force reduction, sinusoidal
magnet arrangement, Taguchi method of optimization.

I. INTRODUCTION
The Linear Oscillating Machine (LOM) offers an

innovative solution for enabling pistons to move back
and forth along a single axis without the complexity

of screws, gears, or crankshafts. By producing linear
oscillatory motion directly within the piston, LOM
streamlines the mechanism and eliminates the need for
converting rotary motion into linear oscillation. This
makes LOM a highly effective alternative for applica-
tions that traditionally utilize rotary motors, enhancing
efficiency and reducing mechanical complexity [1–6].
The advantages of LOA include a higher oscillation
frequency, reduced power consumption, and lower fab-
rication costs. LOM performs optimally when operated
at its resonance frequency, where the excitation fre-
quency aligns perfectly with the mechanical resonance
frequency. Under resonance conditions, the armature
requires minimal electrical current, which reduces input
power while maintaining the same output power, thereby
enhancing the system’s efficiency [7–9].

Cogging force plays an essential role in the design
of conventional PM linear motors. As a result, many
innovative methods have been introduced to enhance the
accuracy and speed of detent force calculations. These
advancements contribute significantly to the optimiza-
tion of motor performance [10]. The first optimized lin-
ear actuator [11] was developed by utilizing design-of-
experiment (DOE) and response surface method (RSM)
techniques. This approach helps verify the effectiveness
of the initial design and enhances its performance char-
acteristics, including output power and compactness.
Following this [12], space mapping, manifold mapping,
and optimization were implemented for linear actuators.
While a Maxwell stress tensor analysis has been applied
to the linear actuator, it tends to increase calculation
time due to the complexity and nonlinearity of the
equations involved [13]. The Taguchi method has been
established as the most effective optimization technique
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Fig. 1. Topology of the linear actuator: (a) conventional design of the actuator [2], (b) proposed SMA design of the
actuator, and (c) optimization parameters of the proposed SMA design of the actuator.

for assessing influential parameters. Research has shown
that multi-objective optimization can efficiently identify
the key factors affecting electric machines in a short
amount of time [14–16]. The inductance-based analyt-
ical model in [17] highlights the importance of accurate
field prediction in PM linear machines.

Recent research has shown that the Taguchi DOE
method is an efficient and reliable tool for optimiz-
ing electromagnetic devices with multiple interacting
parameters [18]. Reference [19] employed a compre-
hensive Taguchi-based framework to optimize a coax-
ial magnetic coupling, demonstrating its ability to
reduce computational effort while accurately identify-
ing dominant design variables. Likewise, [19] applied
the Taguchi method to optimize an outer-rotor double-
PM flux-switching generator, validating the optimized
design experimentally and confirming the method’s
effectiveness in multi-objective performance improve-
ment. Together, these works highlight the suitability of
the Taguchi approach for systematic and statistically
grounded optimization of complex electrical machine
structures.

The main purpose of this paper is to design an
optimized linear actuator. The focus is on reducing costs
and enhancing the electromagnetic performance of the
linear actuator, making it suitable for implementation in
conventional actuator structures. The key contributions
of this paper include a novel topology that introduces
a sinusoidal magnet arrangement (SMA) in the mover
for the first time. A new technique of optimization is
adopted to optimize the performance. This technique
aims to achieve multi-objective optimization, addressing
factors such as maximum force, improving the force-to-
permanent magnet weight ratio, and minimizing cogging
force, all using the Taguchi method. The highlights of
this paper are:

(1) The proposal features a linear actuator with an SMA,
focusing on low cost and minimum PM material
utilization.

(2) DOE optimization utilizing the Taguchi method
identifies influential parameters efficiently.

(3) The optimization process adopts a multi-objective
approach for a comprehensive outcome.

II. DESIGN AND OPERATING PRINCIPLE
Figure 1 (a) presents a benchmark mark design of

the proposed SMA design of the actuator, included to
illustrate its significance. The proposed SMA design of
the actuator shown in Fig. 1 (b) delivers an identical
electromagnetic force while utilizing 50% of the PM
materials.

The investigated SMA design includes a C-shaped
stator core with a rectangular structure. Coils are wound
around both legs of the C-shaped stator core as shown in
Figs. 1 (b) and (c). The currents in the coils are arranged
to flow in opposite directions, causing the magnetic flux
to combine and enter the rotor core. This setup is also
adopted for the coils of another stator. The mover is
composed of core materials and PMs, which are placed
in a sinusoidal pattern. The design parameters are clearly
outlined in Table 1.

Table 1: Parameters of the linear actuator
Parameter Initial Optimized

Value Value
Height of the actuator [mm] 100 102
Depth of the actuator [mm] 120
Rotor yoke height [mm] 16
PM length [mm] 4 3.8
PM width (WPM) [mm] 15 14
Stator yoke height (Hys) [mm] 7 8
Height of the pole shoe [mm] 4
Length of the pole shoe [mm] 4
Air gap (lg) [mm] 1 1.2
Coil width [mm] 20
Coil height [mm] 30
Stator leg [mm] 10
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The proposed SMA design operates using single-
phase alternating current (AC). During one half-cycle of
the AC, the mover adjusts its position to one extreme,
providing the least reluctant path for the magnetic flux.
During the remaining half cycle of the AC, the mover
shifts to the opposite extreme. By maintaining a con-
tinuous supply of AC, the mover experiences a linear
oscillatory electromagnetic force.

III. MULTI-OBJECTIVE
DOE/OPTIMIZATION METHOD

The Taguchi method, a DOE technique, is here
applied for the first time to identify effective parameters
in linear actuator characteristics. Known for its effec-
tiveness in optimizing electrical machines, the method
uses fractional factorial experiments arranged in an
“Orthogonal Array.” This structure ensures an even
distribution of parameter levels across columns and
symmetrical combinations for each pair of columns.
While the Taguchi method yields optimization results,
they may not always be optimal. Increasing the levels
of each variable can improve accuracy, but it can also
be inefficient and time-consuming. The main goal of
this approach is to pinpoint the effective parameters.
To comprehensively evaluate the optimization effect of
the linear actuator, the overall process is divided into
three levels. The structural parameters of both the stator
and rotor (shown in Fig. 2) are optimized independently
using an improved iterative Taguchi method combined
with sensitivity analysis, as illustrated in Fig. 2.

As clearly illustrated in Fig. 2, the optimization pro-
cedure is generally carried out in three main stages. The
proposed optimization framework integrates the Taguchi
method with sensitivity analysis. The primary objective
is to systematically identify the influential parameters
and evaluate their effects step by step, ensuring a pur-
poseful and targeted optimization process.

In the first stage, the goal is to optimize the geo-
metric dimensions based on three main performance
criteria: maximum force, maximum force-to-magnet-
weight ratio, and cogging force. Five geometric param-
eters were examined in this phase, and only the Taguchi
method was employed.

The second stage aims to determine the optimal
rotor position for start-up. In this phase, the Taguchi
method was again applied to optimize two objectives
(maximum force and cogging force) at two different
magnet positions. By the end of this stage, both the
geometry and the rotor position were optimized using
the minimum required amount of magnet material.

In the final stage, the position of the second stator
was relevant only to the two objectives from the second
stage. Sensitivity analysis was therefore used to evaluate
and optimize this parameter. The detailed step-by-step

Fig. 2. Flowchart of multi-objective stratification of
DOE optimization.

implementation of the proposed methodology is com-
prehensively described in the following section.

A. Layer I: Optimization of geometric parameters
To improve the working stability of the linear actu-

ator, the maximum force, the force-to-permanent PM
weight ratio, and minimizing cogging force are selected
as the primary optimization objectives.

Figure 1 (c) shows the parameter model of the
linear actuator model, and Table 2 shows the variation
range of the design parameters according to the design
experience and geometrical limits. The specific values
for rotor yoke height (Hyr), stator yoke height (Hys),
stator leg (W leg), length of the air-gap (lag), and PM
width (W PM) are provided in Table 2. Three levels are
considered for each variable, by selecting eight variables
at three levels, the Orthogonal Array L27 is established,
requiring the performance of 27 experiments. In this
paper only five experiments are shown due to space con-
straint. The corresponding results are analyzed through
the finite element method (FEM). The mean effect of
various variables on the optimization responses has been
assessed. Specifically, the average impact of the selected
variables on the optimization responses including max-
imum force (Fmax), force-to-PM-weight ratio (TD), and
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Table 2: Combinations of variables using the Taguchi method of optimization

Exp. Hyr (mm) Hys (mm) Wleg (mm) lag (mm) WPM (mm) Fm (N) TD (N/Kg) Fcog (N) OF
1 14 7 10 0.8 14 0.94 0.75 0.81 0.83
2 14 7 10 0.8 15 0.88 0.66 0.78 0.788
3 14 7 10 0.8 16 0.87 0.61 0.81 0.785
4 14 8 11 1 14 0.917 0.66 0.66 0.72
5 14 8 11 1 15 0.983 0.765 0.561 0.707
6 14 8 11 1 16 0.956 0.692 0.598 0.706
7 14 9 12 1.2 14 0.844 0.739 0.779 0.787
8 14 9 12 1.2 15 0.883 0.713 0.776 0.79
9 14 9 12 1.2 16 0.870 0.652 0.778 0.775

10 15 7 11 1.2 14 0.812 0.775 0.782 0.789
11 15 7 11 1.2 15 0.797 0.728 0.758 0.762
12 15 7 11 1.2 16 0.806 0.677 0.771 0.761
13 15 8 12 0.8 14 0.999 0.875 0.575 0.741
14 15 8 12 0.8 15 0.999 0.807 0.437 0.652
15 15 8 12 0.8 16 0.999 0.777 0.503 0.682
16 15 9 10 1 14 0.905 0.826 0.914 0.894
17 15 9 10 1 15 0.879 0.769 0.895 0.866
18 15 9 10 1 16 0.841 0.679 0.880 0.83
19 16 7 12 1 14 0.675 0.709 0.971 0.845
20 16 7 12 1 15 0.679 0.648 0.946 0.82
21 16 7 12 1 16 0.692 0.632 0.951 0.823
22 16 8 10 1.2 14 0.794 0.878 0.998 0.923
23 16 8 10 1.2 15 0.780 0.780 1 0.901
24 16 8 10 1.2 16 0.767 0.732 0.998 0.887

cogging force (Fcog) has been analyzed and illustrated
in Fig. 3. Using the S/N ratio, the impact of each
experiment’s parameters has been measured. Based on
the optimization goal, S/N ratios are calculated as:

S
N

=−log

 n

∑
i=1

1
Y 2

i

n

 , (1)

where n is the number of repeats in each scenario and
Yi is the output of the scenario in ith repetition. In
this study, larger is better is specified as SN quality
for four object optimizations to analyze the impact
of maximum force, the force-to-PM-weight ratio, and
minimizing cogging force. Simultaneously, it is aimed to
select the one optimal level from three available options.
The results of each experiment have been normalized
according to:

Outputnor1
=

|output−best output|
best output

, (2)

Outputnor2
= |outputnor1

−1|+(outputnor1
)max, (3)

MOF1 = 0.25Fm +0.2T D +0.55Fcog. (4)

MOF is defined as the multi-objective function,
computed from normalized and weighted values of

maximum electromagnetic force, cogging force, and
force-to-PM-weight ratio. In a linear actuator, predicting
the cogging force is essential. The cogging force is
assigned a weight of 0.55, as indicated in equation (4).
Next, the maximum force is prioritized with a weight
of 0.25. Finally, the force-to-PM-weight ratio is given a
weight of 0.2. All metrics are normalized for optimiza-
tion purposes.

In this regard, Table 2 includes all the experiments.
The parameter limits are as follows:

14 < Hyr < 16

7 < Hys < 8

10 < Wleg < 12

0.8 < lag < 1.2

14 <WPM < 16

.

Table 2 displays five chosen experiments to opti-
mize manuscript space, highlighting the normalized
results for the targeted parameters. Exp. 22, which
incorporates at least four parameters (Hyr, Wleg, lg, WPM)
produced the most favorable outcomes. Following this,
Exps. 23 and 24 showed improved results with at least
three parameters (Hyr, Wleg, lg). Therefore, among the 27
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experiments derived from Taguchi optimization, Exp. 22
has been selected as the Layer I optimization model.

Figure 3 (a) shows the force for two linear actu-
ators. The maximum force achieved is approximately
794.77 N for the optimized SMA model 1 and 793.52 N
for the initial SMA model. Typically, optimizations
aimed at reducing cogging result in a decrease in force
or torque in machines. However, through multi-objective
optimization and the identification of sensitive param-
eters, the optimal model was chosen to maintain force
levels without any reduction. Figure 3 (b) illustrates
the cogging force for the two models. The initial SMA
model has a cogging force of 395.82 N, while the opti-
mized SMA model 1 has a cogging force of 183.86 N.
This means that the optimized SMA model exhibits a
53.5% reduction in cogging force when the winding
current is zero.

Fig. 3. The force and cogging force of the conventional
and SMA actuators after optimization. Layer I: (a)
electromagnetic force and (b) cogging force.

B. Layer II: Location optimization of mover
Optimization is continued in Layer II due to the sub-

stantial cogging force achieved in the first layer. In this
phase, one of the optimization objectives, specifically,
the ratio of maximum force to PM weight, has been
removed because the geometric parameters in the first
layer have already been optimized. Instead, the focus is
on optimizing the positions of the upper and lower PMs
and the rotor teeth relative to one another. This is done
using the Taguchi method to identify their most effective
arrangements.

As a result, the optimization objectives in this
layer, the targeted parameters are maximum force and
minimum cogging force. To facilitate this, L9 orthog-
onal experiments have been conducted, employing two

displacement factors for the upper and lower PMs as
well as the rotor teeth. Table 3 illustrates the normalized
results of these objectives.

Table 3: Variable combination according to mover’s
position

Exp. Move (X) Move (-X) Fm Fcog OF
(mm) (mm) (N) (N)

1 1 −1 0.99 0.26 0.807
2 1 −2 0.988 0.4 0.841
3 1 −3 0.973 0.52 0.861
4 2 −1 0.99 0.39 0.84
5 2 −2 0.983 0.54 0.873
6 2 −3 0.953 0.657 0.879
7 3 −1 1 0.633 0.908
8 3 −2 0.981 0.808 0.938
9 3 −3 0.892 1 0.919

The maximum force is assigned to a weight of 0.75,
while the cogging force is assigned a weight of 0.25.
All metrics are normalized for optimization purposes.
Table 3 illustrates the normalized targets for each param-
eter. Exp. 8, which incorporates at least two parameters,
produced the most favorable outcomes. Following this,

Exp. 7 exhibited improved results in maximum
force, while Exp. 9 showed enhancements in cogging
torque. Therefore, among the nine experiments derived
from Taguchi optimization, Exp. 8 has been selected
as the optimization model for Layer II. The electro-
magnetic and cogging force responses of the proposed
SMA topology after Layer II optimization are shown in
Figs. 4 (a) and (b), respectively.

Fig. 4. The force and cogging force of the conventional
and SMA actuators after optimization. Layer II: (a) EM
force and (b) cogging force.
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C. Layer III: Location optimization of stator down
In Layer III, the position of the stator below the

actuator, which has two stators and one central mover,
significantly affects the optimization objectives. To
address this, a sensitivity analysis is conducted at three
different optimization levels, focusing on two objectives:
maximum force and cogging force. The normalized
results of this analysis are presented in Table 4. The
results in Table 4 indicate that optimization was achieved
in the third layer, positioning the two goals correctly.

Table 4: Variable combination according to the lower
stator position relative to the upper stator

Exp. Move (X) (mm) Fm (N) Fcog (N)
1 1 1 1.081
2 2 0.921 1
3 3 0.871 0.628

Fig. 5. The force and cogging force of the conventional
and SMA actuators after optimization. Layer III: (a) EM
force and (b) cogging force.

The results of the last Layer III optimization are
presented in Fig. 5. Exp. 1 has much better results
than the other two experiments. In the three sensitivity
analyses, Exp. 1 demonstrated the highest force and the
lowest cogging force, which is why it has been selected
as the final model.

D. Summary of the proposed DOE optimization
The normalized results for the targets are sum-

marized in this section. Exp. 22, which incorporates
at least four parameters (Hyr,Wleg, lg,WPM) yielded the
most favorable outcomes in Layer I. In Layer II, Exp. 8
demonstrated improved results with at least two param-
eters: Mover (x) and Mover (-x). Consequently, among

the 27 experiments in Layer I and the nine experiments
in Layer II derived from Taguchi optimization, Exp. 1
has been selected as the final optimization model in
Layer III.

IV. FEM SIMULATION AND RESULTS OF
THE OPTIMIZED SMA TOPOLOGY

A. FEM model setup and meshing strategy
The proposed model is developed using ANSYS

Maxwell, while the optimization process is performed
in Minitab. A two-dimensional FEM model of the target
actuator is first established in Maxwell to obtain the
initial geometric dimensions for preliminary design.
The linear motion of the rotor is defined using the
motion setup module. An adaptive finite-element mesh-
ing strategy is employed to ensure numerical accuracy
and convergence, with local mesh refinement applied
to critical regions such as the air gap which passes
the permanent magnets (PMs), rotor edges, and areas
with high magnetic field gradients. In particular, the
air-gap region is discretized with a significantly finer
mesh to accurately capture flux-density variations and
electromagnetic flux during linear motion.

Mesh quality is controlled by limiting element
aspect ratios and enforcing minimum element sizes in
sensitive regions. A mesh convergence study is con-
ducted to verify that further refinement does not signif-
icantly affect key electromagnetic quantities, including
flux density, force, and induced voltage.

The initial actuator dimensions and multi-objective
optimization goals are processed in Minitab using a
multi-stage Taguchi-based DOE approach. Sensitivity
analyses identify the most influential parameters at each
optimization stage, and these parameters are directly
applied to the Maxwell FEM model. Consequently, an
effective multi-stage and multi-objective optimization is
achieved, and the corresponding FEM simulation results
are presented in sections B and C.

B. Flux density distribution and field analysis
The flux density and flux lines of the proposed

SMA topology is illustrated in Figs. 6 (a) and (b). The
FEM results indicate that the optimized SMA linear
actuator does not experience significant magnetic sat-
uration. According to the basic operating principle of
a linear actuator, the mover moves to a position where
the magnetic flux forms a complete closed path with
minimal reluctance. From Fig. 6, the magnetic flux path
is completed at extreme mover positions.

C. Electromagnetic and cogging force results
Figures 7 (a) and (b) show the EM force and

cogging force of the conventional design of the actuator
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Fig. 6. Flux density distribution and flux lines for the
SMA linear actuator at alternate extreme mover posi-
tions (a) left extreme mover position, (b) right extreme
mover position.

and the proposed SMA actuators, respectively. In the
optimized SMA model, the maximum force decreased
by 2.53% compared to the initial model and by 5.39%
compared to the conventional model. Additionally, the
cogging force is reduced in the optimized SMA model,
with a decrease of 82.06% compared to the initial
model and 92.4% compared to the conventional model.
Additionally, the proposed SMA design utilizes around
50% PM materials compared to the conventional design
of the actuator.

V. CONCLUSION
The LOM’s rectangular structure and sinusoidal

arrangement have halved magnet costs compared to
traditional designs. Using the Taguchi DOE optimiza-
tion strategy, key parameters were targeted across three
layers. The optimized LOM shows over 92.4% reduction
in cogging force and 50% cost savings of the PMs
due to comprehensive multi-objective optimization. In
addition, the proposed design provides a concept of
designing a rectangular topology, an alternative design
concept to the conventional tubular topology. The main
significance that can be achieved is the fabrication of
a laminated core structure. Moreover, the cost of the

Fig. 7. Force and cogging force of the conventional,
SMA, and optimized SMA actuators models. (a) Elec-
tromagnetic force and (b) cogging force.

rectangular PM is lower than that of the tubular PM. Fur-
thermore, in the case of the rectangular PM, the desired
dimension can be conveniently achieved by attaching
numerous small PMs. The proposed SMA linear actu-
ator is a structurally simple, low-cost, and produces
feasible output parameters such as electromagnetic force
and stroke.

This study has been validated through comprehen-
sive FEM simulations; however, experimental verifica-
tion has not yet been performed. As part of our future
work, we plan to develop an analytical model based
on a magnetic equivalent circuit (MEC) formulation to
complement the FEM results. Furthermore, a prototype
of the proposed linear actuator will be fabricated, and
experimental measurements will be carried out to vali-
date the analytical and numerical results.
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Abstract – In this paper, a Taguchi-enhanced binary gold
rush optimizer (TEBGRO) is proposed for designing
thinned antenna arrays with a low peak sidelobe level
(PSLL). The method integrates the Taguchi orthogonal
experimental design into the population initialization
phase, generating high-quality initial populations to
improve convergence speed and stability. By combining
a differential mutation interference factor and a time-
varying transfer function, the algorithm further balances
global exploration and local exploitation capabilities.
Experimental results show that TEBGRO outperforms
other binary optimization algorithms for both 100-
element linear arrays and 20×10 planar arrays.

Index Terms – Antenna radiation pattern, gold rush
optimizer (GRO), thinned array, Taguchi method.

I. INTRODUCTION
Offering advantages such as high signal gain, strong

anti-interference capability, and flexible design, antenna
arrays are widely used in wireless communication,
phased array radar, aerospace, and other fields [1, 2].
Thinned arrays, as compared to traditional uniform
arrays, achieve smaller size and weight by selectively
removing (or deactivating) certain elements, thereby
reducing system costs, power consumption, and com-
plexity of the feeding network. However, the thinning
process often results in a decrease in antenna gain and

an increase in peak sidelobe levels (PSLL). Thus, the
optimization challenge lies in reducing the number of
array elements while simultaneously decreasing PSLL.

The thinning of large-scale antenna arrays is a
high-dimensional, discrete, non-linear, and non-convex
problem. Over the past few decades, numerous method-
ologies have been proposed to reduce the number of
array elements while preserving desired radiation char-
acteristics. To this end, researchers have developed a
diverse array of optimization techniques, broadly cate-
gorized into two primary classes: deterministic methods
and meta-heuristic methods.While deterministic meth-
ods like the Iterative Fourier Transform (IFT) are effi-
cient, they are prone to local optima. Meta-heuristic
algorithms offer global search capabilities but often
face challenges such as reliance on empirical parameter
tuning and premature convergence.

To address these limitations,this paper proposes a
Taguchi-enhanced binary gold rush optimizer (TEB-
GRO). Through three enhancement strategies, this
approach improves optimization performance for thin-
ning antenna arrays. First, the systematic reasoning
capability of the Taguchi method is integrated during
population initialization to generate highly representa-
tive and uniformly distributed initial solution sets. Sec-
ond, the time-varying transfer function enables both the
mapping of continuous values to discrete states in binary
optimization and the balancing of global search with
local optimization. Furthermore, a differential mutation
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interference factor is incorporated to strengthen the
capability of the algorithm to escape local optima. The
effectiveness of TEBGRO is validated through two case
studies involving 100-element linear arrays and 20×10
planar arrays, with comparative analysis against opti-
mization results from similar designs reported in other
literature.

The main contribution of this work lies in the
novel integration of the Taguchi method with the
gold rush optimizer (GRO), creating the TEBGRO
framework specifically for antenna array thinning.
This integration features three synergistic components:
Taguchi-enhanced initialization for high-quality binary
sequences, a time-varying transfer function for effec-
tive continuous-to-binary mapping, and a differential
mutation factor for maintaining diversity. Together, they
effectively address premature convergence in this high-
dimensional binary optimization problem, achieving
balance between exploration and exploitation.

II. RELATED WORK
The IFT method stands as a classic deterministic

technique. Leveraging the Fourier transform relation-
ship between the array factor and the excitation dis-
tribution, this method first optimizes the array factor
within the radiation pattern domain and subsequently
deactivates specific elements in the aperture domain by
nullifying their excitations. These two steps are executed
cyclically until a thinned array configuration satisfying
the requirements is obtained. While the IFT method
is computationally efficient, its performance is heavily
dependent on the initial solution. Furthermore, as it is
essentially a gradient descent-based approach, it is prone
to stagnation in local optima [3, 4].

In parallel, Genetic Algorithms (GA) [5, 6] and
Ant Colony Optimization (ACO) [7] were among the
earlier meta-heuristic algorithms applied to array thin-
ning. Subsequently, Differential Evolution (DE) [8] and
Biogeography-Based Optimization (BBO) [9] demon-
strated superior convergence speeds. More recently,
advanced algorithms such as the Fruit Fly Optimization
Algorithm (FOA) [10] and Cuckoo Search Algorithm
(CSA) [11] have been successfully utilized for the
optimization of linear and planar arrays. These studies
indicate that meta-heuristic algorithms can effectively
suppress the PSLL and reduce the element count.

To synergize the strengths of distinct approaches,
hybrid methods have emerged. For instance, frame-
works combining the rapid convergence of IFT with the
global search capability of meta-heuristics have been
proposed [12]. In such frameworks, the meta-heuristic
algorithm acts as a global explorer responsible for
broadly scanning potential regions, while the IFT serves
as a local optimizer for rapid fine-tuning; generally, the

performance of these hybrid approaches surpasses that
of stand-alone algorithms.

Despite the progress achieved by these methods,
critical challenges persist, such as the reliance on empir-
ical experience for parameter tuning and limited solution
diversity caused by premature convergence.

Meta-heuristic algorithms, by simulating natural
physical laws and biological social behaviors, perform
global stochastic searches independent of gradient infor-
mation. Consequently, they exhibit immense potential
in solving complex non-linear and non-convex opti-
mization problems. They have been successfully applied
across numerous domains, including engineering opti-
mization, scheduling problems, feature selection, and
hyperparameter tuning for neural networks [13].

In this context, the GRO [14] has been introduced as
a novel meta-heuristic algorithm mimicking the behav-
ior of miners during the 19th-century gold rush. GRO
balances exploration and exploitation by simulating the
migration of miners towards affluent areas (“coopera-
tive” behavior) and the stochastic exploration for new
veins (“selfish” behavior). Characterized by a simple
structure and few parameters, GRO has demonstrated
outstanding performance on multiple benchmark opti-
mization problems. Although GRO has found applica-
tions in other engineering optimization domains [15], it
remains relatively new compared to mature algorithms
like GA and DE, and its potential in the specific field of
antenna thinning remains largely untapped. The intrinsic
“cooperative” and “selfish” mechanisms of GRO pro-
vide a natural foundation for balancing exploration and
exploitation, offering a solid starting point for mitigat-
ing premature convergence. Furthermore, the relatively
concise structure of GRO facilitates its integration with
other optimization strategies, enabling the construction
of more robust hybrid models.

However, as the “No Free Lunch” theorem sug-
gests [16], no single algorithm performs optimally on all
problems. The versatility of meta-heuristic algorithms
is invariably accompanied by inherent limitations.
The standard GRO, when addressing high-dimensional
binary thinning problems, may still be constrained by
the loss of population diversity. Consequently, strategic
enhancements are required to adapt GRO effectively for
the antenna array thinning optimization.

III. THINNED ARRAY
A. Linear array

The structure of the linear antenna array is illus-
trated in Fig. 1. The array consists of 2N isotropic
elements symmetrically arranged along the x-axis. The
array factor (AF) of the linear antenna array in the x-z
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Fig. 1. Geometry of a 2N-element symmetric linear
array.

plane at an angle θ can be expressed as [17]:

AF(I,θ) =
−1

∑
n=−N

Ine j(kxn sinθ+ϕn)

+
N

∑
n=1

Ine j(kxn sinθ+ϕn),

(1)

where In, ϕn and xn represent the excitation amplitude,
phase, and position of element n, respectively. The wave
number k is defined as k = 2π/λ , where λ is the
wavelength.

In this study, a fixed inter-element spacing of 0.5λ

is utilized to mitigate mutual coupling and avoid the
formation of grating lobes. In = 1 if the n-th element
is “on,” and In = 0 if it is “off”. Assuming symmetric
excitation amplitudes (I−n = In), symmetric element
positions (x−n = −xn), and zero excitation phase (ϕn =
0◦). Under these conditions, the two summations in
equation (1) are complex conjugates. For a fixed inter-
element spacing of 0.5λ with element positions at xn =
(n− 0.5)d where d = λ/2, and k = 2π/λ , Therefore,
equation (1) can be expressed as [7, 9]:

AF(I,θ) = 2
N

∑
n=1

In cos(π(n−0.5)sinθ). (2)

B. Planar array
Figure 2 shows the structure of the planar array,

which consists of 2N × 2M elements. Each element is
isotropic in the x-y plane and symmetric about the x and
y axes. Under the same conditions as a linear array, the
AF is given by [7, 9]:

AF(I,θ ,ϕ) = 4
N

∑
n=1

M

∑
m=1

Inm cos(π(n−0.5)sinθ cosϕ)

· cos(π(m−0.5)sinθ sinϕ), (3)

where θ is the elevation angle relative to the z-axis and ϕ

is the azimuth angle relative to the x-axis. Inm represents
the excitation amplitude, which takes a value of 0 or
1. The array elements in the other three quadrants can

be obtained symmetrically based on the position of the
array elements in the first quadrant.
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Fig. 2. Geometry of a 2N × 2M-element symmetric
planar array.

C. Fitness function
As an important performance indicator of array

antennas, the expression of PSLL is:

PSLL = max
∀θ∈S

(
20log

∣∣∣∣AF(I,θ)
AFmax

∣∣∣∣) , (4)

where S denotes the side lobe region excluding the main
beam and AFmax is the peak of main beam.

To suppress the PSLL, the fitness function is
defined as:

Fitness = PSLL. (5)

The optimization goal is to minimize this Fitness
value.

For planar antenna arrays, the fitness function is
determined by the higher PSLL value between the ϕ =
0◦ and ϕ = 90◦ planes, which can be expressed as:

Fitness = max(PSLL|ϕ=0◦ ,PSLL|ϕ=90◦). (6)

IV. THE TAGUCHI-ENHANCED BINARY
GOLD RUSH OPTIMIZER

A. Taguchi method
Based on statistical experimental design, the

Taguchi method systematically optimizes product
robustness through parameter design. It employs two
core components: orthogonal arrays (OA) for efficient
multi-factor analysis and the signal-to-noise ratio (SNR)
to measure robustness. Using OA, the method reduces
experiments while preserving statistical validity. Mean-
while, the SNR evaluates parameter stability against
noise factors. Therefore, this method has been applied
to various optimization problems [18–20]. To facilitate
understanding, three key concepts used in this paper are
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defined as follows:

Levels: These represent the specific values assigned to
the design variables. In the context of array synthesis, if
a variable represents the excitation amplitude or element
position, the “levels” are the candidate values selected
for evaluation in each iteration.

OA: It is utilized here as a local search mechanism. The
OA is dynamically constructed based on two candidate
solutions randomly selected from the current initial pop-
ulation. Each column of the OA represents a dimension
(i.e., a binary bit) where the parent vectors differ in
value, while each row signifies a new candidate solution
formed by the combination of the bit values from the
parent vectors.

SNR: It is no longer used to measure robustness; instead,
its mathematical form is adopted as a deterministic
selection criterion to identify the optimal binary value
for each feature dimension. For every position where the
two parent solutions differ, the SNR values correspond-
ing to both levels are calculated separately.

Traditional GRO employing random initialization
often exhibit poor population diversity and inadequate
solution space exploration. This study enhances popula-
tion initialization by incorporating the Taguchi method.

First, randomly select two individuals, b1 and b2,
from the initial population. The chance of selecting
two individuals with a Hamming distance of 1 is low,
and even if this occurs, the negative impact remains
relatively limited. The built-in diversity preservation
mechanisms in TEBGRO ensure that the search process
promptly recovers and continues progressing toward
the global optimum. If they differ at w bit positions,
a corresponding two-level OA is generated. For each
factor i(i = 1,2 . . . ,w) in this OA, the standard levels
(1 and 2) are substituted with the respective bit values
from b1 and b2, yielding a modified OA tailored to these
individuals.

Subsequently, the SNR is calculated for each run in
the modified OA. The use of SNR adapts the classical
concept for computational optimization, and it serves as
a ranking metric (not a robustness measure) to select
the optimal element combination from OA tests based
on PSLL performance. Given that the objective function
consistently produces negative values, the “smaller-the-
better” quality characteristic is adopted for SNR compu-
tation, defined as:

SNR =−10log

(
1
Nr

N

∑
i=1

y2
i

)
, (7)

where Nr is the number of rows (experimental runs) in
the OA, and where yi is the fitness value (PSLL) obtained
from the i-th experimental run.

The construction of the initial population proceeds
as follows: in each iteration, two parent solutions are
randomly selected. The Taguchi method, utilizing an
orthogonal array and the SNR criterion, is then applied
to this pair to systematically generate a single, high-
quality offspring. This offspring is derived from the
optimal combination of the parents’ differing element
states and is directly accepted into the new population.
This iterative process of “select-pair-generate-accept”
continues until the newly formed population reaches
the predefined target size, ensuring a high-performing
starting point for the subsequent optimization.

B. Differential mutation interference factor
The GRO often exhibits limitations when deal-

ing with complex, high-dimensional problems. These
include insufficient population diversity during later
iterations and limited convergence accuracy. To mitigate
these issues, a differential mutation interference factor is
incorporated into the cooperative search phase of GRO,
formulated as:

X(t +1) = X(t)+ r · (Xg2(t)−Xg1(t))+ γ, (8)

where X(t + 1) , X(t), and t represent the new position
of the feasible solution, current solution and iteration
count, respectively. Xg2(t) and Xg1(t) are two randomly
selected gold mining prospectors, r is a random number
between [0, 1], and γ is the differential mutation inter-
ference factor, represented as:

γ = δ · (Xbest(t)−X(t)), (9)

where Xbest(t) is the current optimal solution, and δ is
the adaptive mutation factor, represented as:

δ = δ0 ·2ε , (10)

ε = exp
(

1− tmax

tmax +1− t

)
, (11)

where δ0 is the mutation parameter, set to 0.5 in this
case. This value was determined through testing and
was found to provide an effective trade-off, offering
sufficient perturbation without compromising conver-
gence stability. The adaptive nature of δ further reduces
dependence on its initial value. The adaptive mutation
factor δ starts at 2δ 0 and decreases gradually throughout
the optimization process, approaching δ0 as the iteration
count reaches the maximum, enabling TEBGRO to more
easily escape local optima and avoid premature conver-
gence [21].

C. Time-varying transfer function
GRO and all its operations are based on evaluat-

ing solutions using real-valued variables in a continu-
ous search space, which cannot be directly applied to
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Fig. 3. Demonstration of time-varying transfer function
during iteration when τmax = 2 and τmin = 0.4.

solve thinned optimization problems for array antennas.
Therefore, it is necessary to transform these operations
to make them applicable to the binary search space.

Transfer functions effectively convert continuous
algorithms into binary ones. The transfer function is
independent of the algorithm, does not affect the search
behavior of the algorithm, and does not change the
computational complexity of the algorithm. A transfer
function can play a crucial role in both the exploration
and exploitation phases of an optimizer, not just con-
verting a continuous search space into a binary search
space [22, 23].

Optimization algorithms should initially prioritize
exploration to avoid local optima, transitioning to
exploitation in later stages to enhance solution quality.
If the transfer function remains unchanged through-
out the optimization process, it cannot provide enough
diversity, leading to an imbalance between exploration
and exploitation. These limitations can be addressed by
introducing a time-varying transfer function [24, 25],
expressed as follows:

TV (X(t)) =
∣∣∣∣tanh

(
X(t)

τ

)∣∣∣∣ , (12)

X(t +1) =

{
1, r < TV

0, r > TV
, (13)

where TV (X(t)) is the time-varying transfer function, τ

is the time-varying control parameter, which starts from
an initial value and gradually decreases with iterations.
This is achieved by the following:

τ = τmax − t
(

τmax − τmin

tmax

)
, (14)

where τmax and τmin are the bounds on the control
parameter τ . The shape of the transfer function changes

over time to smoothly transition from the exploration
phase to the exploitation phase, depending on different
values of τ , as shown in Fig. 3. Here, τmax is set to 2,
and τmin is set to 0.4. A τmax larger than 2 would overly
flatten the transfer function, inhibiting exploration by
preventing TV (X) from approaching 1. A τmin smaller
than 0.2 would render the transfer function too steep,
pushing TV (X) to 1 for most inputs and preventing
stable convergence.

To more intuitively illustrate the execution steps of
TEBGRO, the flowchart of the improved algorithm is
depicted in Fig. 4.
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Fig. 4. Flow chart of TEBGRO for array thinning opti-
mization.

V. NUMERICAL RESULTS
In this section, several numerical results are pre-

sented to demonstrate the effectiveness of TEBGRO. To
ensure a fair comparison, the performance of TEBGRO
is evaluated against the best-reported results from the
cited literature for the identical linear and planar array
specifications.

A. Linear array
The first scenario discusses a 100-element thinned

linear array that is symmetrical along the x-axis, with
each element spaced at 0.5λ and centered at the origin.

The distribution of excitation amplitude is symmet-
rical with respect to the center of the linear array, so
only half of the amplitude needs to be optimized. The
initial population size of TEBGRO is set to 50, and the
maximum iteration limit is 300. The optimal value is
obtained by running independently for 50 times.

Figure 5 illustrates the distribution of elements in
the optimal linear array and provides a comparison of the
radiation patterns between the full array and TEBGRO.
The PSLL values for TEBGRO and the full array are
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−21.29 dB and −13.23 dB, respectively. The thinned
array demonstrates a significant reduction in PSLL while
concurrently decreasing the number of elements com-
pared to the full array.

Table 1 presents the optimization results of the
linear array obtained using TEBGRO. For comparison,
the thinning results of the linear arrays obtained by
BBO [9], ACO [7], and MICZT [4] are also included
in Table 1. The PSLL values for BBO, ACO, and
MICZT are −20.84 dB, −20.52 dB, and −21.13 dB,
respectively. Among these results, TEBGRO exhibits
the lowest PSLL, indicating that it achieves a higher
convergence accuracy in the optimization of a linear
array with 100 elements.

element number = 100
element spacing = 0.5/ λ
PSLL = -21.29 dB

11100100101100110101011111111111111111111111111111
11111111111111111111111111111010101100110100100111

element number = 100
element spacing = 0.5/ λ
PSLL = -21.29 dB

11100100101100110101011111111111111111111111111111
11111111111111111111111111111010101100110100100111

element number = 100
element spacing = 0.5/ λ
PSLL = -21.29 dB

11100100101100110101011111111111111111111111111111
11111111111111111111111111111010101100110100100111

Fig. 5. Element distribution of the optimal linear array
and comparison of radiation patterns: Full vs. TEBGRO.

Table 1: Comparison results of linear array
Algorithm TEBGRO BBO [9] ACO [7] MICZT [4]
PSLL (dB) −21.29 −20.84 −20.52 −21.13

% of thinning 20 22 20 20

Fig. 6. Element distribution of the optimal planar array.

B. Planar array
In the second example, a planar array with 20 ×

10 elements is used for thinning, and the PSLL is

PSLL(φ=0 ) =
-28.29 dB

PSLL(φ=0 ) =
-28.29 dB

PSLL(φ=0 ) =
-28.29 dB
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Fig. 7. Planar array radiation pattern comparison (Full
vs. TEBGRO) in the (a) ϕ = 0◦ and (b) ϕ = 90◦ planes.

suppressed in the ϕ = 0◦ and ϕ = 90◦ planes. The exci-
tation amplitude distribution of the planar array exhibits
symmetry with respect to the coordinate axes, allowing
for optimization of only a quarter of the array. All other
experimental parameters remain consistent with those in
the initial example.

Figure 6 illustrates the element distribution of the
optimized planar array. For the azimuth angles ϕ = 0◦

and ϕ = 90◦, the corresponding radiation patterns of the
full array and the TEBGRO optimized array are com-
pared in Fig. 7. The optimization successfully reduced
the number of array elements from 200 to 116, while
simultaneously lowering the PSLL by 15.33 dB (for the
ϕ = 0◦ plane) and 13.38 dB (for the ϕ = 90◦ plane).

The same planar array was designed using M-cGA,
BDE, and ACO in [6, 8], and [7], respectively. In order to
further verify the performance of TEBGRO, the optimal
results obtained from TEBGRO, M-cGA, BDE, and
ACO are listed in Table 2. The corresponding entry
in Table 2 remains blank due to the undisclosed array
element arrangement in [6].

In the ϕ = 0◦ plane, TEBGRO achieved a PSLL
of −28.29 dB, outperforming the values of −26.6 dB,
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Table 2: Comparison results of planar array

Algorithm TEBGRO M-cGA BDE ACO
[6] [8] [7]

PSLL|ϕ=0◦(dB) −28.29 −26.6 −26.09 −25.76
PSLL|ϕ=90◦(dB) −26.57 −23.8 −25.09 −25.67

% of thinning 42 − 46 32

−26.09 dB, and −25.76 dB reported in [6, 8], and [7],
respectively. Similarly, in the ϕ = 90◦ plane, the PSLL
obtained with TEBGRO was −26.57 dB, which is
superior to the corresponding values of −23.8 dB,
−25.09 dB, and −25.67 dB from the same references.
In both evaluated planes, TEBGRO consistently yielded
the lowest PSLL. The planar array results again demon-
strate that TEBGRO is an effective thinned array opti-
mization technique.

VI. CONCLUSION
This paper presents the design of thinned antenna

arrays using TEBGRO, aiming to reduce the num-
ber of array elements while minimizing PSLL. To
enhance optimization convergence speed and precision,
three improvement strategies are proposed: the Taguchi
method, time-varying transfer function, and differential
mutation interference factor. For a 100-element thinned
linear array, TEBGRO achieves a PSLL of −21.29 dB.
In the case of a 20 × 10 thinned planar array, the
algorithm obtains a PSLL of −28.29 dB at ϕ = 0◦ and
−26.57 dB at ϕ = 90◦. The results outperform other
binary algorithms, demonstrating TEBGRO’s superior
optimization capability for array thinning.

ACKNOWLEDGMENT
This work was supported in part by the National

Key Research and Development Program of China under
Grant 2024YFB2908601, in part by the Natural Science
Research Project of Jiangsu Higher Education Insti-
tutions under Grant 24KJB510051 and 24KJB140020,
in part by the Funding for School-Level Research
Projects of Yancheng Institute of Technology under
Grant xjr2024036, and in part by the Funding under the
“Qinglan Project” for Jiangsu Universities.

REFERENCES
[1] T. Zhang, R. Lian, D. Wu, Y. Li, and J. Zhang,

“A broadband high-gain patch antenna array for 5
G millimeter-wave applications,” IEEE Antennas
and Wireless Propagation Letters, vol. 24, no. 4,
pp. 803–807, Apr. 2025.

[2] Z. Yu, C. Chen, W. D. Chen, X. Zhang, J. G.
Lu, X. L. Zhang, B. J. Che, and Q. Wang,
“A low-profile LTCC phased array antenna with

wideband and high-gain for X-band satellite
communications,” IEEE Transactions on Antennas
and Propagation, vol. 73, no. 1, pp. 659–664, Jan.
2025.

[3] W. P. M. N. Keizer, “Large planar array thinning
using iterative FFT techniques,” IEEE Transactions
on Antennas and Propagation, vol. 57, no. 10,
pp. 3359–3362, Oct. 2009.

[4] Z. Zhou, C. Zeng, and B. Chen, “Fast low-sidelobe
pattern synthesis for linear array thinning utilizing
a modified iterative Chirp-Z transform technique,”
IEEE Sensors Journal, vol. 21, no. 20, pp. 23480–
23491, Oct. 2021.

[5] R. L. Haupt, “Thinned arrays using genetic algo-
rithms,” IEEE Transactions on Antennas and Prop-
agation, vol. 42, no. 7, pp. 993–999, July 1994.

[6] B. V. Ha, M. Mussetta, P. Pirinoli, and R. E.
Zich, “Modified compact genetic algorithm for
thinned array synthesis,” IEEE Antennas and Wire-
less Propagation Letters, vol. 15, pp. 1105–1108,
Oct. 2016.

[7] O. Quevedo-Teruel and E. Rajo-Iglesias, “Ant
colony optimization in thinned array synthesis
with minimum sidelobe level,” IEEE Antennas and
Wireless Propagation Letters, vol. 5, pp. 349–352,
Aug. 2006.

[8] L. Zhang, Y. C. Jiao, Z. B. Weng, and F. S. Zhang,
“Design of planar thinned arrays using a boolean
differential evolution algorithm,” IET Microwaves,
Antennas & Propagation, vol. 4, no. 12, pp. 2172–
2178, Dec. 2010.

[9] U. Singh and T. S. Kamal, “Optimal synthesis of
thinned arrays using biogeography based optimiza-
tion,” Progress in Electromagnetics Research M,
vol. 24, pp. 141–155, Apr. 2012.

[10] A. Darvish and A. Ebrahimzadeh, “Improved fruit-
fly optimization algorithm and its applications
in antenna arrays synthesis,” IEEE Transactions
on Antennas and Propagation, vol. 66, no. 4,
pp. 1756–1766, Apr. 2018.

[11] G. Sun, Y. Liu, Z. Chen, S. Liang, A. Wang,
and Y. Zhang, “Radiation beam pattern synthesis
of concentric circular antenna arrays using hybrid
approach based on cuckoo search,” IEEE Transac-
tions on Antennas and Propagation, vol. 66, no. 9,
pp. 4563–4576, Sep. 2018.

[12] C. Cui, W. T. Li, X. T. Ye, and X. W. Shi, “Hybrid
genetic algorithm and modified iterative fourier
transform algorithm for large thinned array syn-
thesis,” IEEE Antennas and Wireless Propagation
Letters, vol. 16, pp. 2150–2154, May 2017.

[13] K. Rajwar, K. Deep, and S. Das, “An exhaustive
review of the metaheuristic algorithms for search
and optimization: Taxonomy, applications, and
open challenges,” Artificial Intelligence Review,
vol. 56, no. 11, pp. 13187–13257, Apr. 2023.

[14] Z. Kamran, “Gold rush optimizer: A new
population-based metaheuristic algorithm,”



17 ACES JOURNAL, Vol. 41, No. 01, January 2026

Operations Research and Decisions, vol. 33, no. 1,
pp. 112–150, Apr. 2023.

[15] L. Lyu, G. Kong, F. Yang, L. Li, and J. He, “Aug-
mented gold rush optimizer is used for engineering
optimization design problems and UAV path plan-
ning,” IEEE Access, vol. 12, pp. 134304–134339,
Aug. 2024.

[16] D. H. Wolpert and W. G. Macready, “No free lunch
theorems for optimization,” IEEE Transactions on
Evolutionary Computation, vol. 1, no. 1, pp. 67–82,
Apr. 1997.

[17] C. Lin, A. Qing, and Q. Feng, “Synthesis of
unequally spaced antenna arrays by using differen-
tial evolution,” IEEE Transactions on Antennas and
Propagation, vol. 58, no. 8, pp. 2553–2561, Aug.
2010.

[18] L. Y. Chuang, C. S. Yang, K. C. Wu, and C. H.
Yang, “Gene selection and classification using
Taguchi chaotic binary particle swarm optimiza-
tion,” Expert Systems with Applications, vol. 38,
no. 10, pp. 13367–13377, Sep. 2011.

[19] B. Vedik and A. K. Chandel, “Optimal PMU place-
ment for power system observability using Taguchi
binary bat algorithm,” Measurement, vol. 95, pp. 8–
20, Jan. 2017.

[20] X. Jia and G. Lu, “A hybrid Taguchi binary
particle swarm optimization for antenna designs,”
IEEE Antennas and Wireless Propagation Letters,
vol. 18, no. 8, pp. 1581–1585, Aug. 2019.

[21] B. Zhou, Y. Wang, B. Zi, and W. Zhu, “Fuzzy
adaptive whale optimization control algorithm for
trajectory tracking of a cable-driven parallel robot,”
IEEE Transactions on Automation Science and
Engineering, vol. 21, no. 4, pp. 5149–5160, Oct.
2024.

[22] P. Hu, J. S. Pan, and S. C. Chu, “Improved binary
grey wolf optimizer and its application for feature
selection,” Knowledge-Based Systems, vol. 195,
p. 105746, May 2020.

[23] J. Wang, M. Khishe, M. Kaveh, and H. Moham-
madi, “Binary chimp optimization algorithm
(BChOA): A new binary meta-heuristic for solving
optimization problems,” Cognitive Computation,
vol. 13, pp. 1297–1316, Sep. 2021.

[24] M. J. Islam, X. Li, and Y. Mei, “A time-
varying transfer function for balancing the explo-
ration and exploitation ability of a binary PSO,”
Applied Soft Computing, vol. 59, pp. 182–196, Oct.
2017.

[25] M. Mafarja, I. Aljarah, A. A. Heidari, H. Faris,
P. F. Viger, X. Li, and S. Mirjalili, “Binary drag-
onfly optimization for feature selection using time-
varying transfer functions,” Knowledge-Based Sys-
tems, vol. 161, pp. 185–204, Dec. 2018.

Weibin Kong received the B.S.
degree in mathematics from Qufu
Normal University, China, 2007,
and the M.S. degree in mathe-
matics from Southeast University,
Nanjing, China, in 2010, and the
Ph.D. degree in radio engineering
from Southeast University, Nan-

jing, China, in 2015. Since 2020, he has been an asso-
ciate professor with the College of Information Engi-
neering, Yancheng Institute of Technology, Yancheng.
His current research interests include computational
electromagnetism, artificial intelligence, and wireless
communication.

Yiming Zong received the B.S.
degree in electronic information
engineering from Yancheng Insti-
tute of Technology in 2022. He is
currently pursuing the M.Eng.
degree in electronic information
at Yancheng Institute of Technol-
ogy. His main research interests

focus on computational electromagnetics and artificial
intelligence.

Lei Wang received the B.S. degree
in integrated circuit design and
integrated systems and the Ph.D.
degree in information and com-
munication engineering from Nan-
tong University, Nantong, Jiangsu,
China, in 2017 and 2023, respec-
tively. Since 2023, he has been a

Lecturer with the College of Information Engineering,
Yancheng Institute of Technology, Yancheng. His cur-
rent research interests include artificial intelligence and
antenna, millimeter-wave antennas and arrays, and char-
acteristic mode analysis.

Wenwen Yang received the B.Eng.
degree in information engineering
and the M.Eng. and Ph.D. degrees
in electrical engineering from the
Southeast University (SEU), Nan-
jing, China, in 2007, 2010, and
2015, respectively. Since 2015, he
has been with the School of Elec-

tronics and Information, Nantong University, Nantong,
China, where he is currently an Associate Professor.



KONG, ZONG, WANG, YANG, LIU, SUN, ZHOU: SYNTHESIS OF THINNED LINEAR AND PLANAR ANTENNA ARRAYS 18

From August 2018 to August 2019, he was a Visiting
Researcher with the Polytechnique Montreal, Montreal,
QC, Canada. He has authored or coauthored more
than 80 internationally referred journal and conference
papers. His research interests include RF, microwave and
millimeter-wave passive devices, active antenna array,
and antennas for wireless communication.

Botong Liu received the B.S.
degrees and M.S. degrees from
xidian University, xi’an, China
and East China Normal University,
shanghai, in 2015 and 2021 respec-
tively. Since 2021, he is a lecturer
with the College of Information
Engineering, Yancheng Institute of

Technology, and Yancheng, China. His research focuses
on robotic control and applications, with a specializa-
tion in visual simultaneous localization and mapping
(VSLAM).

Binghe Sun received the Ph.D.
degree in Materials Science from
Shanghai Jiao Tong University,
Shanghai, China, in 2005. He is
currently the Deputy General Man-
ager of Jiangsu Bomin Electron-
ics Technology. He has previously
worked at well-known domestic

and international companies such as ASE Semiconduc-
tor, Autech, and Founder Technology. In 2023, he was
recognized as a ‘Double Innovation Talent’ of Jiangsu
Province and was appointed as an industrial profes-
sor under the Jiangsu Province Graduate Mentor pro-
gram. His current research interests include electronic
packaging, artificial intelligence, and electromagnetic
materials.

Feng Zhou received the B.S.
degrees and M.S. degrees from
Southeast University, Nanjing,
China, in 2004 and 2012 respec-
tively. Since 2023, he is a professor
with the College of Information
Engineering, Yancheng Institute
of Technology, Yancheng, China.

His research interests include cooperative communica-
tion, satellite communication, cognitive radio, physical
layer security and UAV communication.



19 ACES JOURNAL, Vol. 41, No. 01, January 2026

Enhanced CPML Based on the Autoformer Network for 2D
WCS-FDTD Method

Yumeng Wu1,2, Ning Xu1,2,*, Yexin Li1, Kuiwen Xu1, and Juan Chen3

1Engineering Research Center of Smart Microsensors and Microsystems
Ministry of Education, Hangzhou Dianzi University, Hangzhou 310018, China

23040531@hdu.edu.cn, 232040214@hdu.edu.cn, kuiwenxu@hdu.edu.cn
∗Corresponding Author

2State Key Laboratory of Millimeter Waves
Southeast University, Nanjing 210096, China

xuning_10032@hdu.edu.cn

3School of Information and Communication Engineering
Xi’an Jiaotong University, Xi’an 710049, China

chen.juan.0201@mail.xjtu.edu.cn

Abstract – This paper proposes a novel convo-
lutional perfectly matched layer (CPML) for the
weakly conditionally stable finite-difference time-
domain (WCSFDTD) method. The Autoformer neural
network is introduced to replace the conventional multi-
layer CPML. Employing only a single-layer structure,
the Auto-former-driven CPML considerably reduces
both the computational domain scale and algorithmic
complexity. By leveraging sequence decomposition and
sparse attention mechanisms, the wave-absorption per-
formance of this method is significantly improved.
Integrated into the 2D WCS-FDTD framework, the
proposed method overcomes Courant-Friedrichs-Lewy
(CFL) stability constraints for FDTD intelligent absorb-
ing boundaries, with its time step size independent
of fine grid sizes in any direction. Numerical results
demonstrate that the proposed method can achieve
excellent wave-absorption performance with high com-
putational efficiency, while maintaining satisfactory
robustness in complex scenarios.

Index Terms – Autoformer, convolutional perfectly
matched layer (CPML), data-driven, weakly condition-
ally stable finite-difference time-domain (WCS-FDTD).

I. INTRODUCTION
The finite-difference time-domain (FDTD) [1, 2]

method, a classical technique for solving Maxwell’s
equation, is widely applied in engineering scenarios
including electromagnetic scattering, antenna design
and photonic device simulation. However, constrained
by the Courant-Friedrich-Lewy (CFL) stability con-
dition [3, 4], its maximum time step size is strictly

determined by the grid sizes in all spatial directions.
Consequently, fine-scale structures in simulation objects
necessitate a significantly reduced time step size, leading
to a substantial increase in the computational time. To
overcome this constraint, the weakly conditionally sta-
ble finite-difference time-domain (WCS-FDTD) [5–7]
method has been proposed. By applying the hybrid
implicit explicit technique in the fine directions, the
maximum time step size of this method is only related
to the coarse grid size in one direction. Therefore, the
WCSFDTD method is particularly suitable for simulat-
ing electromagnetic devices that have fine structures in
two directions.

In time-domain electromagnetic simulations,
absorbing boundary conditions (ABCs) [8–16] play
a crucial role in truncating computational domains.
Among these, the perfectly matched layer (PML) [10]
is a classical boundary condition that leverages field
splitting to achieve high absorption efficiency. However,
multiple layers are required to achieve effective waveab-
sorption, and the inherent computational complexity
of field splitting further degrades its efficiency. To
address these limitations, numerous PML variants
have been proposed. The uniaxial PML (UPML) [12]
simplifies mathematical derivations by introducing
uniaxial anisotropic material parameters, while the
convolutional PML (CPML) [14] achieves accelerated
computation using the recursive convolution method.
A further adaptation of the complex-frequency-shifted
PML (CFSPML) streamlines the calculation process
by incorporating multiple auxiliary variables [15].
Nevertheless, these variants still require multiple layers
for effective absorption. It does not resolve the challenge
of balancing performance and cost.

Submitted On: August 25, 2025
Accepted On: January 21, 2026 1054-4887 © ACES

https://doi.org/10.13052/2026.ACES.J.410103



WU, XU, LI, XU, CHEN: ENHANCED CPML BASED ON THE AUTOFORMER NETWORK FOR 2D WCS-FDTD METHOD 20

With the rapid advancements in computer science
and hardware, recent breakthroughs in machine learning
and deep learning have spurred innovations in ABCs.
Yao et al. introduced a pioneering PML model based
on hyperbolic tangent basis function (HTBF), which
utilizes a multi-layer perceptron (MLP) to eliminate
auxiliary terms [17], replace the conventional multi-
layer CPML with a single layer, and thereby signifi-
cantly reduce computational complexity. However, this
approach suffered from error accumulation in long-
term simulations. Subsequently, their team integrated a
long short-term memory (LSTM) network, leveraging
its temporal modeling capabilities to reduce the pile-
up of errors [18]. Subsequently, further innovations
demonstrated the potential of these research directions.
Zhang et al. proposed a fully machine learning-driven
solver that integrates LSTM model for field updating
in computational domain and HTBF-PML for boundary
absorption [19]. However, this model has not undergone
generalization verification. Guo et al. demonstrated that
the FDTD can be exactly represented by a recurrent
convolutional neural network (RCNN), whose param-
eters were derived from the original electromagnetic
equations [20]. This method requires no training, but
its efficiency only improves in large-scale computations.
Additionally, Feng’s research group proposed a single-
layer PML based on deep differentiable forest (DDF)
to replace traditional multi-layer CPML [21]. They
further applied a neural Turing machine (NTM) model
incorporating deep differentiable decision trees (DDT)
for effective boundary truncation in 3D microstrip
line simulations [22]. They developed the gradient
boosted decision trees-perfectly matched monolayer
(GBDTPMM) model to tackle subsurface sensing
issues [23]. Meanwhile, Ren et al. introduced a neural-
networkbased CPML model by using the gated recurrent
unit (GRU) [24]. However, its reliance on the multi-
layer CPML structure inherently limits computational
efficiency.

While the aforementioned ABCs exhibit promising
absorption performance, they were primarily developed

and validated within the FDTD framework. Their
applicability has not been explored in the WCS-FDTD
solver, which features a relaxed numerical stability
criterion. This paper proposes a novel CPML method
based on the Autoformer network for the 2D WCSFDTD
framework. The main contributions of this paper are
summarized as follows:

(1) An Autoformer-driven intelligent absorbing bound-
ary is proposed to replace the conventional absorb-
ing boundary. Using only a single-cell absorption
layer, the Autoformer-based CPML can achieve
absorption performance comparable to the conven-
tional 6-layer CPML, while reducing computational
time by 60.9%.

(2) Successful integration of the Autoformer-based
CPML into the 2D WCS-FDTD framework. The
time step size of this method can be set to an
arbitrary value, significantly expanding the applica-
tion scope of intelligent absorbing boundaries in the
FDTD framework.

(3) The generalization capability is verified by mod-
eling complex scenarios, including large computa-
tional domains, multiple excitation sources, multiple
media, and fine-scale structures. Even in simulation
environments far beyond the training dataset, the
proposed method continues to exhibit stable and
excellent wave-absorption performance.

II. FORMULATIONS
A. Conventional WCS-FDTD method with
CPML

It is assumed that the fine structures are contained
in both the x and z directions. Fig. 1 illustrates the
conventional CPML configuration for a 2D transverse
magnetic (TM) case. The electromagnetic fields in this
CPML region consist of three components (Hx,Hz,Ey).
The updated equations for the 2D WCS-FDTD method
with the CPML [5, 14] are given as follows:

Step 1:
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Step 2:

(1+A2 +B2)En+1
y (i, j)−A2En+1
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(6)
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z (i, j) = H
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2

z (i, j) (7)
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(8)

The coefficients in the above equations are defined as follows:

β1 =−∆t
ε
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(
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ξw(s) =

1
kw(s)

+aw(s) (w = x or z,s = i or j)

bw(s) = exp
{
−∆t

ε0

[
σw(s)
kw(s)

+αw

]}
aw(s) =

(bw(s)−1)
kw(s)(σw(s)+ kw(s)αw)

σw(s)

kw(s) = 1+(kmax −1)
|w−w0|m

dm σw(s) = σwmax
|w−w0|m

dm αw = αwmax
|w−w0|m

dm

where i and j denote the indices of spatial increments,
respectively, in x and z directions. w0 is the position of
interface. d is the CPML thickness. σwmax represents
the conductivity at the outer side of CPML layers. m
is the order of polynomial. αwmax and kmax are selected
according to actual conditions, with their values ranging
from 0 to 0.05, and 5 to 10, respectively. ε is the
permittivity, and µ is the permeability.

Fig. 1. Conventional CPML method.

Different from the explicit update in FDTD algo-
rithm, the WCS-FDTD method divides one iteration into
two sub-time steps. The update of the electric field com-

ponent E
n+ 1

2
y in Step 1 involves the magnetic field H

n+ 1
2

z
at the same time instance, and the update of the electric
field En+1

y in Step 2 requires the concurrent magnetic
field component Hn+1

x . Both updates necessitate implicit
difference calculations. To complete one iteration, it is
necessary to solve 2 implicit equations and 6 explicit
equations. By adopting the implicit method in the x and z
directions, the time step size of the WCS-FDTD method
is independent of the grid size along these coordinates.

Hence, an arbitrary time step size can be employed in
the 2D WCS-FDTD method.

B. Autoformer-driven CPML
As a deep learning network, Autoformer demon-

strates excellent efficiency and accuracy in time series
forecasting [25, 26]. To balance between prediction
accuracy and computational speed in CPML, a com-
pact architecture is used in this paper. Fig. 2 shows
its detailed structure. It includes two key modules:
(i) a time series decomposition module, which uses two
1D convolutional layers with different kernel sizes to
decompose the input sequence into a long-term trend and
a short-term seasonal component, enabling the model to
capture distinct feature patterns. (ii) an auto-correlation
module, which integrates sparse mechanisms and multi-
head mechanisms. The sparse mechanism extracts high-
score components along the last dimension of the score
matrix, facilitating the capture of core sequence features
and preventing overfitting. The multi-head mechanism
enables parallel output from multiple autocorrelation
layers, which are then mapped to the model’s dimen-
sion via a linear layer to capture sequence information
from multiple perspectives. Subsequently, the results are
normalized via layer normalization and pass through
an attention pooling module for feature refinement. In
the attention pooling layer, the attention score matrix is
computed by passing the module input through a linear
layer. Following this scheme, the matrix is normalized
by a SoftMax function and then multiplied with the input
sequence. The resulting weighted sequence is finally
summed along the last dimension to produce the output.

During the data acquisition phase, let xt
i j denote the

input electromagnetic field components at the current
time t, where i and j represent the spatial indices of the
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Fig. 2. Autoformer model framework.

grid position. Let yt+1
i j denote the output electromagnetic

field components at the next time step t + 1. For each
data sample, it consists of an input sequence X t =
{xt−14, . . . ,xt} of length 15, which comprises electro-
magnetic field components from 15 consecutive time
steps, and an output label Y t+1 = {yt+1} representing
the field data at the subsequent time step t +1.

As depicted in Fig. 3, different data collection
strategies are applied to the cells at the corners and
edges of the computational boundary. (a) edge cells: data
are gathered from a cell on the CPML boundary and
its directly adjacent neighbor inside the computational
domain; (b) corner cells: data are gathered from the
CPML cell and a diagonally adjacent neighbor. To bal-
ance prediction accuracy and computational efficiency,
the input features are composed of the electromagnetic
field components from three adjacent cells, totaling 9
features per time step. The output feature set is defined
as the three field components of one boundary cell,
which is highlighted in red in Fig. 3. In the conventional
CPML implementations for WCS-FDTD method, the
calculation for one discrete time step is performed using
two sub-procedures. First, the electromagnetic fields at
the intermediate time step n+ 1/2 are calculated using
the values at time step n. Subsequently, the fields at
time step n + 1 are derived from those at n + 1/2.
While, in the proposed Autoformer-driven CPML, the
electromagnetic field values at the intermediate time step
n+ 1/2 are not required. Only the field values at time
steps n and n+ 1 are collected. The specific input and
output data at one time step are as follows:

In edge cells:

xt
i j = [Ht

z(i−3/2, j+1),Ht
x(i−2, j+1/2),

Et
y(i−2, j+1),Ht

z(i−1/2, j+1),

Ht
x(i−1, j+1/2),Et

y(i−1, j+1),

Ht
z(i+1/2, j+1),Ht

x(i, j+1/2),

Et
y(i, j+1)]

yt+1
i j = [Ht

z(i+1/2, j+1),Ht
x(i, j+1/2),

Et
y(i, j+1)].

(9)

In corner cells:

xt
i j = [Ht+1

z (i−3/2, j+3),Ht+1
x (i−2, j+5/2),

Et+1
y (i−2, j+3),Ht+1

z (i−1/2, j+2),

Ht+1
x (i−1, j+3/2),Et+1

y (i−1, j+2),

Ht+1
z (i+1/2, j+1),Ht+1

x (i, j+1/2),

Et+1
y (i, j+1)]

yt+1
i j = [Ht+1

z (i+1/2, j+1),Ht+1
x (i, j+1/2),

Et+1
y (i, j+1)].

(10)

Fig. 3. Data acquisition mechanism for Autoformer-
driven CPML.

To ensure the model’s generalization capability,
multiple electromagnetic simulation scenarios were
selected for training data collection, encompassing
single-point source, 9-point source, and 13-point source
configurations. Each data sample captures 300 time
steps of electromagnetic field evolution. Considering the
implicit computation, a column-stacking approach was
adopted for data acquisition, which enhances storage
and update efficiency while remaining applicable to the
FDTD framework. The final training dataset comprises
input samples with dimensions (106392, 15, 9) and
output labels with dimensions (106392, 1, 3), where
106392 denotes the total number of samples, 15 is the
sequence length of the input data, 9 is the number of
input features, 1 is the sequence length of the output
label, and 3 is the number of output features. All training
and evaluation processes were implemented using the
PyTorch deep learning framework on a system equipped
with an AMD Ryzen 9 9950X CPU and an NVIDIA
GeForce RTX 4080 Super GPU. The training of this
model takes 797 s.

C. Ablation study and parameter selection
To evaluate the contribution of each component in

the proposed Autoformer architecture, an ablation study
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Table 1: Ablation study for the important components

Method Hx Error ↓ Hz Error ↓ Ey Error ↓ MSE↓ Time(s) Params
Autoformer 3.94e-05 3.80e-05 5.09e-05 4.28e-5 416.56 35640
w/o Sparse Mechanism 3.78e-05 3.87e-05 4.38e-05 4.01e-5 472.83 35640
w/o Series Decomposition 1.15e-04 3.32e-04 1.97e-04 2.15e-4 369.16 18036
w/o Multi-head Mechanism 3.16e-04 2.13e-04 2.38e-04 2.56e-4 327.61 21006
w/o Attention Polling 4.41e-05 4.75e-05 6.38e-05 5.18e-5 399.45 35612

was performed by assessing the impact of removing
the sparse attention, sequence decomposition, multi-
head mechanism, and attention pooling modules. Table 1
summarizes the corresponding performance changes in
terms of component errors (Hx,Hz,Ey), mean squared
error (MSE), inference times, and the number of
parameters.

The experimental results indicate that removing
either the series decomposition module or the multi-
head mechanism leads to significant performance degra-
dation, with the MSE increasing by approximately one
order of magnitude. These results highlight the crucial
role both components play in enhancing feature rep-
resentation and improving predictive accuracy. Replac-
ing the sparse attention with a full attention mecha-
nism reduces the overall MSE to 4.01e-4 but markedly
increases the inference time, suggesting that sparsifica-
tion effectively balances computational efficiency and
model representational capacity. Furthermore, removing
the attention pooling module reduces the parameter
count but also leads to notable increases in all error
metrics, confirming its essential role in maintaining
prediction accuracy.

In neural network construction and training, param-
eter design is important. The specific parameter config-
urations are as follows:

(1) Convolution kernel: In the series decomposition, a
kernel size of 3 is employed to extract short-term
fluctuations, while a kernel size of 9 is used for
extracting long-term trends.

(2) Hidden layer size: An excessively large size may
induce overfitting and compromise computational
efficiency, whereas an insufficient size fails to ade-
quately capture the nonlinear input-output relation-
ship. After balancing computational efficiency with
model capacity, the hidden layer size is set to 27.

(3) Sparse mechanism factor: A factor of 0.34 is
selected to accelerate both model training and infer-
ence while simultaneously mitigating overfitting.

(4) Number of heads: Five heads are configured to
enable comprehensive extraction of data features
across multiple dimensions.

(5) Training parameters: The network is trained using
the AdamW optimizer with an initial learning rate

of 0.003. This pairing represents a standard, well-
established choice for training deep neural networks,
as it delivers stable convergence and effective regu-
larization.

D. Integration of autoformer-driven CPML with
WCS-FDTD

Based on the trained Autoformer network, {yt+1
i j }

can be predicted by {xt−14
i j , . . . ,xt

i j} and the electromag-
netic fields on the CPML interface at t+1 can be further
obtained. Then, using {yt+1

i j }, the electromagnetic fields
in the object domain at t + 1 can be obtained via
the standard WCS-FDTD process. Meanwhile, the field
values within both the CPML layer and its adjacent
region in the object domain are stored for use as the
input features at t + 2. By repeating this process, the
Autoformer-driven CPML can replace the conventional
multi-layer CPML and be integrated into the WCS-
FDTD framework. The specific algorithm is shown as
follows:

Algorithm: Autoformer-driven CPML on
WCSFDTD framework
Data Collection and Training
(1) Collect the dataset {xts−14

i j , . . . ,xts
i j} and {yts

i j} in a
columnar fashion.

(2) Train the Autoformer-driven CPML using the
collected dataset.

Network Prediction Substitution
Initialization (k < 15):
(1) Initialize the electromagnetic field values at each

time step using WCS-FDTD method.
(2) Collect data at each time step and stack them in the

format required for the model input.
kth Iteration (k≥ 15):
(3) Update input sequence X t = {xt−14, . . . ,xt} using a

sliding window.
(4) Predict boundary fields {yt+1} by using Autoformer

model.
(5) Update the electromagnetic fields on the first CPML

layer with {yt+1}.
(6) Update the electromagnetic fields in the object

domain at t +1 using WCS-FDTD method.
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III. NUMERICAL EXAMPLES
To evaluate the performance of the proposed

method, three distinct scenarios are simulated. Case A
is primarily used to validate the wave-absorption perfor-
mance of Autoformer-driven CPML, whereas cases B
and C are designed to assess its generalization capability
across various complex scenarios.

A. Single point source
To validate the wave-absorption performance of

this Autoformer model, the propagation process of a
single source under identical environmental parameters
to those in the training dataset is modeled. As illustrated
in Fig. 4, the computational domain is 60 mm×60 mm,
with a grid size of 2 mm×2 mm and a time step size of
2 ps. A sinusoidal point source is located at the center
of the computational domain. It should be noted that
the conventional CPML requires a multi-layer structure
to achieve satisfactory wave-absorption, whereas the
proposed Autoformer model only needs one layer.

(a)                                      (b) 

Fig. 4. Profile of a single point source: (a) Autoformer-
driven CPML and (b) conventional 6-layer CPML.

To evaluate the performance of the proposed
method, the relative error is defined by the following
formula:

Error(t)dB = 20× log10
|Ey(t)−Eref

y (t)|
|Eref,max

y (t)|
(11)

where Ey(t) is the predicted electric field, Eref
y (t) is

the boundary-reflection-free reference electric field, and
Eref,max

y (t) is the maximum value of the reference elec-
tric field.

Figure 5 shows the relative errors of various meth-
ods at observation points A and B during the time
intervals from t = 600 ps to t = 1000 ps, and from
t = 3600 ps to t = 4000 ps. For point A, the conventional
1-layer CPML and 6-layer CPML show −11 dB and
−37 dB errors, respectively. For comparison, the HTBF-
based PML and LSTM-based PML, which are originally
developed for the 2D FDTD method, were migrated into

the WCS-FDTD framework. The input data structure
was reshaped to (15,9) for the LSTM model and (1,9)
for the HTBF model, with the output data structure being
(1,3) for both. To achieve optimal performance, the
hidden layer sizes were set to 27 and 36 for the HTBF
and LSTM models, respectively. The maximum errors
of the HTBF model and LSTM model are −31 dB and
34 dB, respectively. Meanwhile, the maximum error of
the Autoformer-driven CPML is only −40 dB, which
is lower than that of both the conventional CPMLs and
other machine-learning-driven CPMLs. For point B, the
maximum relative errors of conventional 1-layer CPML,
6-layer CPML, HTBF model, LSTM model and Auto-
former model are −9 dB, −35 dB, −28 dB, −32 dB and
−40 dB, respectively. The Autoformer-driven CPML
achieves the best wave-absorption performance.

Fig. 5. Error comparison among five methods: (a) rela-
tive error at point A and (b) relative error at point B.

Since the algorithm operates in the time domain,
a long-term simulation was performed to validate its
stability. As shown in Fig. 6, the electric field wave-
form at observation point A remains stable and con-
sistent with the conventional 120-layer CPML, even
after 100,000 time steps. This result confirms that the
proposed method retains high predictive stability in
prolonged simulations.

To further evaluate the performance of the proposed
method, Fig. 7 compares the average relative errors
of these five methods across the entire computational
domain. The conventional 1-layer CPML shows an aver-
age error of −13 dB, indicating ineffective waveabsorp-
tion. Moreover, the average errors for other methods
are respectively −37 dB for the conventional 6-layer
CPML, −30 dB for the HTBF model, −32 dB for the
LSTM model and −39 dB for the Autoformer model.
The proposed method achieves the lowest absorption
error. Compared to the conventional 6-layer CPML, the
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Fig. 6. Long-term stability and accuracy verification of
100,000 time steps: (a) long-term waveform diagram
and (b) detailed waveform comparisons at the late stage.

proposed method’s absorption effect improves by 2 dB.
Besides, it demonstrates 9 dB and 7 dB improvements
over the HTBF and LSTM models, respectively.

Fig. 7. The average relative error over the entire compu-
tational domain.

Table 2 records the single-step computational time
for the above five methods. Completing one-step simula-
tion, the conventional 1-layer CPML and 6-layer CPML
take 0.00694 s and 0.01187 s, respectively, whereas
the Autoformer-driven CPML only spends 0.00464 s.
Obviously, the Autoformer-driven CPML achieves a

wave-absorbing effect comparable to that of the conven-
tional 6-layer CPML, however, its computational time
is reduced by 60.9%. Unfortunately, the computational
cost of the Autoformer model is higher than that of
HTBF model (0.00268 s) and LSTM model (0.00305 s).

Table 2: Comparison of single-step simulation time
between deep learning networks and conventional
CPML methods for Case A
Method 1-layer 6-layer HTBF LSTM Autoformer

CPML CPML
Average
Time (s) 0.00694 0.01187 0.00268 0.00305 0.00464

To further assess the computational efficiency of the
proposed method, Fig. 8 presents the average single-
step computational cost across different computational
scales. Both the Autoformer-driven CPML and LSTM
model are faster than the conventional CPML, and these
performance advantages become increasingly significant
as the grid scale increases. This is because the con-
ventional CPML needs to calculate convolution terms
grid by grid, while the deep learning driven CPMLs
only predict the electromagnetic field values on the
boundaries. When comparing the LSTM model and the
Autoformer model, the LSTM model performs serial
operations in the time dimension, whereas the Auto-
former model incorporates a GPU-accelerated parallel
architecture. This powerful parallel computing capabil-
ity greatly saves computational time in large-scale com-
putations. As shown in Fig. 8, although the Autoformer
model has a higher computational cost than the LSTM
model, the performance gap between them is gradually
narrowing as the computational scale increases.

Fig. 8. Single-step simulation time of various methods
under different computational scales.

B. Large domain with multiple point sources
To evaluate the generalization ability of the pro-

posed method, a model with a large computational
domain containing multiple point sources is established.
Different from the training set, the computational



27 ACES JOURNAL, Vol. 41, No. 01, January 2026

domain of this simulation model is expanded to
140 mm×140 mm. As shown in Fig. 9, one point source
is placed at the center of the computational domain, and
the other four point sources exactly form a square. Other
simulation parameters are the same as those in single
source example.

Fig. 9. Large computational domain with multiple point
sources.

Figures 10 and 11 compare the relative errors of
different methods. As shown in Fig. 10, the maximum
relative error of the conventional 1-layer CPML reaches
−7 dB at point A and −8 dB at point B, while the
conventional 6-layer CPML reaches −35 dB at point
A and −36 dB at point B. In contrast, the Autoformer-
driven CPML exhibits the lowest errors of −38 dB at
point A and −37 dB at point B. The LSTM model yields
−30 dB and −32 dB at point A and B, respectively.
However, in long-term simulation, the error of the HTBF
model suffers from gradual accumulation, resulting in
higher errors of −13 dB at point A and −11 dB at
point B.

In addition, the average relative errors over the
entire computational domain are shown in Fig. 11.
The average error of the conventional 1-layer CPML is
−13 dB. The HTBF model, due to error accumulation in
long-term simulations, also has a high average error of
13 dB. Notably, the Autoformer-driven CPML achieves
an average relative error of −38 dB, which is superior to
the LSTM model (−33 dB) and the conventional 6-layer
CPML (−37 dB).

Furthermore, Table 3 lists the single-step simulation
time for each method. For a single-step computation,
the conventional 1-layer CPML and conventional 6-
layer CPML take 0.03508 s and 0.04565 s, respec-
tively, whereas the LSTM model and Autoformer-driven
CPML only require 0.01535 s and 0.02752 s. From the
above analysis, it can be observed that when simulating
scenarios more complex than those in the training set,
the proposed Autoformer-driven CPML maintains high
wave-absorption effectiveness with low computational
cost. This preliminarily demonstrates the generalization
ability of this method.

Fig. 10. Relative error of five excitation sources: (a)
relative error at point A and (b) relative error at point B.

Fig. 11. The average relative error over the entire com-
putational domain.

Table 3: Comparison of single-step simulation time
between deep learning networks and conventional
CPML methods for Case B
Method 1-layer 6-layer LSTM Autoformer

CPML CPML
Average
Time (s) 0.03508 0.04565 0.01535 0.02752

C. Multi-scale and multi-medium structure

To further evaluate the generalization ability of the
proposed method, a complex scenario involving fine
metal structures is established. As shown in Fig. 12,
the key environmental parameters differing from the
training set are summarized as follows:

(1) Multi-material environment: Two metallic blocks
are introduced to create a multi-material environ-
ment, one of which contains fine structural features.
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(2) Multi-scale structures: Fine meshes with a minimum
grid size of ∆xmin = ∆zmin = 0.2 mm are adopted in
both the X and Z directions.

(3) Large time step size: A large time step size of 4 ps
is adopted. This value exceeds the limit of the CFL
stability condition in the FDTD framework and the
time step size used in the training set.

(4) Multiple excitation sources: Five point sources are
used as the excitation sources for the simulation
model.

(5) Large computational domain: The computational
domain is expanded to 140 mm×140 mm.

All other simulation parameters remain the same as
those in the training set cases.

Figure 13 presents the error analysis of the specified
observation points. The HTBF model initially exhibits
satisfactory wave-absorption performance. However, its
error accumulates over time, resulting in a decline in per-
formance, with maximum relative errors reaching 10 dB
at point A and −11 dB at point B. In contrast, other
methods maintain stability. The maximum relative errors
of the conventional 1-layer CPML, 6-layer CPML, and
the LSTM model at point A are −9 dB,−35 dB, and
−28 dB, and at point B are −8 dB,−34 dB, and 25 dB,
respectively. The Autoformer-driven CPML achieves
the lowest errors of −41 dB at point A and −38 dB
at point B, demonstrating excellent wave-absorption
performance.

Fig. 12. A complex simulation scenario with five excita-
tion sources, a large computational domain, and multiple
metal blocks.

Subsequently, the average relative errors of these
methods are discussed. As shown in Fig. 14, the HTBF
model gradually accumulates errors after 9000 ps, even-
tually reaching −13 dB. The error of the LSTM model
increases to −27 dB, while the Autoformer model main-
tains a lower error of −38 dB, comparable to that of the
conventional 6-layer CPML (−36 dB). It is evident that
the proposed model exhibits excellent wave-absorption
performance with a larger time step size. Notably, the

Fig. 13. The relative errors of the five methods: (a)
relative error at point A and (b) relative error at point B.

time step size of 4 ps breaks through the CFL limit
of the FDTD framework, enabling a significant expan-
sion of the application range for intelligent absorption
boundaries.

Fig. 14. The average relative error over the entire com-
putational domain.

In addition, as shown in Table 4, for single-step sim-
ulation, the Autoformer-driven CPML takes 0.02537 s,
which is slightly longer than the 0.01875 s required
by the LSTM model, but significantly shorter than
the 0.04857 s of the conventional 1-layer CPML and
0.06307 s of the conventional 6-layer CPML. Obvi-
ously, compared with conventional CPMLs, the pro-
posed method achieves comparable wave-absorption
performance to the conventional 6-layer CPML while
reducing computation time by 59.79%. Relative to
the LSTM model, it exhibits a 11 dB improvement
in wave-absorption performance. Furthermore, as the
computational scale increases, the additional time cost
decreases from 52.13 % to 35.25%, indicating that the
efficiency gap diminishes at larger scales. From the
above analysis, it can be concluded that even in scenarios
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considerably more complex than the training set, the
proposed method maintains excellent wave-absorption
performance and fast simulation, which validates the
robustness of the proposed method. This robustness
holds for electromagnetic environments with multiple
media, multiple sources, multiple scales, large time step
sizes, and large computational domains, underscoring
the method’s potential as a practical tool for engineering
applications.

Table 4: Comparison of single-step simulation time
between deep learning networks and conventional
CPML methods for Case C
Method 1-layer 6-layer LSTM Autoformer

CPML CPML
Average
Time (s) 0.04857 0.06307 0.01875 0.02537

IV. CONCLUSION
This paper proposes an Autoformer-driven CPML

for the WCS-FDTD framework to improve the effi-
ciency of open-region simulations. The Autoformer-
based CPML employs a single-layer structure to replace
the conventional multi-layer CPML, significantly reduc-
ing both the computational domain scale and algorith-
mic complexity. Compared to the conventional CPMLs
and other deep-learning-driven PML approaches, this
new model provides superior wave-absorption effec-
tiveness and high computational efficiency. Integrated
into the WCS-FDTD framework, this method overcomes
CFL stability constraints, substantially expanding the
modeling scope of intelligent absorption boundaries.
Furthermore, the proposed method exhibits satisfac-
tory wave-absorption performance and excellent gen-
eralization capability in complex scenarios involving
multi-material environments, multi-source excitations,
multi-scale structures, large computational domains,
and extended time step sizes. Moreover, by adjusting
the sampling strategy and modifying the input-output
dimensions, this proposed method can be extended to 3D
scenes, which constitutes a key direction for our future
work.
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Abstract – This paper presents a hybrid optimization
strategy for wideband antenna design that leverages the
strengths of both Random Forest (RF) and Differential
Evolution (DE) algorithms. The strategy employs DE
for iteratively updating antenna parameters and RF for
feature selection in the process of antenna performance
optimization. Initially, DE is applied to update antenna
parameters for a predetermined number of iterations,
generating a dataset of antenna performance metrics.
This dataset is then used to train an RF model, which
identifies the importance of each design variable. Fea-
ture selection, guided by the RF-derived importance, is
applied to reduce the dimensionality of the search space.
DE subsequently continues the optimization process
within this reduced parameter space. Validation of this
hybrid approach is performed through the design of
a wideband slot antenna and compared against stan-
dalone DE, Genetic Algorithm (GA), Particle Swarm
Optimization (PSO), and Simulated Annealing (SA).
Results demonstrate that the proposed strategy signif-
icantly accelerates convergence, achieving the target
reflection coefficient and gain with substantially fewer
iterations than the other methods (reductions of 75.56%,
45%, 42.11%, and 50% compared to DE, GA, SA,
and PSO, respectively). Furthermore, the hybrid strategy
consistently finds superior solutions exhibiting lower
loss values compared to the benchmark algorithms. The
method offers a computationally efficient, interpretable,
and effective approach to antenna optimization.

Index Terms – Antenna, Differential Evolution (DE)
algorithm, feature selection, Random Forest (RF)
algorithm.

I. INTRODUCTION
Antenna performance critically impacts wireless

communication systems’ efficiency and reliability [1].
Traditional design methods rely on High Frequency
Structure Simulator (HFSS) or Computer Simula-
tion Technology (CST) simulations and empirical

adjustments, requiring iterative parameter tuning and
hundreds of electromagnetic simulations for optimiza-
tion a time-intensive process [2]. With emerging tech-
nologies like antenna arrays [3, 4] and broadband cir-
cularly polarized antennas [5, 6] increasing design com-
plexity, conventional approaches face limitations. This
underscores the urgent need for automated optimization
methods to enhance design efficiency and address mod-
ern performance demands.

Meta-heuristic algorithms, inspired by natural phe-
nomena and physical processes, have gained promi-
nence in AI-driven optimization. These methods fall
into four categories: evolutionary (e.g., DE [7], Genetic
Algorithm (GA) [8]), swarm-based (e.g., Particle
Swarm Optimization (PSO) [9]), human-inspired (e.g.,
Teaching-Learning-Based Optimization, TLBO [10]),
and physics- or chemistry-based (e.g., Simulated
Annealing (SA) [11]). While they enhance antenna
design accuracy and efficiency, their reliance on thou-
sands of simulation iterations to approach global optima
still results in prolonged optimization cycles, limiting
time-sensitive applications.

Advances in computing power have driven machine
learning (ML) integration in antenna optimization, with
approaches like Artificial Neural Network (ANN)-
based multi-fidelity modeling [12], Random Forest
(RF)-augmented models [13], Support Vector Machine
(SVM)-Gaussian hybrids [14] serving as surrogate mod-
els and Convolutional Neural Networks (CNN)-aided
Reinforcement Learning (RL) [15]. While these surro-
gates accelerate electromagnetic simulation predictions,
they face challenges: limited generalization across envi-
ronmental conditions and dependence on time-intensive
electromagnetic simulation datasets for training [2].

This paper presents a hybrid optimization method
for wideband antenna design using RF and Differential
Evolution (DE) algorithms. DE generates a dataset by
iteratively updating antenna parameters for RF model
training. The RF model assesses each design variable’s
importance for feature selection to reduce search space
dimensionality, after which DE optimizes within this
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reduced space. Validation via wideband slot antenna
design shows this hybrid method significantly reduces
iterations compared to standalone DE, GA, PSO, and
SA, and consistently finds better solutions with lower
loss. It offers a computationally efficient, interpretable,
and effective antenna optimization solution.

The remainder of this paper is organized as follows.
Section II introduces DE and RF fundamentals. Sec-
tion III details the hybrid strategy. Section IV presents
a case study, followed by conclusions in section V.

II. FUNDAMENTAL ALGORITHM
A. Random Forest

RF is an ensemble learning method utilizing deci-
sion trees with Bagging integration and randomized
training [16]. Each tree is trained on distinct data sub-
sets, reducing errors through complementary predic-
tions. Key advantages include high accuracy, robustness,
overfitting resistance, and feature importance analysis
for high-dimensional data. As shown in Fig. 1, RF
aggregates results from multiple trees: classification uses
majority voting, while regression employs averaging,
ensuring reliable predictions across diverse tasks.

Fig. 1. Workflow of Random Forest.

B. Differential Evolution algorithm
The DE algorithm is a population-based optimiza-

tion method inspired by natural evolution, employ-
ing mutation, crossover, and selection operations to
iteratively refine solutions [17]. As shown in Fig. 2,
DE initializes a population and iteratively updates it
through differential mutation, crossover, and compet-
itive selection until convergence. Its strengths lie in
differential vector-driven global exploration, gradient-
free optimization for non-differentiable functions, and
robustness in escaping local optima within high-
dimensional spaces. These attributes, combined with
inherent parallelism, make DE particularly effective
for complex electromagnetic design problems requiring
broad search capabilities and adaptability.

Fig. 2. Workflow of Differential Evolution algorithm.

III. HYBRID OPTIMIZATION STRATEGY
The workflow of the hybrid optimization strategy

is illustrated in Fig. 3, and the corresponding pseudo-
code is presented in Table 1. The specific steps of the
algorithm are as follows.

Fig. 3. Workflow of hybrid optimization strategy.

Step 1: Initialization is performed. The initial target x0,
representing the initial values of the antenna optimiza-
tion variables, is input into HFSS for simulation. The
loss function F(x0) is calculated to obtain the loss value,
after which the process proceeds to Step 2.

Step 2: If the iteration count has not reached I1,
store the HFSS simulation data and use the DE algo-
rithm to update the antenna variables through mutation,
crossover, and selection, then simulate in HFSS to cal-
culate F(x) and return to Step 2. The process of updating
the antenna variables, as shown in the red block diagram
in Fig. 1. If the iteration count reaches I1, then proceed
to Step 3.

Step 3: If feature selection using RF is enabled, the
dataset from Step 2 is preprocessed and classified into
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Table 1: Pseudo-code of the proposed hybrid optimiza-
tion strategy

Algorithm: Hybrid Optimization strategy
for Antenna Design

1 begin
2 initialize x = x0,xspace, Imax, I1 and dataset D
3 for i = 1 to Imax do
4 if i < I1 then
5 simulate x in HFSS, calculate loss F(x)
6 store (x,S11(x)) in D
7 update x using DE algorithm
8 else
9 if feature selection is enabled then

10 preprocess D (classify into 0,1,2)
11 train RF model, perform feature selection
12 update xspace with feature selection
13 end
14 update x using DE algorithm
15 simulate x in HFSS, calculate loss F(x)
16 end
17 end
18 output optimal solution
19 end

0 (bad), 1 (medium), and 2 (good). This classified data
is used to train the RF, obtaining feature importance
for selection. The process of data preprocessing and RF
is shown in the green block diagram in Fig. 1. If not
enabled, this step is skipped. (It should be noted that
when the dimensions of the antenna are high, Step 3 can
be activated multiple times during the algorithm execu-
tion process for multiple rounds of feature selection.)

Step 4: If the maximum preset iteration count Imax has
not been reached, use the DE algorithm to update the
antenna optimization variables, calculate the loss func-
tion F(x), and return to Step 2. If Imax is reached, output
the optimal solution and the process is terminated.

IV. CASE STUDY
This section analyzes antenna optimization simu-

lations using hybrid optimization strategies and four
benchwork algorithms. The experiment has a preset
maximum of 100 iterations (Imax = 100) and 20 data
collection iterations (I1 = 20). Each generation’s pop-
ulation size is 10, and a loss value of −60 is acceptable.
The hybrid optimization strategy runs three times, with
Step 3 performed once per execution due to the antenna’s
low number of optimization variables.

A. Structure of the wideband slot antenna
The structure, variables, and boundaries of the

wideband slot antenna are shown in Fig. 4. The antenna

is used to verify the effectiveness of the hybrid optimiza-
tion strategy [18]. The antenna uses an FR4 substrate
with a relative permittivity of 4.4, a loss tangent of
0.02, and a thickness of 1.6 mm. The design involves
a square slot on one side of the substrate and a small
branch within the slot. To highlight the hybrid strategy’s
benefits, minor antenna modifications are introduced,
expanding the search space by one dimension.

Fig. 4. Wideband slot antenna: (a) perspective and (b)
side view.

B. Settings before optimization
Table 2 presents the optimization variables for

the antenna, detailing each parameter’s search space.
The algorithm operates within an 8-dimensional search
space. Additionally, two optimization objectives have
been established for the antenna. The first objective
concerns the antenna reflection coefficient, which must
be below −10.0 dB between 1.5 GHz and 4.2 GHz,
with a particular emphasis on maintaining an average
below −15 dB throughout the entire operating band. The
second objective pertains to the antenna gain, requiring
an average exceeding 3.8 dB within the operational
frequency range.

Table 2: Optimization variable of wideband slot antenna
(unit: mm)

Variable Boundary
G [75.0,85.0]
L [44.0,64.0]
L1 [10.0,30.0]
L2 [14.0,45.0]
W1 [0.5,1.5]
W2 [0.5,1.5]
P1 [4.0,10.0]
P2 [16.0,22.0]
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This optimization involves two inherently coupled
performance metrics: S11 and Gain. To ensure balanced
consideration of both objectives without excessively pri-
oritizing one at the expense of the other, a product-form
loss function is employed. To address these require-
ments, this paper introduces a loss function F(x), as
defined in equation (1):

F(x) = ω f1(x)× f2(x), (1)

where x = [G,L,L1,L2,W1,W2,P1,P2] is the value of the
optimization variable, ω is the weight coefficient, f1(x)
is the function of the optimization objective 1, f2(x) is
the function of the optimization objective 2. The details
of f1(x) and f2(x) are shown in equations (2) and (3)
respectively:

f1(x) =



avg(S11(x) | S11 <−10 dB,

f ∈ [1.5, 4.2]), (I)

avg(S11(x) | S11 <−10 dB,

f /∈ [1.5, 4.2]), (II)

min(S11(x) | S11 >−10 dB), (III)

(2)

f2(x) = avg(Gain(x) | f1(x)) (3)

where condition (I) requires that under the optimization
variable x, the value of S11 in the frequency range
[1.5, 4.2] GHz from EM simulation must be less than
−10 dB. Here, f1(x) is defined as the average value of
S11 below −10 dB, with a weight coefficient ω set to
1. Condition (II) specifies that under the optimization
variable x, the value of S11 outside the frequency range
[1.5, 4.2] GHz from EM simulation must be less than
−10 dB. In this case, f1(x) is also the average value of
S11 below 10 dB, but the weight coefficient ω is set to
0.5. Condition (III) encompasses all other conditions not
covered by Conditions (I) and (II). For this condition,
f1(x) is defined as the minimum value of S11, and the
weight coefficient ω is set to 0.1. Equation (3) states
that for any condition, f2(x) is the average gain within
the frequency range used by f1(x) under that same
condition. This setting of weight coefficients aims to
enhance the loss value for better solutions and worsen it
for poorer solutions, thereby improving search efficiency
and subsequently boosting the optimization efficiency of
the antenna.

C. Feature selection result of slot antenna
Table 3 presents the feature importance, algorithm

training accuracy, and feature selection results for the
triple hybrid optimization strategy. As indicated by
these results, the feature selection for the wideband

Table 3: Feature importance of hybrid optimization strat-
egy

Feature DERF1 DERF2 DERF3
G 0.1067 0.0881 0.1117
L 0.1095 0.0990 0.0998
L1 0.1012 0.0940 0.1105
L2 0.3134 0.2915 0.2943
W1 0.1446 0.0928 0.0788
W2 0.0823 0.1296 0.1312
P1 0.0808 0.0745 0.0724
P2 0.0615 0.1305 0.1016

Accuracy 0.9167 0.8667 0.8867
Feature selection P2 P1 P1,W1

slot antenna under the three times hybrid optimization
strategies are P2, P1, and {P1,W1} for DERF1, DERF2,
and DERF3, respectively. These selected features are
subsequently removed from the antenna parameters to
achieve dimensionality reduction. Through this process,
the search space of the antenna is effectively reduced,
thereby enhancing the optimization efficiency and speed.

Fig. 5. Loss value with the number of iterations.

D. Results of algorithm comparison
Figure 5 illustrates the comparative iterative loss

values for the hybrid optimization strategy and meta-
heuristic algorithms. Additionally, Fig. 6 presents the
S11 and gain graphs for each algorithm. The above sim-
ulation results are summarized and analyzed in Table 4.
The hybrid strategy converges consistently in three runs,
needing 22 iterations to reach the target loss of −60
(with the first 20 for data collection). In comparison,
DE, GA, SA, and PSO require 90, 40, 38, and 44
iterations, respectively. The hybrid strategy’s loss value
exceeds −75, while others reach about −65. Thus,
the hybrid optimization strategy reduces iterations for
acceptable solutions and finds better solutions in antenna
optimization.
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Fig. 6. Simulation (a) S11 and (b) Gain.

Table 4: Performance comparison of each algorithm

Algorithm F(x) F(x)<−60 S11 <−10 dB Avg (S11) Avg (Gain)
DERF1 −77.241 22 1.5–4.7 GHz −19.157 4.032
DERF2 −76.695 22 1.5–4.2 GHz −18.463 4.154
DERF3 −76.278 22 1.5–4.2 GHz −17.463 4.368
DE[3] −63.417 90 1.4–4.2 GHz −15.874 3.995
GA[4] −66.872 40 1.4–4.2 GHz −16.141 4.143
SA[5] −65.004 38 1.4–4.5 GHz −15.555 4.179
PSO [7] −60.528 44 1.5–4.3 GHz −15.750 3.843

V. CONCLUSION
This paper introduced a hybrid optimization strat-

egy for wideband antenna design, integrating Random
Forest (RF) for feature selection with Differential Evolu-
tion (DE) for parameter optimization. The DE algorithm
generates a dataset of antenna performance metrics,
which is then used by RF to rank the importance of each
design variable. This ranking enables a dimensionality
reduction of the search space through feature selec-
tion, significantly accelerating the subsequent DE-driven
optimization. The efficacy of this approach was demon-
strated through the design of a wideband slot antenna.
Comparative studies against standalone DE, GA, PSO,
and SA algorithms revealed that the hybrid strategy
achieves substantially faster convergence, requiring sig-
nificantly fewer iterations to reach a target performance
level. Moreover, the proposed method consistently dis-
covered higher-quality solutions, as evidenced by lower
loss values. The results clearly validate the proposed
hybrid DE-RF strategy as a computationally efficient
and effective approach for wideband antenna optimiza-
tion, offering both improved convergence speed and
superior solution quality. The interpretability provided
by the RF feature importance analysis is an additional
advantage, offering insights into the design process.
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Abstract – In electromagnetic imaging applications,
acquiring labeled data for supervised learning poses a
significant challenge due to the high cost and time-
consuming annotation processes. To address this lim-
itation, we propose a semi-supervised electromagnetic
imaging algorithm leveraging generative adversarial
networks (GANs), which effectively integrates limited
labeled data with abundant unlabeled measurements.
Unlike conventional approaches that directly learn from
raw scattered data, our method employs diffraction
tomography (DT)-generated images as network inputs,
thereby embedding spatial prior knowledge of scatterers
to mitigate inherent artifacts such as boundary blurring
and speckle noise. The framework features a modi-
fied U-Net architecture augmented with convolutional
block attention modules (CBAMs) and residual blocks,
enhancing feature extraction and segmentation robust-
ness. Furthermore, adversarial training is introduced to
refine the segmentation network using pseudo-labels
generated from unlabeled DT images, enabling the
discriminator to enforce physical consistency between
labeled and unlabeled domains. Extensive simulations
demonstrate the superiority of our method: when trained
with only 100 labeled samples and 1,000 unlabeled sam-
ples, the proposed algorithm achieves a 23.0% reduc-
tion in mean squared error (MSE) compared to purely
supervised counterparts. Additional validation on the
handwritten digits and the “Austria” profile highlights
its strong generalization capability for reconstructing
unseen targets. This work bridges the gap between
data-driven deep learning and physical priors, offering
a practical solution for high-precision electromagnetic
imaging under limited supervision.

Index Terms – Generative adversarial network, inverse
problems, semi-supervised learning.

I. INTRODUCTION
With the rapid advancement of technology, electro-

magnetic techniques and theories have shown remark-
able vitality. As an important branch of electromagnetic
technology, microwave imaging has been widely applied
in various fields such as remote sensing [1] and oil
exploration [2]. In comparison to conventional cameras,
the penetrative ability of electromagnetic waves renders
them impervious to darkness or adverse weather con-
ditions, thereby augmenting camera imaging capabili-
ties. Although computed tomography (CT) [3] contin-
ues to be indispensable for high-resolution anatomical
imaging and rapid diagnostics, microwave imaging pro-
vides distinct advantages in specific clinical contexts,
such as eliminating exposure to ionizing radiation and
facilitating cost-effective repetitive monitoring [4]. This
underscores its potential as a complementary modality
for applications sensitive to radiation exposure [5].

Traditional physics-based electromagnetic inverse
scattering methods can be primarily categorized into
two types: (1) linear approximation methods (e.g.,
Born/Rytov approximations), and (2) iterative optimiza-
tion frameworks that minimize data-model discrepan-
cies through regularization techniques. Although lin-
ear approximation methods provide computational effi-
ciency suitable for real-time imaging, their reliance
on approximation conditions limits their applicability
scope. For example, the Born approximation, due to
its dependence on the weak scattering assumption and
neglect of multiple scattering effects, may encounter
substantial loss of accuracy when handling electrically
large or strongly scattering targets. On the other hand,
iterative optimization methods enhance reconstruction
fidelity but are accompanied by computationally inten-
sive processes that hinder practical applications. These
limitations become particularly critical in biomedical
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dynamic monitoring and time-sensitive remote sensing
scenarios, where balancing computational complexity
and imaging accuracy remains a challenging issue [6].

Such inherent constraints of traditional physics-
driven approaches have driven the exploration of data-
driven deep learning frameworks, which aim to bypass
iterative computations while retaining the ability to
model nonlinear scattering phenomena [7, 8]. Wei and
Chen [9] proposed a convolutional neural network
(CNN) based on the U-Net architecture to solve the
full-wave inverse scattering problem, introducing and
comparing several CNN-based training schemes, includ-
ing the back-propagation scheme (BPS) [10] and the
dominant current scheme (DCS). Sanghvi et al. [11]
introduced a deep learning-based framework to address
the electromagnetic inverse scattering problem. This
framework builds upon and extends the capabilities
of existing physics-based inversion algorithms. These
algorithms, such as contrast source inversion (CSI) [12],
subspace optimization methods (SOM) [13], and their
variants, often struggle with getting trapped in false local
minima when recovering objects with high contrast val-
ues. They also proposed a novel CNN architecture called
the contrast source network (CS-Net). Xu et al. [14]
proposed an inversion method based on U-Net network
to solve the phaseless data direct inverse scheme (PD-
DIS) for phase free electromagnetic backscatter imaging
problems. Ye et al. [15] proposed a linear imaging
method for homogeneous background problems and
applied a GAN with an attention mechanism to address
super-resolution tasks.

Most segmentation frameworks are based on typ-
ical segmentation networks, such as U-Net, which
extract multi-scale features in a fully supervised man-
ner. Although these methods have demonstrated suc-
cess, the reliance on extensive measurement data for
fully supervised learning approaches is time-consuming
and expensive. In electromagnetic imaging, the scarcity
of high-quality labeled data presents a substantial
obstacle for data-driven reconstruction methods. Semi-
supervised learning (SSL) addresses this limitation
by leveraging both limited labeled data and abun-
dant unlabeled measurements in a unified framework.
Core SSL mechanisms, such as consistency regular-
ization (which enforces prediction invariance under
perturbations of unlabeled inputs) [16] and adversar-
ial constraints (which align reconstructions with phys-
ical priors through generative-discriminative interac-
tions) [17], facilitate robust feature learning even under
weak supervision. These approaches have demonstrated
efficacy in domains like medical imaging, where sim-
ilar low-data conditions prevail [18]. This success
provides a strong rationale for adopting SSL princi-
ples in microwave imaging, enabling the utilization of

unlabeled experimental or simulated data to enhance
model generalizability.

The structure of this paper is as follows. Section II
introduces the physical model and its mathematical
description for the microwave imaging problem. Sec-
tion III provides a comprehensive explanation of the
design and implementation of a semi-supervised imag-
ing network based on GAN. Section IV presents the
experimental design, dataset construction, and subse-
quent analysis of experimental results. Finally, in sec-
tion V, we conclude with a summary of our findings.

II. ELECTROMAGNETIC IMAGING
MODEL

The physical model of the microwave imaging
problem is shown in Fig. 1. Within the spatial domain,
an imaging region D encompasses scatterers of diverse
shapes. Microwave imaging is a non-contact method that
employs antennas positioned in an observation region S
outside the imaging domain D to transmit and receive
electromagnetic waves. When incident electromagnetic
waves illuminate the scatterer, a scattered field is gen-
erated, which combines with the incident field to form
the total field received by the antennas. The microwave
imaging problem involves deducing the shape, position,
and material properties of scatterers within the imaging
region D based on measured scattered data at receiving
points.

Fig. 1. The physical model of microwave imaging prob-
lems.

For the two-dimensional problem, the scattering
process is described by the following formula:

Et(r) = E i(r)+ k2
b

∫
D

g(r,r′) ·χ(r′)Et(r′)dr′, r ∈ S

(1)
where E i and Et denote the incident field and the total
field, respectively. kb is the wave number of the back-
ground medium, g(r,r′) represents the two-dimensional
Green’s function in background, r denotes the position
of the receiving antenna, r′ represents the position of an
arbitrary point within the imaging region, and χ(r′) =
ε(r′)− 1 represents the contrast distribution within the
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imaging region with ε(r′) being the relative permittiv-
ity at position r′. The function g(r,r′) governs wave
propagation in the background medium and connects
the contrast distribution χ(r′) with scattered field mea-
surements as the integral kernel. The goal of inverse
scattering is to determine the contrast distribution in
the imaging region using scattered field data from the
observation region. The contrast function quantifies per-
mittivity variations and relates to material properties like
conductivity and polarization through electromagnetic
relations [19]. Analyzing the distribution of χ(r′) is
critical for distinguishing material heterogeneity, such
as tumors versus healthy tissues in biomedical imaging,
and resolving ambiguities in inverse scattering prob-
lems. Its magnitude and spatial gradients directly deter-
mine scattering field perturbations [20].

To alleviate the learning complexity of neural
networks, this study initially employs the diffraction
tomography (DT) algorithm [21] to obtain an approxi-
mate contrast image, which is subsequently inputted into
a segmentation network to generate a refined contrast
image with enhanced resolution. The DT algorithm is
a linear inversion method based on the Born approxima-
tion [22]. In the case of weak scattering intensity, the
incident field can be approximated as being equivalent
to the total field Et(r′)≃ E i(r′), allowing equation (1) to
be reformulated as

Es(r) = Et(r)−E i(r)

≃ k2
b

∫
D

g(r,r′) ·χ(r′)E i(r′)dr′, r ∈ S (2)

where Es denotes the scattered field. After a series of
derivations, the above equation can be expressed as

Es(rR,rT )≃
ikb

8π
√
|rR| |rT |

eikb(|rR|+|rT |)O(KR +KT ).

(3)
In equation (4), both the transmitting and receiving
antennas are approximated as ideal line sources, with
position vectors rT and rR in two-dimensional space,
respectively. The Fourier transform of χ(r′), denoted

by O(KR + KT ), is defined as KR = kbr̃R and KT =
kbr̃T . Here, r̃R and r̃T denote the unit vectors in the
directions of rR and rT , respectively. Based on the
linear approximation in equation (4), the DT algorithm
generates initial contrast images under weak scattering
conditions. These images often suffer from boundary
blurring and speckle noise, especially for strong scat-
terers. To address this, we use DT images as inputs
to the segmentation network instead of raw scattering
data. This introduces a physical prior into the network,
enabling it to retain target spatial distribution informa-
tion while focusing on denoising and enhancing the DT
images.

III. SEMI-SUPERVISED INVERSION
ALGORITHM

The proposed semi-supervised framework, illus-
trated in Fig. 2, employs a Generative Adversarial
Network (GAN) [23] architecture comprising a seg-
mentation generator and a discriminator. The workflow
operates in two phases:

A. Supervised pre-training
The segmentation generator is initially trained on

limited labeled data to establish baseline mapping capa-
bilities between electromagnetic measurements and tar-
get structures.

B. Adversarial refinement with unlabeled data
Pseudo-label Generation: Unlabeled measurements

are processed by the pre-trained generator to produce
segmentation probability maps (pseudo-labels).

Discriminative Evaluation: The discriminator receives
three inputs: (i) ground-truth labels from labeled data,
(ii) generator predictions for labeled data, and (iii)
pseudo-labels for unlabeled data. It outputs a probability
score to assess segmentation plausibility against physi-
cal priors.

Adversarial Optimization: Through iterative minimax
training, the generator learns to produce segmentation

Fig. 2. The semi-supervised imaging network based on GAN.
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Fig. 3. The structure of the segmentation network.

maps that deceive the discriminator (by aligning with
physical priors), while the discriminator improves its
ability to distinguish authentic versus generated labels.
This dual competition regularizes ill-posed segmenta-
tion tasks by enforcing consistency across labeled and
unlabeled domains.

Figure 3 shows the schematic of the segmentation
network, a modified U-Net for DT image segmenta-
tion. The U-Net architecture, originally designed for
biomedical image segmentation [24], exhibits intrin-
sic compatibility with electromagnetic inverse scat-
tering problems due to the following characteristics.
(1) Encoder-Decoder Symmetry: The encoder (contract-
ing path) progressively extracts multi-scale scattering
features from raw measurement data, while the decoder
(expanding path) reconstructs high-resolution permittiv-
ity maps through transposed convolutions. This aligns
with the ill-posed mapping from sparse measurements
to continuous physical properties. (2) Skip Connec-
tions: By enabling cross-layer feature fusion between
the encoder and decoder, skip connections preserve
both low-frequency structural priors and high-frequency
details. This effectively addresses the challenges posed
by multi-scale scattering phenomena, such as weak sin-
gle scattering versus strong multiple scattering.

To address the challenges of boundary blurring
and noise in DT images, the segmentation network
incorporates Convolutional Block Attention Modules
(CBAM) [25] and residual blocks [26] into the U-
Net architecture. By effectively integrating low-level
information, these additions facilitate the generation

of enhanced high-level features, thereby aiding in the
identification of scatterers from DT images [27]. The
CBAM comprises channel attention and spatial attention
modules, which enhance the feature extraction capabil-
ity of CNNs in a more comprehensive and effective
manner. Moreover, training deep learning networks can
encounter diverse challenges, including instability dur-
ing the training process. By integrating residual blocks
with skip connections, we can effectively stabilize the
training of extremely deep neural networks.

Fig. 4. The structure of the discriminant network.

The architecture of the discriminator network is
depicted in Fig. 4 and comprises a straightforward CNN.
The discriminator outputs a probability to evaluate the
quality of input segmentation results. A value close to 1
denotes high quality, while a value close to 0 indicates
low quality.

The segmentation network is trained by minimizing
the following loss function:

ls = lseg +λadv · ladv, (4)
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where lseg and ladv represent the supervised segmentation
loss and adversarial loss, respectively. The weight for
adversarial learning, denoted as λadv, is set to 0.02,
following the loss function weights specified in [28]. For
labeled pairs, the segmentation network G is trained to
map DT images Ilabeled

DT to their corresponding ground
truth contrast maps IGT by minimizing the supervised
loss lseg, which is defined as the pixel-wise mean squared
error (MSE). For unlabeled DT images Iunlabeled

DT , the
pre-trained generator G produces pseudo-labels Ipseudo =
G(Iunlabeled

DT ). Subsequently, the discriminator D evalu-
ates both the labeled data G(Ilabeled

DT ) and the pseudo-
labeled data Ipseudo to calculate the adversarial loss ladv.
Equation (4) can be expanded in more detail as:

ls =
1
N

N

∑
i=1

(IGT (i)− Ilabeled
DT (i) )2

+λadv ·
(
− log(D(G(IDT )))

)
.

(5)

Where N represents the total number of pixels in the
imaging region, IGT(i) and Ilabeled

DT(i) respectively indicate
the contrast values at the i-th pixel in the ground truth
image and the predicted labeled image. In the adversarial
loss term, IDT encompasses both labeled DT images
Ilabeled
DT and unlabeled DT images Iunlabeled

DT . Typically,
the number of labeled data is significantly smaller than
that of unlabeled data, resulting in an inherent imbalance
during network training. To address this issue, this study
employs data augmentation techniques on the labeled
dataset, such as image flipping and rotation, to enhance
both diversity and quantity of training samples.

IV. SIMULATION EXPERIMENT AND
ANALYSIS

In this experiment, the key parameters, including
the imaging domain size, antenna configuration, and
operating frequency, are rigorously aligned with the
electromagnetic model described in section II. The
imaging region is a square area with a side length of
2 m located in free space, which is further divided into
a grid consisting of 64 × 64 pixels. The origin of the
coordinate system is located at the center of this imaging
region. In the observation region outside the imaging
area, there are a total of 16 transmitting antennas and
32 receiving antennas arranged symmetrically around
the origin within a radius of 3 m. The incident wave
operates at a frequency of 0.4 GHz. In every mea-
surement, each transmitting antenna sequentially emits
electromagnetic waves to illuminate the imaging region,
while all receivers concurrently capture the scattered
waves from the scatterer. This process yields a total of
16 × 32-dimensional scattering data. In this paper, the
Method of Moments (MoM) is used to solve the forward

scattering problem, generating synthetic scattering data
which are then processed by the DT algorithm to recon-
struct preliminary images for the GAN input.

A. Test 1: Circular scatterers
In the first test, the dataset consists of circular

scatterers with random sizes and positions. The relative
permittivity of the target ranges randomly from 1.1 to 3.0
(contrast ranging from 0.1 to 2.0), with radii between 0.1
and 0.3 m, in intervals of 0.01 m. The coordinates of the
center of the targets are within the range of (−0.5 m to
0.5 m, −0.5 m to 0.5 m).

To validate the effectiveness of the proposed net-
work enhancement and semi-supervised learning under
the adversarial training mechanism, we conducted a
comparative analysis of three models under identical
experimental conditions: (1) Basic U-Net: A standard U-
Net without CBAM or residual blocks; (2) Supervised
GAN: The generator adopts a U-Net architecture inte-
grated with CBAM and residual blocks, and is trained
exclusively on labeled data; and (3) GAN-based SSL:
The semi-supervised method combining labeled and
unlabeled data with adversarial training. The segmenta-
tion and the discriminator network are both optimized
using the Adam optimizer, with an initial learning rate
set to 1×10−2. The training process is iterated for 2000
epochs to ensure convergence is achieved. Through this
iterative procedure, the learning rate gradually reduces
to 1 × 10−4. These parameter settings are determined
based on optimal values obtained from experimental
simulations.

The quality of the segmented image is evaluated
by using the MSE and the structural similarity (SSIM)
index [29]. The calculation formula for SSIM is as
follows:

SSIM(m,n) =
(2µmµn +C1)(2σmn +C2)

(µ2
m +µ2

n +C1)(σ2
m +σ2

n +C2)
(6)

where µm and µn represent the mean contrast values of
images m and n, respectively. Additionally, the variances
of the contrast in images m and n are denoted by σ2

m and
σ2

n , respectively, while their covariance is indicated by
σmn. The constants C1 and C2 are crucial for maintaining
stability, where C1 = (k1L)2 and C2 = (k2L)2. Here, L
represents the range of pixel values (specifically, the
range of relative permittivity values in this experiment),
while k1 and k2 are assigned as 0.01 and 0.03 respec-
tively.

Three experimental sample sets were established,
with 100, 200, and 500 labeled samples allocated to
each group respectively, while the number of unlabeled
samples was consistently maintained at 1000 across all
groups.
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(a)

(b) (c) (d)

(e) (f) (g)

(h) (i) (j)

Fig. 5. Imaging results of circular scatterers. (a) Actual
target. (b)–(d) Basic U-Net results trained with 100,
200, and 500 labeled datasets. (e)–(g) Supervised GAN
results trained with 100, 200, and 500 labeled datasets.
(h)–(j) GAN-based SSL results trained with 100, 200,
and 500 labeled samples plus 1000 unlabeled samples.

Table 1: MSE values for circular scatterers
Method Labeled Samples

(1000 Unlabeled)
100 200 500

Basic U-Net 1.2412 0.8634 0.7180
Supervised GAN 1.0762 0.8023 0.6659
GAN-based SSL 0.8283 0.6711 0.5511

Reduction
(SSL vs. Supervised) 23.0% 16.4% 17.2%

Table 2: SSIM values for circular scatterers
Method Labeled Samples

(1000 Unlabeled)
100 200 500

Basic U-Net 0.9486 0.9563 0.9599
Supervised GAN 0.9531 0.9611 0.9621
GAN-based SSL 0.9587 0.9639 0.9716

The imaging results for one of the samples are
presented in Fig. 5, where the GAN-based SSL method
demonstrates the most accurate reconstructions. As
shown in Tables 1 and 2, the basic U-Net consistently

exhibits the highest MSE and the lowest SSIM across
all labeled data settings, indicating its limited ability to
address boundary blurring and speckle noise inherent
in DT images. By integrating channel attention mech-
anisms via CBAM and residual blocks, as well as incor-
porating discriminators, the supervised GAN achieves
a significant performance improvement. Nevertheless,
the GAN-based SSL method further enhances segmen-
tation accuracy by effectively leveraging unlabeled data.
Specifically, compared to the supervised GAN, the semi-
supervised approach reduces MSE by 23.0%, 16.4%,
and 17.2% for datasets with 100, 200, and 500 labeled
samples, respectively. Similarly, SSIM values show sub-
stantial increases when unlabeled data is introduced.
These findings confirm that both architectural enhance-
ments (CBAM and residual blocks) and semi-supervised
adversarial training contribute to improving the model’s
robustness and precision.

B. Test 2: MNIST digits
To further validate the model’s performance and

compare it with other semi-supervised methods, we
conducted experiments on the MNIST dataset. This
dataset contains handwritten digits from 250 individuals,
covering all ten numerical symbols ranging from 0 to 9.
To augment the sample data and improve the model’s
generalization capability, each sample was augmented
with a randomly sized and positioned circular scat-
terer. The relative permittivity for all samples was set
within the range of 1.1 to 2.0 (with a contrast range of
0.1 to 1.0).

The model was trained and tested on three datasets
with labeled-to-unlabeled ratios of 1:9 (1000:9000),
1:4 (2000:8000), and 1:1 (5000:5000). For compari-
son, we additionally implemented the Mean Teacher
method [30], a widely adopted semi-supervised learning
approach in computer vision. The Mean Teacher model
employed the same U-Net backbone as our segmentation
network, with an exponential moving average (EMA)
decay rate of 0.99 for the teacher weights. All hyper-
parameters, including the learning rate and optimizer,
were kept consistent across models to ensure a fair
comparison.

Table 3: MSE values for handwritten digits

Method Labeled Samples
(10000 in Total)

1000 2000 5000
Mean Teacher 1.0339 1.0276 0.7177

Supervised GAN 0.9172 0.8326 0.7087
GAN-based SSL 0.8523 0.7847 0.6891

Reduction
(SSL vs. Supervised) 7.1% 5.8% 2.8%
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(a)

(b) (c) (d)

(e) (f) (g)

(h) (i) (j)

Fig. 6. Imaging results of handwritten digits. (a) Real
target. (b)-(d) Supervised GAN results trained on 1000,
2000, and 5000 labeled datasets. (e)-(g) Mean Teacher
results trained with labeled to unlabeled data ratios of
1:9, 1:4, and 1:1. (h)-(j) GAN-based SSL results trained
with labeled to unlabeled data ratios of 1:9, 1:4, and 1:1.

Fig. 7. The curves of training loss versus epochs.

Table 4: SSIM values for handwritten digits

Method Labeled Samples (10000 in Total)
1000 2000 5000

Mean Teacher 0.8780 0.8821 0.9124
Supervised GAN 0.8932 0.9009 0.9149
GAN-based SSL 0.8981 0.9056 0.9172

The experimental results demonstrate that the SSL
method based on GAN significantly outperforms both
the supervised GAN and the Mean Teacher model on the
MNIST dataset. In the imaging results of a representa-
tive sample shown in Fig. 6, the GAN-based SSL recon-
structs the target edges more accurately and clearly.
Figure 7 shows the training loss versus epochs curves
for the Mean Teacher, supervised GAN, and GAN-based
SSL methods when the ratio of labeled to unlabeled
data is 2000:8000. As illustrated in Table 3, under
conditions of limited labeled data (1000:9000), the MSE
of GAN-based SSL is 7.1% lower than that of the
supervised GAN, and it retains a 2.8% advantage even
as the amount of labeled data increases (5000:5000).
The Mean Teacher model exhibits inferior performance
due to issues with pseudo-label noise. Furthermore, the
results presented in Table 4 corroborate the GAN-based
SSL method achieves the highest SSIM scores across all
configurations. These findings underscore the efficacy of
SSL in leveraging unlabeled data via adversarial training
to enhance boundary clarity, particularly in scenarios
with limited labeled data.

(a)

(b) (c) (d)

(e) (f) (g)

Fig. 8. The imaging results of the “Austria” profile using
the MINIST data-trained network. (a) Real profile. (b),
(c), and (d) show supervised GAN results trained on
1000, 2000, and 5000 labeled datasets, respectively. (e),
(f), and (g) present SSL results from models trained with
labeled to unlabeled data ratios of 1:9, 1:4, and 1:1,
respectively.

C. Test 3: “Austria” profile
To further validate the generalization capability

of the proposed model, we employed a test example
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known as the “Austria” profile to evaluate the trained
segmentation model. The “Austria” profile differs signif-
icantly from the profiles present in the MNIST training
database, as shown in Fig. 8 (a). It consists of two
disks and a ring. Both disks have radii of 0.2 m and
are centered at coordinates (0.3, 0.6) m and (−0.3,
0.6) m, respectively. The inner and outer radii of the
ring measure 0.3 m and 0.6 m, respectively. The relative
permittivity of the target is specified as 1.1.

The segmentation networks trained on the MNIST
dataset in Test 2 were utilized to reconstruct this target.
As shown in Fig. 8, the results demonstrate that after
incorporating the unlabeled data, the GAN-based SSL
can effectively approximate the position, size, and shape
of the unseen scattering target. This highlights its supe-
rior generalization ability and robustness.

V. CONCLUSION
In this study, we propose a SSL model based on

the GAN architecture. This model uses DT images as
input instead of scattering data and leverages adversarial
generation training to effectively utilize unlabeled data,
thereby significantly improving the segmentation quality
of scatters in DT images. DT relies on the fast Fourier
transform (FFT), with a computational complexity of
only O(N logN). This efficiency satisfies the timeliness
requirements for real-time imaging. Regarding GAN
components, while the offline training phase is time-
consuming, particularly during semi-supervised adver-
sarial training, the online inference phase is relatively
rapid. The integration of GPU acceleration and other
advanced technologies ensures that the system can effec-
tively meet the demands of real-time imaging. In practi-
cal applications, factors such as sensor noise, antenna
position errors, and environmental disturbances may
degrade image quality. To enhance imaging stability
in complex environments, multi-physical field inversion
combined with data from other sensors (e.g., optical
or infrared) can be explored. In the experimental sec-
tion, the model’s generalization capability for unknown
targets has been validated using the MNIST dataset
and the “Austria” profile test. However, the diversity
of scatterer materials, shapes, and background media
in real-world scenarios presents challenges. To address
this issue, future work will focus on incorporating more
sophisticated physical simulations (such as inhomoge-
neous backgrounds and multi-target coupling) during the
training phase to improve the model’s adaptability to
complex scenes.
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Abstract – This paper presents a novel approach for
early-stage breast cancer detection using only a single
radiofrequency 3D antenna sensor operating in several
frequency bands below Ultra-Wide Band (UWB) fre-
quencies. To this end, an innovative Inverted-F Antenna
with Short Circuit-Like (IFA-SCL) is proposed, and
the breast to be examined is fully placed inside this
antenna between the radiating element and the ground
plane. The designed and simulated antenna operates
in the two frequency bands (902.8–928.0 MHz and
2.400–2.4835 GHz) of the Industrial, Scientific, and
Medical (ISM) bands. After examination of the two
patient breasts and by comparison of the antenna’s per-
formances considering the return loss (S11 < −10 dB),
tumor presence is detected when the resonance fre-
quencies that cover the operating frequency bands
corresponding to an unhealthy breast, are shifted to
higher frequencies and the corresponding magnitudes
are changed. A spherical shape model of the female
breast tissues is created for designing and simulating
antenna and tumor detection performances. Also, to test
the practicality of the proposed method and detail the
tumor detection performances with breast variability,
three tests are performed using side-set and teardrop
shape breasts. The present approach demonstrates great
potential to become a new way for early-stage breast
cancer detection, both quickly and with high efficiency.
The proposed method, and thus the designed multi-band
3D antenna sensor, exhibits the capability to detect a
tumor of spherical shape, of radius only 1 mm and
embedded deeply in the breast. Furthermore, it is able to

sense tumor presence even with breasts of various sizes
and shapes. The patient’s safety is ensured by adhering
to Specific Absorption Rate (SAR) limits.

Index Terms – 3D antenna, breast cancer detection,
dual-band antenna, ISM bands, tumor.

I. INTRODUCTION
Cancerous or malignant tissues are produced due

to uncontrolled cell division due to genetic mutations
which disrupts the natural cell cycle regulation. Breast
cancer is a malignant tumor that originates in the glan-
dular epithelium of the breast and can spread to other
parts of the breast. It has emerged as a serious health
concern worldwide and the most common cancer among
women [1]. For both sexes, breast cancer represents the
second leading cause of cancer-related deaths after lung
cancer [2–6].

The process of early-stage breast cancer detection
is crucial for reducing its deployment in the breast, mor-
tality rates, and improving treatment outcomes. It allows
for timely intervention before the disease progresses to
advanced stages [4, 7]. The extreme emphasis of early-
stage breast cancer detection is reflected by the wide
array of methods and strategies used for this objec-
tive, from traditional imaging and clinical assessment
to emerging molecular, computational, and biomarker-
based methods [7–9]. The most common imaging-based
methods for breast tumor detection are X-ray mammog-
raphy imaging [9–11], ultrasound imaging [1, 12, 13],
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magnetic resonance imaging [1, 12, 13], and Microwave
Breast Imaging (MWBI) in its two strategies of tomog-
raphy and radar-based [1, 5, 10, 12, 14–17].

X-ray mammography imaging is a widely used
screening tool for breast cancer detection. It utilizes low-
dose X-rays to image the breast and is effective for
early-stage breast cancer detection. However, it can be
uncomfortable, it implies exposure to ionizing radiation,
it is less effective for dense breasts, and it leads to false-
positive and false-negative results [11].

The ultrasound imaging technique uses sound
waves to create images of the breast. It is often used
as a complementary process to the X-ray mammograms,
especially in dense breasts. Ultrasounds are not able to
distinguish between malignant and benign tumors, and
they produce low-resolution images [1, 12, 13].

Magnetic resonance imaging uses magnetic fields
and radio waves to produce detailed images; it provides
high sensitivity in detecting breast cancer, especially
in dense breast tissue. This technique is characterized
by high cost and variable specificity, leading to more
false-positives and a lack of standardized interpretation
criteria and protocols [1, 12, 13].

The microwave tomography technique operates by
illuminating the breast with low-power microwave sig-
nals in the 0.3–10 GHz range using multiple antennas
arranged around the breast. The scattered fields are
collected, and inverse algorithms reconstruct images that
reveal spatial distributions of dielectric permittivity and
conductivity. Malignant tissues, due to their higher water
and ionic content, show higher permittivity and con-
ductivity, enabling tumor detection. While microwave
tomography shows promise as a non-ionizing, patient-
friendly technique for breast cancer imaging, its spatial
resolution, sensitivity for small or deep-seated tumors,
susceptibility to tissue heterogeneity and coupling arti-
facts, and slow computational performance remain key
hurdles for early-stage breast cancer detection. Fur-
thermore, insufficient large-scale clinical validation and
lack of standardization limit its transition from research
prototype to routine clinical tool [1, 12].

The radar-based MWBI uses low-power and short-
duration Ultra-Wide Band (UWB) pulses to scan the
breast tissue. A set of antennas placed around the
breast is used for both power transmitting, and back-
scattered energy collecting. Signals corresponding to the
collected power are used to produce a 3D image of the
scanned breast [1, 12]. The radar-based MWBI senses
the dielectric properties changes between normal and
abnormal breast tissues to detect and locate the breast
tumors. It is widely applied for breast tumor detection; in
fact, it allows the obtaining of high-contrast 3D images
using non-ionizing radiation and without breast com-
pression. Radar-based MWBI systems avoid complex

computational challenges associated with microwave
tomography. However, this method requires a complex
and high-cost system; the use of multiple antennas and
feeds creates a complex system that can be difficult to
manage. This complexity can lead to mutual coupling
between antennas, resulting in low resolution and accu-
racy. In addition, used antennas must be arranged in ring
or arc geometries around the pendulant breast [5].

Comparing the various methods and techniques
used for breast cancer detection summarized above, it
appears that the radar-based MWBI method is most
convivial for breast cancer detection; in fact, it presents
compelling advantages over X-ray mammography, ultra-
sound, and MRI, both in terms of underlying physical
principles and practical clinical application. The key
behind this success is the antenna and its high sensing
capability. Unlike the complexity and high cost related to
radar-based MWBI systems, their antennas multiplicity,
and the accompanied problems and inconvenience as
discussed above, using a single antenna with a simple
system and procedure for breast cancer detection is very
interesting.

Radiofrequency antenna technology is widely used
and practiced for various healthcare purposes, e.g.,
stimulation [18], hyperthermia and tumor ablation [19]
for therapeutic ends, biotelemetry [20], wireless power
transfer for implants [21], and early-stage breast cancer
detection [22]. Herein, the dielectric properties of human
body tissues (adding to those abnormal ones) are the
keystone.

Radiofrequency antennas operating below UWB
frequencies, i.e., below 3.1 GHz, confer several com-
pelling advantages for healthcare applications; elec-
tromagnetic waves radiated by such antennas exhibit
reduced dielectric loss and greater penetration depth
in human body tissues compared to UWB and higher
bands. In addition, several frequency bands and services
are allocated and reserved for biomedical and healthcare
purposes: frequency bands 401–406 MHz of the medi-
cal device radiocommunications service, bands 433.1–
434.8, 868.0–868.6, and 902.8–928.0 MHz and 2.400–
2.4835 GHz of the Industrial, Scientific, and Medical
(ISM) bands, and the bands 608–614 MHz, 1.395–
1.400, and 1.427–1.432 GHz of the Wireless Medical
Telemetry Service [20, 21]. Furthermore, operating at
frequencies below UWB frequencies produces lower
Specific Absorption Rate (SAR) for a given transmitted
power, which reduces the risk of tissue heating and
enables continuous or long-duration operation while
keeping the SAR below regulatory thresholds.

Using antenna performances in the below UWB
frequencies for early-stage breast cancer detection is not
widely reported in the literature. Furthermore, proposed
and suggested antennas for this purpose are generally
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planar and functional in a single band [23–27]. Using
these antennas, resonance frequency shifting, reflection
coefficient magnitude variation, and impedance band-
width displacement and changing have been used for
tumor detection. Using multi-band antennas allows one
to obtain more accurate diagnostic results; a multitude of
operating frequency bands increases the antenna sensing
capability to detect even minor variation in dielectric
properties of breast tissues and, thus, to detect the tumor
presence even with the smallest size.

In [23], a single-band and planar array-antenna sen-
sor is proposed for early-stage breast cancer detection;
the frequency band of operability is around 2 GHz. This
proposed antenna processes a high sensitivity for breast
cancer detection, but the sensor operational frequency
band is not reserved for medical and healthcare pur-
poses.

In [24], a miniaturized, wearable, planar, and triple-
band microstrip antenna is carried out for early-stage
breast cancer detection. Operating frequency bands are
ISM 2.45 GHz, and around the frequencies of 5.5 and
6.1 GHz. The suggested antenna can’t detect breast
tumors smaller than 2 mm in radius, and only at a
maximum depth of 10 mm using imaging.

A planar patch antenna operating in the frequency
band of ISM 2.45 GHz has been designed and simulated
for early-stage breast cancer detection in [25]. Only
tumors of a radius of 6 mm at least can be detected.
Furthermore, the tumor depth influence on detection
capability is not discussed.

The planar monopole antenna suggested in [26] for
breast cancer detection operates in the frequency band of
1.9–2.1 GHz. The tumor model used simulates a radius
of 8 mm. Furthermore, the operating frequency band is
not allocated for biomedical and healthcare applications.

Reference [27] describes a metasurface-based pla-
nar microstrip array antenna operational in the frequency
band of ISM 2.4 GHz. The tumor examined is of a
diameter of 1.5 mm.

This work aims to propose a novel and promising
approach for early-stage breast cancer detection using
non-ionizing electromagnetic waves. It is non-invasive,
low-cost, safe, and comfortable for the patient, and
sensitive for small and deep-seated tumors. The pro-
posed approach senses tumor presence using perfor-
mances of an innovative single radiofrequency antenna.
The designed and simulated antenna has the following
features:

(1) The proposed antenna is of 3D structure, and the
breast to be examined is placed inside this antenna,
i.e., between the radiating element and the ground
plane. By this placing manner, the antenna’s perfor-
mances are strongly linked to any change in dielec-
tric properties of breast tissues, i.e., to any tumor

presence. Dielectric properties changing is sensed in
both operating frequency bands of ISM 915 MHz
and 2.45 GHz based on resonance frequency shifting
and the corresponding reflection coefficient magni-
tude increasing/decreasing.

(2) The designed and simulated antenna sensor is a
patch antenna modified by slots inserted in both
the radiating element and the short-circuit-like, and
open-end slot inserted in the ground plane. The
dimensions and the solidity of the designed antenna
allow us to facilitate and accelerate the examination
procedure with a large degree of freedom for the
patient. It may be used sitting, standing, or lying
down.

(3) Two frequency bands are targeted for the antenna’s
operability to increase the antenna sensor capability
for smallest tumor detection in any region in the
breast; if a tumor presence is not marked clearly
in an operating frequency band, it will be sensed
more clearly with the antenna’s performances in
the other operating frequency band. Furthermore,
these two frequency bands are reserved and used
for medical applications and covered with high
impedance matching for each of them. In addition,
these two frequency bands are located below the
UWB frequencies, which further ensures patient
safety, as they are associated with relatively lower
losses through the human body tissues.

(4) A spherical shape phantom model of the human
female breast is used in the design and simulation
of the 3D antenna sensor and in tumor detection
performances. The applied dielectric properties of
healthy breast tissues and of tumors are based on
empirical, approved, and most cited models.

(5) Using a phantom model of the frontal torso and
a realistic model of the female human body of
VHP-Female version 2.1 [28], the practicality of
the proposed method is performed, and simulation
outcomes show promise for breast cancer detection
using only a single multi-band 3D antenna sensor.

The remainder of this paper is organized as fol-
lows. In section II, the breast phantom model, proposed
antenna design, and simulation process are presented.
In section III, breast cancer detection performances are
detailed. Section IV shows practical testing by simula-
tion of the proposed method considering breast variabil-
ity. In section V, SAR restrictions adherence is described
and shown. In section VI, a conclusion for summarizing
the main obtained results is given.

II. BREAST MODELING AND ANTENNA
DESIGN

As in all electromagnetic problems, designing and
simulating antennas for any purpose is based on solving
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of Maxwell’s equations. Most antenna problems involve
complex model geometries and solving these leads to a
set of equations unsolvable analytically, e.g., via vari-
able separation and Green’s functions. In the problem
solved in this paper, the model geometry becomes more
and more complex with the using of the three various
biological structures of the spherical model of the human
female breast, the phantom model of the frontal side of
the middle part of the human body, and female human
body the realistic model of VHP-Female version 2.1.

Complex electromagnetic problems solving like in
the case of the problems solved in this paper requires
the use of numerical methods like the finite element
method (FEM), used for the design and the simulation
of the proposed approach. Herein, the 3D FEM solver
within Ansys HFSS software is employed. This package
is considered as one of the most powerful tools used
for complex electromagnetic problems treatment. To
create and solve an electromagnetic problem in HFSS,
next steps are performed: creating the model of the
problem to be solved, assign boundaries and excitation,
set up the solution, solving the problem, and finally post-
process the results. Using HFSS, the problem solving
implies the automatically subdividing procedure of the
whole model geometry into many smaller subsections of
tetrahedron shape. The entire collection of these tetrahe-
drons represents the mesh of the problem. The obtained
initial mesh is refined automatically and iteratively using
adaptative meshing, focusing on high-error areas for
accurate results until a highly precise outcome is met.
In all design and simulation processes realized in this
paper, the electromagnetic fields within the model mesh
elements are solved using first-order basis functions for
better accuracy with fewer elements, leading to faster
convergence and reduced computational cost.

A. Breast phantom model
For numerical electromagnetic computational pur-

poses such as breast cancer detection, the realistic
human breast can be modeled by layered phantom mod-
els; each layer simulates a particular breast tissue, its
shape, dimensions, thickness, and dielectric properties.
A healthy breast is a heterogeneous organ constituted of
skin, fat, glandular/fibro-glandular tissues, and a nipple.
For an adult woman, the breast is of average full diam-
eter of around 114 mm, and may have various shapes,
e.g., round, teardrop [29]. To present the proposed
approach for breast cancer detection, the used 3D multi-
layer phantom model (Brst_mdl.1) of a healthy female
breast is represented in Fig. 1. In this model, skin, fat,
and glandular tissue layers are shapes of concentrated
half spheres and simulate radii of 55, 53, and 50 mm,
respectively. The nipple is also modeled by a half-sphere
with a radius of 6 mm.

Dielectric properties of breast tissues, like all
human body tissues, are relative permittivity, εr, and
conductivity, σ . These two properties are highly
frequency-dependent and given by the Cole-Cole empir-
ical model [30].

B. IFA-SCL antenna design and simulation
The dual-band Inverted-F Antenna with Short

Circuit-Like (IFA-SCL) antenna sensor designed in this
work is tuned to operate in the two frequency bands of
ISM 915 MHz and 2.45 GHz with enhanced impedance
matching and impedance bandwidth as wide as possible.
A 3D and a frontal view of the designed and simulated
antenna are shown in Figs. 2 (a) and 2 (b), respectively.
The healthy female breast phantom model is placed
inside the 3D antenna. This antenna sensor is constituted
of three parts, which are a shaped radiating element, a
short circuit-like, and a modified ground plane. These
antenna’s three parts are printed on a substrate, on
the side of an internal vertical support, and under a
superstrate of Cuflon dielectric material, respectively.

Cuflon is characterized by a relative permittivity εr
of 2.05, a loss tangent tanδ of 0.00045, and a dielectric
thickness of 0.38 mm. The antenna feeding is ensured
by a coaxial cable through a Sub-Miniature version A
(SMA) connector with a characteristic impedance of
50 Ω.

The shaped radiating element is shown in Fig. 3 (a),
and its surficial size is (XRE × YRE) = (111 ×
176.5) mm2. The antenna feed is positioned at the origin
of the coordinate system and away from the close edge
of the radiating element by 50 mm along the x axis.
The substrate corresponding to this radiating element
possesses surficial dimensions of (XSUB × YSUB) =
(111×180) mm2. This radiating element is modified by
the insertion of two meandered slots MS.I and MS.II.

Fig. 1. 3D view of female breast multi-layer phantom
model.

The surficial dimensions of the five parts
(MS.I_Prt.1 to MS.I_Prt.5) of the first meandered slot
MS.I are (41.5 × 1.5), (2.5 × 11), (47 × 2), (1.5 × 8),
and (48 × 2) mm2 for parts from Part.1 to Part.5,
respectively. The element MS.I_Prt.1 is away from the
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Fig. 2. IFA-SCL antenna sensor structure: (a) 3D view
and (b) frontal view.

close edge of the radiating element by 3 mm along
the y axis. The element MS.I_Prt.5 branches out to
five other slots (MS.I_ST.1 to MS.I_ST.5) in a saw
teeth shape. These slots measure surficial dimensions
of (2 × 152) mm2, and they are away from the close
edges of the radiating element by 2, 12, 22, 32, and
42 mm along the y axes, respectively.

For the second meandered slot, i.e., MS.II, the
length and width of its three parts (MS.II_Prt.1 to
MS.II_Prt.3) are (50 × 2.5), (3 × 175), and (99 × 2)
mm2, respectively. The element MS.II_Prt.3 is attached
to four slots (MS.II_ST.1 to MS.II_ST.4) in saw teeth
shape of dimensions of (2 × 152) mm2 for each of
them. These four slots are away from the close edge of
the radiating element by 7 mm for the slot MS.II_ST.1,
17 mm for the slot MS.II_ST.2, 27 mm for the slot
MS.II_ST.3, and 37 mm for the slot MS.II_ST.4 along
the x axis. The element MS.II_Prt.1 is distant from close
edges of the radiating element by 5, and 2 mm along the
x and y axes, respectively.

The short circuit-like is depicted in Fig. 3 (b). This
antenna constituent measures surficial dimensions of
(XSCL × ZSCL) = (111 × 167.6) mm2. The length and the

width of the slot inserted in this short circuit-like are 165
and 4 mm, respectively. Also, the surficial dimensions
of the rectangular short step used to connect the short
circuit-like to the ground plane are (11 × 2.4) mm2.
The slot and the rectangular short step are away from
the close edge of the short circuit-like by 14 and 30 mm
along the x axis, respectively. The internal vertical sup-
port corresponding to the short circuit-like is to enforce
the antenna solidity. Its dimensions are (XIVS × ZIVS) =
(111× 169.6) mm2. Figure 3 (c) illustrates the ground
plane and the corresponding superstrate. Their dimen-
sions are (XGND ×YGND) = (XSUP ×YSUP) = (111×
180.4) mm2. The surficial dimensions of the open-
end slot inserted to reformulate the ground plane are
(44 × 2) mm2. This open-end slot is away from the close
edge of the ground plane by 3.9 mm along the y axis.

The final structure of the IFA-SCL antenna is the
outcome of the design process that can be summarized in
three principal steps. The simulation is performed using
the 3D full-wave software of High-Frequency Structure
Simulator (HFSS), which is based on the finite element
method to solve electromagnetic problems. Also, the
simulation run-time is very high due to the heterogeneity
of the breast phantom model, and also due to the large
dimensions of the designed 3D antenna. Furthermore,
this time increases from one design step to the next.

Figure 4 shows the radiating element, the short
circuit-like, and the ground plane structures issuing from
successive design and simulation steps. To validate each
step, the reflection coefficient representation is adopted
as indicated by Fig. 5. The design and simulation steps
are as follows:

First, using two Cuflon dielectric Printed Circuit
Boards (PCBs) of size (111 × 180 × 0.38) mm3 and
copper thickness of 18 µm for each of them, a patch
antenna with a full ground plane and rectangular radiat-
ing element is designed and simulated. The first PCB is
used to print the radiating element; however, the second
PCB is used to print the ground plane as depicted in
Fig. 4 (a).

The radiating element is connected to a coax-feed
via a SMA connector with a probe of full length of
170 mm and radius of 0.38 mm (Fig. 2 (b)), which
yields a 3D patch antenna. The breast (Brst_mdl.1) to
be examined is placed inside the antenna. The computed
reflection coefficient that corresponds to this first step is
represented by Fig. 5 (First step). In the frequency range
of interest, i.e., from 0.85 to 2.8 GHz, three resonance
frequencies are obtained at frequencies of 0.96 GHz,
1.76 GHz, and 2.64 GHz. For the lower resonance, it
is close to the first targeted frequency band of ISM
915 MHz, but its impedance matching is not sufficient.
The third resonance is close to the second targeted fre-
quency band of ISM 2.45 GHz and presents a practical



53 ACES JOURNAL, Vol. 41, No. 01, January 2026

Fig. 3. 2D view of the designed 3D antenna sensor
elements: (a) radiating element, (b) short circuit-like,
and (c) ground plane.

impedance matching. In the next design and simulation
steps, these first and third resonance frequencies will be
reduced and tuned to cover the two targeted frequency
bands with enhanced impedance matching as possible.

Second, a short circuit-like is inserted in the antenna
between the radiating element and the ground plane
and connected to the ground plane by a rectangular
short step. In addition, to enforce the solidity of the 3D
antenna, the short circuit-like is printed on the side of an
internal vertical support of Cuflon dielectric material. To
reduce the first and third resonance frequencies obtained

Fig. 4. Design and simulation process steps: (a) first step,
(b) second step, and (c) third and final step. R.E. Radiat-
ing element, G.P. Ground plane, S.C-l. Short circuit-like.

in the precedent design step, a rectangular slot is inserted
in this short circuit-like as shown by Fig. 4 (b).

The reflection coefficient corresponding to this step
is represented by Fig. 5 (Second step). A shift to lower
frequencies is obtained for the first resonance frequency,
and the first targeted frequency band of ISM 915 MHz is
partially covered with a practical impedance matching.
Furthermore, the third resonance frequency obtained in
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the first step of this design is also reduced, leading to
covering the second targeted frequency band of ISM
2.45 GHz with a satisfactory impedance matching.

Finally, to cover the two targeted frequency bands
with impedance bandwidth as wide as possible and
improved impedance matching as possible, two mean-
dered slots constituted of five parts for the first and three
for the second are inserted in the radiating element as
represented in Fig. 4 (c). Also, these two meandered
slots are enforced by five and four other slots shaped
like saw teeth. These two shaped like saw teeth aim
to increase the antenna sensing to dielectric properties
changing and, thus, tumor(s) presence. In addition, an
open-end slot is inserted in the ground plane. Finally,
dimensions are tuned to yield the best design and simu-
lation results.

The simulated reflection coefficient obtained from
this third and final step is represented by Fig. 5 (Third
step, Final design). The final design yields a 3D antenna
operating in two frequency bands allocated for medical
devices, which are ISM 915 MHz and 2.45 GHz. The
first frequency band is covered with a resonance at a
frequency of 0.875 GHz; the corresponding magnitude
of the reflection coefficient (S11) is −30.94 dB, and the
achieved impedance bandwidth is around 80 MHz. For
the second frequency band, the corresponding resonance
is at a frequency of 2.465 GHz, the magnitude of
the reflection coefficient (S11) is −32.29 dB, and the
available impedance bandwidth is 50 MHz.

Fig. 5. Reflection coefficient corresponding to design
and simulation steps.

III. TUMOR DETECTION
PERFORMANCES

In pathologic cases, breast tumors are generally pro-
duced in the glandular tissue. Electromagnetically, the
tumor is characterized by particular dielectric properties,
which are completely different from those of the healthy
tissue. Dielectric properties of breast tumors used in this
work are from the most agreed-upon and used empirical
model [31]. Malignant tissues are characterized by dif-
ferent water and ionic content than other human body

tissues, which leads to particular permittivity and con-
ductivity and thus enables tumor detection.

A. Tumor detection and its size effect
It must be noted here that, while breasts are sim-

ilar, very slight differences in size, shape, and internal
structure are very common and normal for most women
due to natural variations in tissue (fat/glandular) distri-
bution, hormones, and genetics. The proposed approach
is based on the reality that breast cancer is typically
unilateral, meaning it starts in one breast, with bilat-
eral (both breasts) cases occurring in only 1–3 % of
patients [32, 33]. Thus, breast cancer detection with the
proposed approach entails the examination of the two
breasts of the patient and then comparing the shifting
and magnitude of resonance frequencies covering the
two operating frequency bands.

To evaluate the performances of the proposed
IFA_SCL antenna sensor for tumor detection, the
adopted scenario is given by Fig. 6 (a). The tumor to be
detected is supposed to be of spherical shape with radii
of 1, 2, and 5 mm and placed deeply in the glandular
layer of the female breast phantom model (Brst_mdl.1)
presented in section II, part A. Figure 6 (b) shows
the obtained mesh of breast skin part corresponding
to solved problem of this scenario. The entire model
geometry is discretized into 469066 tetrahedrons, with
the tumor divided into 649 finite elements having a
minimum volume of 2.25794 × 10−5 mm3. The cor-
responding reflection coefficient is shown in Fig. 7. By
comparison with the reflection coefficient corresponding
to the final design obtained in section II, part B, which
is also represented in this figure, the tumor presence
produces a resonance frequency shift and return loss
modification in both lower and higher resonance fre-
quencies covering the two operating frequency bands.

For the lower functional frequency band, the res-
onance frequency shifts from 0.875 GHz to higher
frequencies of 0.879, 0.880, and 0.880 GHz for tumor
radii of 1, 2, and 5 mm, respectively. Also, the simulated
return loss (S11) changes from −30.94 dB to −31.38,
−29.75 and −29.54 dB for these same tumor radii.
For the higher operating frequency band, the resonance
frequency shifts also occur to higher frequencies but
it is less remarkable especially for the tumor radius
of 1 mm. For this higher operating frequency band,
the resonance frequency shifting and the corresponding
amplitude are from (2.465 GHz, −32.29 dB) to val-
ues of (2.465, −33.94), (2.466, −34.91), and (2.467,
−39.62) (GHz, dB) for tumor radii of 1, 2, and 5 mm,
respectively.

From the obtained outcomes, a tumor presence
with a radius of only 1 mm is detectable based on
the resonance frequency shifting and the corresponding
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return loss magnitude changing. Effectively, the tumor
presence is sensed in both operating frequency bands
with some difference in sensing ability. Thus, the use
of a multi-band antenna sensor allows for the efficient
sensing of the tumor presence with remarkable reso-
nance frequency shifting and/or return loss magnitude
changing in at least one of their operating frequency
bands. From the simulation performed in this section,
tumor presence produces a shifting of value of at least
4 MHz for the resonance frequency that covers the ISM
band of 915 MHz. This shifting value is very remarkable
which means that this lower operating frequency is
more sensitive to tumor presence in considered breast
shape and size. Obtaining remarkable values allows
practitioners to confirm easily the tumor presence. In
addition, tumors of various sizes are also detectable.
In fact, a tumor size increase leads to more resonance
frequency shifting and/or more impedance matching in
at least in one of the two operating frequency bands.
Tumor presence produces variations in the impedance
bandwidth corresponding to the two operating bands.

Fig. 6. Tumor detection using designed IFA_SCL
antenna: (a) tumor to be detected and (b) skin part
meshing.

B. Multiple tumors detection
In the breast, the tumor can appear in various

regions of glandular tissue. The scenario of the paral-
lel presence of six spherical shape tumors with same
radius is examined using the breast model Brst_mdl.1
as shown in Fig. 8. To study the mentioned scenario,
three stages are considered by varying the six tumors
the same radius from 1, 2, to 5 mm in each stage.
The corresponding simulated reflection coefficient is
shown in Fig. 9. Effectively, multiple tumor presences
are also detectable considering the resonance frequency
shifting and the corresponding magnitude changing. For
tumors with radius of 1 mm, the resonance frequency
amplitude changes by 8.04 dB within the ISM band of
2.45 GHz without a shift in the resonance frequency, and
for the ISM band of 915 MHz, a shifting of 4 MHz is
simulated for the resonance frequency. A radius of 2 mm
leads to resonance frequency shifting by around 4 MHz
within the two ISM frequency bands. With the radius
of 5 mm, the shifting is clearer within the frequency

Fig. 7. Effect of tumor presence on reflection coeffi-
cient: (a) ISM band of 915 MHz and (b) ISM band of
2.45 GHz.

band of 2.45 GHz where a shifting of around 6 MHz is
simulated. Thus, multiple tumors lead to more resonance
frequency shifting for both resonance frequency, and the
six tumors presence is sensed more in the ISM frequency
band of 915 MHz.

Fig. 8. Multiple tumor detection scenario.

C. Breast size effect
Breast size and shape may change naturally from

one individual to another. These differences are influ-
enced by genetics, related body weight, and age, and can
also be affected by hormonal fluctuations, pregnancy,
and weight changes. Because breasts are composed of
fatty tissue, weight gain or loss directly impacts size. For
these reasons, the antenna sensor must be usable with
various sizes and shapes.
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Fig. 9. Multiple tumor effect on the IFA_SCL antenna
performances: (a) ISM band of 915 MHz and (b) ISM
band of 2.45 GHz.

To simulate the detection ability of the proposed
method considering the breast size variability, the
spherical shape breast model Brst_mdl.1 used previ-
ously is added to two other spherical shape breast mod-
els: Brst_mdl.2 and Brst_mdl.3. The model Brst_mdl.2
has skin, fat, and glandular layers of radii of 51, 48.5,
and 47 mm, respectively. The skin, fat, and glandular
layers radii of the model Brst_mdl.3 are 47, 46, and
44.5 mm, respectively.

The simulated reflection coefficients corresponding
to these three models are given in Fig. 10. Herein, the
tumor is also suggested to be of spherical shape with
a radius of 1 mm and placed deep within the glandular
tissue.

Without a tumor and based on performed simula-
tions, breast size and structure variations lead to different
resonance frequencies for both the lower and upper oper-
ating frequency bands. While the spherical shape breast
model of Brst_mdl.1 simulates resonance frequencies
of 0.875 GHz and 2.465 GHz for lower and higher
operating frequency bands, the model Brst_mdl.2 yields
resonance frequencies of 0.881 GHz and 2.465 GHz, and
the model Brst_mdl.3 produces resonance frequencies
of 0.877 GHz and 2.464 GHz. Despite the distinguished

resonance frequencies obtained with various breast
spherical models, the two operating frequency bands of
ISM 915 MHz and 2.45 GHz remain covered with high
impedance matching. Thus, the 3D antenna sensor is
usable with breasts of various sizes.

With a tumor and also based on performed sim-
ulations, the breast spherical model Brst_mdl.2 shifts
the resonance frequencies from 0.881 to 0.882 GHz
and from 2.465 to 2.466 GHz for the first and second
operating frequency bands. The shifted resonance fre-
quency corresponding to the higher frequency band is
accompanied by amplitude changing of value of 3.32 dB
and it is more than the amplitude changing (1.55 dB)
corresponding to shifted resonance frequency within the
lower frequency band. Thus, with this breast model of
Brst_mdl.2, the ISM frequency band of 2.45 GHz is
more sensitive to tumor presence. Also, for the breast
spherical model Brst_mdl.3, the resonance frequencies
shift from 0.877 to 0.879 GHz, and from 2.464 to
2.465 GHz for the first and the second operating fre-
quency bands, respectively. The resonance frequency
shifting observed with all three breast phantom mod-
els is accompanied by changes in the corresponding
reflection coefficient magnitudes. From these various
breast spherical models, the proposed approach and thus
the proposed dual-band 3D antenna sensor have the
potential to be used with breasts of various sizes.

From simulations affected in this section, the breast
cancer detection ability of the proposed method is
demonstrated by its capability to detect minor tumors
even those with a radius only of 1 mm, either in single or
multiple locations, and across various considered breast
sizes. Tumor presence results in a significant frequency
shift at least in one resonance frequency within two cov-
ered frequency bands of ISM 915 MHz and 2.45 GHz.
The simulated value of resonance frequency shifting
may reach 6 MHz, which is a very remarkable value.
Furthermore, this shifting is accompanied by a change
in the corresponding magnitudes with difference values
until 7.33 dB.

Since both the antenna’s electrical and radiation
performances are significantly related to the surrounding
material’s dielectric properties, the resonance frequen-
cies and their magnitudes of the proposed 3D antenna
are exploited to sense variations in dielectric properties
of breast tissues due to the tumor presence. By placing
the breast under examination between the radiation ele-
ment and the ground plane, it becomes part of the effec-
tive substrate of the 3D antenna which leads to reach
high sensing capability for variations in the breast’s
dielectric properties.

To better show the detection ability of the proposed
method, the next section designs and simulates this
ability using breasts of teardrop and side-set shapes.
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Fig. 10. Breast size effect on tumor detection: (a) in
the ISM 915 MHz frequency band and (b) in the ISM
2.45 GHz frequency band.

IV. PRACTICAL TESTS AND TUMOR
DETECTION USING MORE BREAST

VARIABILITY SIMULATION
For both testing the clinical applicability and

demonstrating the performance of the tumor detection
with more breast shapes using the proposed method,
two realistic human female breast models in side-set and
teardrop shapes are simulated. A human tissues model,
denoted Tbrst_mdl, is obtained by merging the side-
set shape within a frontal torso phantom model, while
the teardrop shape breast is included in the middle part
of the computational and realistic female human body
of VHP-Female version 2.1 and the resulting human
tissues model is denoted Vbrst_mdl. The frontal torso
is constituted of muscle, fat, and skin tissues. The entire
version 2.1 of the VHP-Female realistic model contains
25 individual tissues distributed in 203 tissue parts. As in
previous, the dielectric properties of various tissues are
based on the Cole-Cole model.

A top and lateral view of the model Tbrst_mdl
and the side-set shape breast tissues are depicted in
Figs. 11 (a), (b) and (c). A top and lateral view of the
model Vbrst_mdl, and the teardrop shape breast tissues
are shown by Figs. 12 (a), (b) and (c).

Figure 13 (a) presents the application of the 3D
antenna sensor for tumor detection in practical testing

Fig. 11. Tbrst_mdl model: (a) top view, (b) lateral view,
and (c) side-set shape breast tissues.

for the Tbrst_mdl model, while Fig. 13 (b) shows this
testing with the Vbrst_mdl model. The mesh corre-
sponding to the geometry of the solved model depicted
in Fig. 13 (b) is represented by Fig. 13 (c). Herein, the
full mesh is constituted of 703454 tetrahedrons. The
tumor is discretized into 766 tetrahedra finite elements
with a minimum volume of 7.61211 × 10−6 mm3.

The tumor to be detected is positioned within the
side-set shape breast of the Tbrst_mdl model as illus-
trated in Fig. 14 (a). For the teardrop shape breast of
the model Vbrst_mdl examination, tumor presence is
positioned in two different locations (upper and lower)
as indicated in Figs. 14 (b) and (c). In all cases, the tumor
is spherical, located within the glandular tissue, and has
radii of 1, 2, or 5 mm.

As a function of tumor radius, simulated reflec-
tion coefficients obtained with the side-set and teardrop
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Fig. 12. Vbrst_mdl model: (a) top view, (b) lateral view,
and (c) teardrop shape breast tissues.

shape breast are shown in Figs. 15 (a, b), and Figs. 16 (a,
b), with the tumor in the upper location for the latter.

Depending on the tumor location, simulated reflec-
tion coefficients obtained with the teardrop shape breast
are shown in Figs. 17 (a) and (b), with the tumor radius
fixed at 1 mm.

Herein, it must be noted that the required time
for problem analysis and solving increases from the
Tbrst_mdl to the Vbrst_mdl models due to the more
model geometry complexity of this letter.

Fig. 13. Clinical testing of the 3D antenna sensor with
breast variability: (a) side-set shape breast examination,
(b) teardrop shape examination, and (c) breast skin part
meshing.

As precisely indicated in Fig. 15, the presence of a
tumor within the breast model (Tbrst_mdl) results in a
shift to higher frequencies (and changes in amplitude)
for both lower and higher resonance frequencies of
the 3D antenna sensor. The lower resonance frequency
shifts (amplitude changes) from 0.870 GHz (−21.15 dB)
to 0.880 (−20.17), 0.880 (−20.29), and 0.880 GHz
(−20.62 dB) when the tumor radius is of 1, 2, and
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Fig. 14. Tumor presence in glandular tissue: (a) tumor
in side-set shape breast, (b) tumor in upper location in
teardrop shape breast, and (c) tumor in lower location in
teardrop shape breast.

5 mm, respectively. The higher resonance frequency
shifts (amplitude changes) from 2.450 GHz (−23.68 dB)
to 2.470 (−19.67), 2.460 (−26.44), and 2.460 GHz
(−23.63 dB) also when the tumor radius is 1, 2, and
5 mm, respectively. Thus, the tumor presence is sensed
significantly in both operating frequency bands with
more remarkable shifting within the ISM frequency
band of 2.45 GHz.

Fig. 15. Tumor detection in side-set shape breast:
(a) 915 MHz ISM band and (b) 2.45 GHz ISM band.

From Fig. 16, when the tumor is placed in the upper
location within the teardrop shaped breast, both reso-
nance frequencies shift to higher frequencies, which also
yields a change in amplitude. The lower resonance fre-
quency shifts (and amplitude changes) from 0.870 GHz
(−24.21 dB) to 0.880 (−25.40), 0.880 (−23.92) and
0.880 GHz (−23.61 dB), and the higher resonance fre-
quency shifts (and amplitude changes) from 2.460 GHz
(−25.29 dB) to 2.470 (−21.45), 2.470 (−23.69) and
2.480 MHz (−20.47 dB). Tumor radius is of value at
1, 2, and 5 mm consecutively. Detection ability is more
remarkable within the frequency band of 2.45 GHz,
especially with tumor radius of 5 mm.

As shown in Fig. 17, the presence of a spherical
tumor with a 1 mm radius in the lower location was
detected by the 3D antenna sensor. A shift in the two
resonance frequencies and a change in amplitude were
obtained for various reached resonance frequencies. For
the lower resonance frequency, the frequency shift (and
the amplitude change) is from 0.870 GHz (−24.21 dB)
to 0.880 GHz (−21.86 dB); the higher resonance fre-
quency shifts (and amplitude changes) from 2.460 GHz
(−25.29 dB) to 2.470 GHz (−18.43 dB).

For various simulations corresponding to this sec-
tion, tumor presence introduces a significant shift of at
least of 10 MHz in at least resonance frequency.
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Fig. 16. Tumor detection in teardrop shape breast:
(a) 915 MHz ISM band and (b) 2.45 GHz ISM band.

Based on reflection coefficients obtained by simu-
lation with various breast spherical models (Brst_mdl.1,
Brst_mdl.2, and Brst_mdl.3) used in sections II and III,
as well as the side-set shape breast of the Tbrst_mdl
model and the teardrop shape breast of the Vbrst_mdl
model used in this section, it can be deduced that,
despite the influence of the breast variability on the res-
onance frequencies and their amplitudes, the operating
frequency bands remain covered and the 3D antenna
sensor maintains its full-power for tumor detection. A
tumor with radius of only 1 mm can be sensed and, in
all cases, at least one resonance frequency shift by a
remarkable value of few MHz is simulated.

The detection ability of the proposed method was
confirmed in the two simulated practical tests, where
remarkable frequency shifts were obtained. For both
first and second tests, simulated frequency shifting is of
minimum value of 10 MHz and a maximum value of
20 MHz were achieved for the two ISM frequency bands
of 915 MHz and 2.45 GHz. Additionally, the shifted res-
onance frequency magnitude increases by up to 6.86 dB
for the second test. Therefore, after examination of
a woman’s breasts and by comparing the correspond-
ing reflection coefficients, practitioners can deduce a
tumor’s presence if there’s a remarkable difference in
resonance frequency at least in one operating frequency

Fig. 17. Tumor location effect on tumor detection:
(a) 915 MHz ISM band and (b) 2.45 GHz ISM band.

band. The unhealthy breast is that which exhibits the
higher resonance frequency (or frequencies).

V. PATIENT SAFETY CONFIRMATION
In any interaction between human body tissues

and electromagnetic waves, the patient’s safety must be
ensured. To reach this goal, the general public exposure
is restricted by the two standards of IEEE C95.1-1999
(1-g Averaged SAR ≤ 1.6 W/Kg) [34] and IEEE C95.1-
2005 (10-g Averaged SAR ≤ 2 W/Kg) [35]. For the pro-
posed approach, the net-input power of the 3D antenna
sensor should not exceed the corresponding value for
each limit. Since the first limit is the most restricted, it
will be used in this work.

Proposed experimental and clinical systems used in
breast cancer detection using radar-based MWBI com-
monly operate at very low power levels where the power
transmitted by antennas is within the 0.1 (−10 dBm) to
10 mW (+10 dBm) range. More exactly, many systems
settle near 1 mW (0 dBm) as a practical balance point.

To verify patient safety during examination for
early-stage breast cancer detection using the proposed
antenna sensor, its net-input power is set to 1 mW.
The simulated maximum 1-g averaged SAR values at
resonance frequencies that cover the two interested
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frequency bands using the breast phantom model
Brst_mdl.1 are given by Table 1.

Table 1: Simulated maximum 1-g averaged SAR in
breast phantom model Brst_mdl.1 tissues

Frequency [GHz] Tissue Max 1-g Avg.
SAR [mW/Kg]

0.875 Skin 1.93
Fat 2.83

Glandular 2.40
Muscle 2.24

2.465 Skin 3.79
Fat 3.68

Glandular 2.00
Muscle 3.15

From simulated maximum values of averaged
SAR using the 1-g standard, patient safety remains
ensured even as the antenna net-input power rises until
422.16 mW, which is much higher than the experimental
transmitted power by radar-based MWBI antennas.

VI. CONCLUSION
The present work discusses and presents a novel

approach for early-stage breast cancer detection using
only a single radiofrequency 3D antenna sensor. The
simulated, designed, and used IFA-SCL antenna is of an
innovative structure that allows placing the entire breast
to be examined inside between its radiating element
and ground plane, this enables efficient sensing of the
dielectric properties of the breast under examination.

The proposed antenna is operational in two allo-
cated frequency bands for medical applications, which
are ISM 915 MHz and 2.45 GHz. Based on the shifting
of resonance frequencies corresponding to these two
bands and the related return loss magnitude changing,
tumor presence and thus its detection is realized. A
tumor with a radius of only 1 mm and placed deeply
in the glandular tissue is detectable with various sizes of
a spherical shape breast model; a shifting of 4 MHz in
the resonance frequency that covers the ISM 915 MHz
is obtained. Testing by simulation of the proposed
approach with realistic and variable breasts yields very
satisfactory results for practical use. From these tests, a
significant and a remarkable resonance frequency shift-
ing of 20 MHz is simulated within the frequency band of
ISM 2.45 GHz. From simulated results, the 3D antenna
sensor is able to sense tumor presence with variable
breast shapes and sizes.

With the proposed approach, tumor detection is
easy, fast, less painful, safe and comfortable, and with
low-cost. In addition, false-positive (a suspicious area
that appears to be cancerous, but no cancer is present)

and false-negative (incorrectly suggesting no cancer is
present, when a tumor is actually present) results are
fully detected by the proposed 3D antenna sensor, which
may allow this novel approach to become a promis-
ing and alternative way for early-stage breast cancer
detection.
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Abstract – To prevent excessive skin temperature rise
from overexposure due to near-field sources for frequen-
cies from 6 to 300 GHz, international safety guidelines
and standards for limiting exposure to electromagnetic
(EM) waves introduce an incident power density (IPD)
as an exposure reference limit and an absorbed power
density (APD) as a basic restriction. At frequencies
above 6 GHz, the penetration depth of EM waves in the
human body model is particularly less, since EM wave
penetration is more superficial in tissues. Therefore, the
thickness of outermost tissues such as skin, which has
different thicknesses in different realistic regions of a
three-dimensional (3D) realistic human body, is a critical
factor for the accuracy of EM dosimetry analysis. In this
paper, the effect of skin thickness in a 3D planar head
model on the spatially averaged APD over 1 cm2 and
4 cm2 areas due to near-field sources are investigated for
the frequency range from 10 to 100 GHz. These investi-
gations are performed using the finite-difference time-
domain (FDTD) method considering different separa-
tion distances from the near-field source to the model of
the skin surface. Numerical results show that skin thick-
ness is the primary parameter in evaluating EM field
exposure and the accuracy of EM dosimetry analysis.

Index Terms – Absorbed power density, electromag-
netic dosimetry analysis, FDTD method, incident power
density, millimeter wave exposure, planar head model.

I. INTRODUCTION
In electromagnetic (EM) dosimetry analysis, skin

thickness of a human body directly affects how much
EM power is absorbed by the tissues due to lower
penetration depth of EM fields in tissues at frequencies
above 6 GHz. Therefore, it is necessary to investigate
the relationship between skin thickness and absorbed
power by the skin tissue for the accuracy of the EM

dosimetry analysis, especially for predicting potential
thermal effects and evaluating EM safety standards in
[1, 2]. These standards, called as IEEE International
Committee on Electromagnetic Safety (ICES) [1] and
the International Commission on Nonionizing Radiation
Protection (ICNIRP) [2], provide basic restrictions such
as specific absorption rate (SAR1g and SAR10g) aver-
aged over 1g and 10g of tissues and absorbed power
density (APD) for assessing human safety from EM
radiation.

For frequencies below 6 GHz [3–10], EM waves
penetrate deep into tissues, therefore, SAR1g and
SAR10g have been used as basic restrictions to prevent
excessive temperature rise on the surface and internal
tissues due to different types of EM sources. However,
the penetration of the EM waves and resulting temper-
ature rise for frequencies above 6 GHz becomes more
significant in superficial tissues [1, 2], especially within
the skin tissue. Therefore, APD over 1 cm2 and 4 cm2

averaging areas on the skin surface determined in [1, 2]
is a useful exposure metric to evaluate EM dosimetry
instead of SAR1g and SAR10g. The APD limits recom-
mended in [1, 2] are 20 W/m2 over a 4 cm2 surface
area in the 6–300 GHz frequency range and 40 W/m2

over a 1 cm2 surface area in the 30–300 GHz frequency
range. The spatially averaged incident power densities
(IPD) over 1 cm2 and 4 cm2 areas, calculated in the free
space without the presence of the human body model,
is defined as an exposure reference level (ERL) [1] or
reference level (RL) [2].

Assessment of EM dosimetry analysis due to
antenna sources above 6 GHz has been extensively stud-
ied in [11–25]. However, the relationship between the
spatially averaged IPD/APD and resulting temperature
rise due to different exposure types has been studied
by only a few research groups in [14, 15] and [22].
The correlation between the spatially averaged IPD and
resulting temperature rise in a homogeneous planar skin
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model [11–19] due to EM exposure from the antennas.
Furthermore, the APD, which correlates well with the
superficial temperature rise in the tissues compared to
IPD, due to different antenna types has been calcu-
lated in [18–25] for the frequencies above 6 GHz. An
intercomparison study reported in [14] investigated the
effect of the incident angle on the IPD and resulting
temperature rise due to different types of array anten-
nas with different body separation distances. In [15],
another intercomparison study has been performed by
six different research groups using the finite-difference
time-domain (FDTD) method, Galerkin-Bubnov indi-
rect boundary element method (GB-IBEM), and finite
integration technique (FIT) to calculate the IPD and
resulting temperature rise in a human body model due
to different antenna sources operating at the frequencies
from 10 to 90 GHz. Furthermore, the spatially averaged
APD in planar human body models with a single skin
tissue and three different tissues (skin, fat, and muscle)
has been calculated due to a single dipole and array
dipole antennas operating at frequencies from 10 to
90 GHz in [22]. The intercomparison study in [22] has
been performed by 11 different research groups using
the different numerical methods (i.e. FDTD method,
finite element method (FEM), FIT, transmission line
method (TLM), and GB-IBEM).

EM dosimetry evaluation of a three-dimensional
(3D) realistic human body model at frequencies above
6 GHz requires huge computational time and large
computer resources due to cell size restriction in FDTD
method. Therefore, a 3D multi-layered planar human
model, instead of the 3D realistic human model, has
been analyzed [11–25] above 6 GHz. In most studies,
the human body model was considered to have a skin
tissue of 1.5 or 2 mm thick. However, thickness of skin
tissue in different regions of a realistic human body is
not the same [25–29] and is known to vary between
roughly 0.5 mm and 2 mm, especially on different
regions of the human head as seen in Table 1. The
realistic skin thickness values [28, 29] on the different
anatomical regions (forehead, eyelid, cheek, chin, neck)
of the realistic human head are tabulated for male and
female in Table 1. They can also vary significantly across
age groups, races, and genders. Since, it is a well-known
fact that most of the EM fields emitted by far-field and
near-field sources are absorbed by the outer tissues in
the human body, especially by skin tissue. Therefore,
some studies in [25–27] showed that accuracy of EM
dosimetry at frequencies up to 100 GHz has been sig-
nificantly affected by the skin thickness in the human
body model. In [25], the effect of the skin thickness of
a head model on APD above 6 GHz was investigated
when the dipole antenna was placed at 15- and 45-mm
distance from the model. In [26, 27], EM dosimetry

Table 1: Skin thickness in different regions of the realis-
tic human head [28, 29]

Regions Male (mm) Female (mm)
Forehead 0.900 0.835

Eyelid 0.569 0.473
Cheek 1.237 1.044
Chin 0.891 0.746
Neck 1.561 1.255

Postauricular 0.766 0.657
Temple 1.795 −

Nasal Dorsum 2.016 −
Malar 1.086 −
Scalp 1.383 −
Vertex 0.957 −

analysis of one-dimensional human body models with
different skin thicknesses have been investigated up to
100 GHz. However, the effect of skin thickness of the
3D human body model on EM dosimetry analysis has
not been investigated sufficiently up to 100 GHz when
the antenna is placed very close to the head model.

In this paper, the effect of skin thickness in a 3D
planar head model on the spatially averaged APD and
IPD have been analyzed using a dispersive formulation
of the FDTD method for the frequency range from 10
to 100 GHz. The electrical parameters of each tissue
are accurately represented by a three-term Debye model
to accurately access the tissues dispersiveness proper-
ties on the numerically obtained results. To verify the
accuracy of our FDTD codes [30] for EM dosimetry
analysis, the spatially averaged IPD and APD values
obtained in this study are compared to the mean values
of them obtained by different research groups using dif-
ferent numerical methods in the intercomparison stud-
ies [15, 22]. Finally, the effects of separation distances
between the antenna and the planar head model on the
spatially averaged APD over the skin surface of the
model are investigated for each frequency of interest.

II. MODEL, METHOD, AND EXPOSURE
METRICS

A. Multilayered planar head model
A 3D planar multi-layered head model shown in

Fig. 1 is used for the EM dosimetry analysis in this
study. This model contains nine different head tissues
(skin, fat, muscle, bone cortical, bone marrow, dura,
CSF, gray and white matter). The arrangement of these
tissues in the planar head model is shown in Fig. 1, and
their corresponding thickness values (Th) are provided
in Table 2. The side length (L) and thickness (T) of the
multi-layered planar head model are provided in Table 3
for each frequency of interest from 10 to 100 GHz.
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Fig. 1. (a) a 3D planar head model and (b) a 3D realistic
head model with a half-wave dipole antenna at the
separation distance of d.

Table 2: Thickness (Th) and three-term Debye coeffi-
cients of head tissues

Th
Tissues (mm) ε∞ εs1 εs2 εs3 τ1 (ps) τ2 (ps) τ3 (ps)
Skin 1.5 4.03 0.12 32.41 22.83 1.44 7.23 160.7
Fat 1.5 2.56 0.33 1.18 1.42 1.32 4.98 16.94
Muscle 2.5 4.48 3.79 29.74 19.35 1.60 5.79 17.36
Bone
Cortical

1.5 2.64 0.69 2.68 6.16 1.35 5.56 19.22

Bone
Marrow

1.5 2.56 0.33 1.15 1.40 1.30 4.91 16.16

Dura 1 4.60 3.75 19.03 19.51 1.47 5.55 18.60
CSF 1 4.61 4.71 39.89 31.69 1.71 6.386 24.34
Gray
Matter

3 4.42 3.12 2.58 2.03 1.62 6.12 18.66

White
Matter

10 4.31 2.21 18.09 14.50 1.59 6.05 17.76

Table 3: Size and resolution of the planar head model
and length of antennas operated between 10 and
100 GHz
Frequency Resolution T L Antenna

(GHz) (mm) (mm) (mm) Length
(mm)

10
0.25

25 100 13
20 25 100 9
30 25 100 6
40

0.125

25 50 4
50 25 50 3
60 25 50 2.3
70 25 50 15
80

0.0625
25 25 1.2

90 25 25 1
100 25 25 0.8

The 3D planar multilayer head model in Fig. 1 (a)
provides ease of computation and enables efficient EM
dosimetry analysis. Furthermore, this planar model was
chosen to ensure its applicability in FDTD analyses
up to 100 GHz, where the required spatial cell size
(<0.1 mm) and time step constraints exist. The planar
model can accurately represent EM field distributions
and exposures across layered tissues; however, it can-
not represent the detailed curvature and heterogeneous
structure of a 3D realistic head model in Fig. 1 (b),
which requires a very large computational domain and a
very long computational time for EM dosimetry analysis
at frequencies up to 100 GHz. Therefore, although the
planar model is suitable for preliminary or comparative
evaluations as in [15] and [22], anatomically detailed
and realistic 3D head models could be used in future
studies to provide higher spatial accuracy and better
representation of realistic conditions.

B. Electrical properties of tissues
The electrical parameters (relative permittivity-εr

and conductivity-σ ) of the head tissues in Fig. 1 are
frequency dependent. They can be obtained in (1) by
using the three-term Debye coefficients of these tissues
(ε∞ relative permittivity at infinite frequency, εsk static
relative permittivity, τk relaxation time at kth term).
These three-term Debye coefficients, which are available
for the frequency range between 20 and 100 GHz, are
provided in [31] and given in Table 2.

ε
∗
r (ω) = ε

′
r(ω)+ jε ′′r (ω) = ε∞

+
3

∑
k=1

εsk − ε∞

1+ jωτk
, (1a)

σ(ω) =−ε
′′
r (ω)∗ω ∗ εo. (1b)

C. Electromagnetic dosimetry analysis
EM dosimetry analysis of the human model exposed

to a near-field source was performed using the dispersive
formulation of the FDTD method in [9, 10] which is
suitable for the EM analysis of inhomogeneous and
complex structures such as the human body models.
The FDTD problem domain, which includes the 3D
planar head model, a near-field source, and 15-cell air
layer, is truncated by a 10-cell convolution perfectly
matched layer (CPML) [32]. The spatial resolution of
the FDTD problem domain with the head model must be
at least one-tenth of the minimum wavelength (λmin) in
the tissues to satisfy the Courant-Friedrichs-Lewy (CFL)
stability condition [30]. Therefore, the spatial resolu-
tions different for all frequencies of interest between 10
and 100 GHz are given in Table 3.
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D. Near field exposure
A single half-wave dipole used as a near-field

source in the EM dosimetry analysis was designed at all
frequencies of interest from 10 to 100 GHz. The lengths
of the dipole antennas, which are half of the free-space
wavelength (λo) at the desired frequencies, were given in
Table 3 and adjusted to have maximum radiation power
emitted from the dipole antenna. The half-wave dipole
antenna was placed at a separation distance of d from
the skin surface of the head model as shown in Fig. 1.
It would have been optimal to use a source antenna
that covers the entire frequency band from 10 GHz
to 100 GHz, then the FDTD simulation would have
run only once. However, the design of such antenna is
outside the scope of this paper. The use of the dispersive
type FDTD formulation [9, 10] yields more accurate
results even if one uses different dipole antenna centered
at a specific frequency as the dipole antenna radiates at
other frequencies but without the same strength, thus a
dispersive type of analysis is warranted.

The total input power radiated by a single half-
wave dipole antenna is set to 10 mW, which represents
the typical input power of antennas used in common
wireless consumer devices [33]. For example, smart-
phones and wearable electronic devices typically radiate
between 5 and 20 mW during active transmission (Wi-
Fi or Bluetooth modes). Therefore, the modeled level
of 10 mW approximates an average realistic usage
scenario, consistent with previous studies [15, 22, 34].

E. Exposure metrics for evaluation
The spatially averaged normal IPD (IPDn) and total

IPD (IPDt) of the time-averaged power density on the
evaluation plane at various distances from the antennas
has been calculated in the absence of the head model
using the complex electric (E) and magnetic (H) fields
in equation (2).

IPDn =
1

2A

∫∫
A

Real{E ×H∗} · n̂dA, (2a)

IPDt =
1

2A

∫∫
A
∥Real{E ×H∗}∥dA, (2b)

where * shows the complex conjugate, A refers to the
averaging areas over 1 cm2 and 4 cm2, n̂ shows the unit
vector normal to the evaluation plane, ∥ · ∥ denotes the
norm symbol, and dA is the variable of integration. The
spatially averaged APD on the skin surface of the head
model placed at different separation distance of d from
the antenna has been calculated in equation (3) which is
recommended by ICNIRP guidelines [1] and written in
the following form:

APD =
1

2A

∫∫
A

Real{E ×H∗} · n̂dA, (3)

where n̂dA shows the unit vector normal to the integral
area of A on the skin surface of the planar head model.

III. NUMERICAL EVALUATION
In this study, assuming that the skin thickness in

different regions of the head model given in Table 1
varies between 0.5 mm and 1.5 mm, peak spatially
averaged APD values were calculated depending on the
skin thickness of 0.5, 1, and 1.5 mm, the frequency of
10–100 GHz and the separation distance of 2.5–15 mm.
Additionally, the peak spatially averaged IPDn and IPDt
over averaged areas of 1 cm2 and 4 cm2 due to a half-
wave dipole antenna are calculated as a function of
frequency up to 100 GHz and separation distance, and
compared with the results in [22].

A. Performance of the antenna with and without a
planar head model

The input reflection coefficients (S11) of the half-
wave dipole antennas operated at 20 and 60 GHz fre-
quencies with and without a 3D planar head model are
shown in Fig. 2. In the simulation with the planar head
model, the separation distance of d between the antenna
and the skin surface was assumed to be 5 mm, and
the skin thickness (tskin) was assumed to be 0.5, 1, and
1.5 mm. As can be seen from Fig. 2, the S11 values are
really affected by the presence of the planar head model
and the change in its skin thickness, especially at the
frequency of 20 GHz.

B. Comparison of the results obtained with existing
studies

In order to satisfy the accuracy of our FDTD code,
the values of peak spatially averaged IPDn, IPDt, and
APD over 1 cm2 and 4 cm2 areas obtained in the
intercomparison study [22] due to a half-wave dipole
antenna are compared to the results obtained in this
study. In [22], the mean values of peak spatial averaged
IPDn, IPDt, and APD over areas of 1 cm2 and 4 cm2

obtained by 11 different research groups have been cal-
culated for the frequencies of 10, 30, and 90 GHz. These
research groups used different numerical methods for
the EM dosimetry analysis of the planar single and three-
layered models. In Table 4, the mean values of peak
spatial averaged IPDn, IPDt, and APD calculated in [22]
for the three-layered model with the skin thickness of
1.5 mm are compared to the results obtained in this
study. The results in Table 4 show good agreement.

C. IPD as a function of frequency
The peak values of spatially averaged IPD (IPDn

and IPDt) over 1 cm2 and 4 cm2 areas due to a half-wave
dipole antenna are calculated on an evaluation plane and
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they are shown in Fig. 3 as a function of frequencies
from 10 to 100 GHz when the separation distance of d is
2, 5, and 10 mm. As can be seen from Fig. 3, IPDn and
IPDt over 1 cm2 and 4 cm2 areas gradually increase up
to 30 GHz, then their increase slows down and reaches
steady-state values. As expected, the peak values of IPDt
are higher than those of IPDn for both each frequency of
interest and each separation distance, and these values
also decrease as the separation distance of d increases.

D. IPD as a function of separation distance
The peak values of spatially averaged IPDn and

IPDt over areas of 1 cm2 and 4 cm2 shown in Fig. 4 are
calculated as a function of separation distance from 1 to
20 mm for the frequencies of 10, 30, 60, and 100 GHz.
As seen in Fig. 4, since EM radiation decreases with dis-
tance from the source, the IPDn and IPDt values decrease
exponentially as the separation distance increases.

E. APD as a function of frequency and skin thickness
To show the effect of skin thickness on the spatially

averaged APD values over 1 cm2 and 4 cm2 areas, the
planar head model with the adjacent half-wave dipole
antenna operated at frequencies from 10 to 100 GHz is
analyzed using the FDTD method. Figure 5 shows the
APD values as a function of frequency from 10 GHz
to 100 GHz when the skin thickness is 1.5, 1, and
0.5 mm and the separation distance is 5 and 10 mm. The

Fig. 2. S11 of the antenna operated at (a) 20 and
(b) 60 GHz with and without the 3D planar head model.

compared results show that APD values are affected by
the changes in skin thickness of the human head, operat-
ing frequency of the antenna, and the separation distance
between the human body and antenna. As expected,
APD values decrease as the separation distance from the
antenna increases. There is a relationship between APD
values and operating frequency, but it would be difficult

Table 4: Comparison of peak spatially averaged IPDn, IPDt, and APD over 1 cm2 and 4 cm2 areas with separation
distances of 2, 5, 10, and 15 mm at frequency of 10, 30, and 90 GHz

Dist. Freq. Ref. IPDn (W/m2) IPDt (W/m2) APD (W/m2)
(mm) (GHz) 1 cm2 4 cm2 1 cm2 4 cm2 1 cm2 4 cm2

2 90
[22] 36.99 10.83 56.53 20.38 24.76 6.71

This Work 36.86 10.82 56.48 20.42 24.96 6.68

5

10
[22] 18.04 8.23 20.62 11.28 9.62 3.85

This Work 18.01 8.23 20.61 11.29 10.02 3.98

30
[22] 21.31 8.46 25.34 12.09 11.93 4.38

This Work 21.05 8.42 25.02 12.04 11.46 4.23

90
[22] 21.92 8.55 26.30 12.31 14.29 5.24

This Work 21.83 8.51 26.22 12.27 13.96 5.08

10

10
[22] 8.26 5.19 8.72 6.09 2.34 1.40

This Work 8.27 5.19 8.73 6.10 2.38 1.36

30
[22] 9.36 5.43 9.99 6.51 4.91 2.79

This Work 9.23 5.39 9.85 6.46 4.78 2.68

90
[22] 9.55 5.49 10.23 6.62 6.25 3.54

This Work 9.49 5.46 10.14 6.56 6.28 3.49

15

10 [22] 4.53 3.37 4.66 3.70 1.57 1.16
This Work 4.52 3.36 4.65 3.70 1.65 1.18

30
[22] 4.91 3.52 5.08 3.91 2.53 1.81

This Work 4.84 3.49 5.00 3.87 2.38 1.72
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Fig. 3. IPDn and IPDt values [W/m2] over (a) 1 cm2 and
(b) 4 cm2 averaged areas as a function of frequency with
the separation distance of 2, 5, and 10 mm.

to make an inference between the operating frequency
of the antenna in the 20–100 GHz range and the APD
values. However, it can be observed that APD tends to
increase as frequency increases, especially from 20 GHz
to 90 GHz. This is expected because the energy of the
EM wave increases with frequency. The APD values
over 1 cm2 averaging area generally shows higher than
those over 4 cm2 averaging area, especially at higher
frequencies, because smaller averaging areas lead to
local hotspots or more localized absorption.

As can be seen from Fig. 5, thinner skin leads to
higher APD values, especially at 10 GHz, because it
allows more EM waves to penetrate deeper tissues and
causes higher energy absorption in superficial tissues.
However, thicker skin resulting in lower APD allows EM
waves to penetrate less deeply into tissues because the
energy is attenuated more when reaching deeper tissues.
Furthermore, the penetration depth at frequencies of
30 and 60 GHz is less than 1 mm and 0.5 mm [1],
respectively. Therefore, APD values are more affected
by skin thickness changes from 1.5 mm to 1 mm at
30 GHz and from 1.5 mm to 0.5 mm at 60 GHz. As

Fig. 4. IPDn and IPDt values [W/m2] over (a) 1 cm2

and (b) 4 cm2 averaged areas as a function of separation
distance at 10, 30, 60, and 100 GHz.

the separation distance between the antenna and the
skin surface increases from 5 mm to 10 mm, the APD
values decrease because the power density of the antenna
decreases as the separation distance increases due to the
inverse square law of EM radiation.

Figure 6 shows the relative percentage change rate
(RPCR) in APD values as a function of frequency for
skin thickness of 1.5 mm and 0.5 mm at the separation
distance of 5 mm. In RPCR calculation, the APD values
of 1.5 mm and 0.5 mm skin thickness are compared with
the APD values of 1 mm skin thickness when d is 5 mm.
As seen in Fig. 5, changes in skin thickness can cause
significant changes in APD values in the frequency
range of 10–100 GHz, especially at frequencies up to
30 GHz for 1.5 mm skin thickness and up to 60 GHz for
0.5 mm skin thickness. Furthermore, it can be realized
that APD is more sensitive to frequency changes for
1.5 mm skin thickness at frequency below 30 GHz and
for 0.5 mm skin thickness at frequency below 60 GHz.

RPCR =

∣∣∣∣APD1mm −APD0.5 or 1.5 mm

APD1mm

∣∣∣∣×100%. (4)
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F. APD as a function of separation distance and skin
thickness

In Fig. 7, the peak spatially averaged APD values
at 20 and 60 GHz are shown as a function of the
separation distance from 2.5 mm to 20 mm. The APD
values decrease as the separation distance increases from
2.5 mm to 20 mm. This follows the inverse square
law of EM radiation. As seen in Fig. 7, APD values
decrease sharply, especially at short distances between
2.5–5 mm, and gradually decrease at long distances
between 10–20 mm. As expected, the APD averaged
over 1 cm2 is significantly higher than that averaged
over 4 cm2 at short separation distances. Moreover, as
the separation distance increases, the influence of skin
thickness on the APD values becomes negligible.

G. APD normalized by skin thickness
APD values normalized to skin thickness in equa-

tion (5) allow comparison of how absorbed power scales
per unit skin thickness. This is useful for comparing
absorption behavior over 1 cm2 and 4 cm2 areas with
different skin thicknesses. Figure 8 shows the absorbed
power density (NAPD) normalized to skin thickness
(0.5 mm, 1 mm, and 1.5 mm) over 1 cm2 and 4 cm2

averaged areas at four operating frequencies (10, 30,
60, and 90 GHz). At both averaging areas, the NAPD
decreases with increasing skin thickness and frequency,
indicating stronger EM wave attenuation and reduced
penetration depth at higher frequencies.

NAPD =
APD (W/m2)

tskin(mm)
. (5)

Although this study focuses on EM analysis of the
planar head model due to the dipole antenna to show the
effect of skin thickness on APD values, it is crucial to
recognize its potential biological implications such as
local tissue heating and thermal effect on tissues not
investigated in this work. It is well known from [1, 2]
that APD values correlate well with surface temperature
rise and are an indicator of maximum skin temperature
rise at frequencies above 10 GHz. Therefore, it can be
concluded that skin thickness has a significant impact
on APD values and may also have an impact on the
temperature increase resulting from APD values.

The results obtained from this study can help under-
stand the effect of skin thickness on APD levels due
to wearable devices such as smartwatches, headsets,
or smart glasses. For wearable devices, understanding
the skin thickness effect on APD distributions helps
assess the thermal safety of the device, ensuring that
users are not exposed to harmful levels of EM radia-
tion. Various factors such as bone structure, vascularity,
hair and ambient temperature can change the electrical

Fig. 5. APD over 1 cm2 and 4 cm2 averaged areas as a
function of frequency with the skin thickness of 0.5, 1,
1.5 mm for (a) d = 5 mm and (b) d = 10 mm.

Fig. 6. RPCR values based on the APD results for a skin
thickness of 1 mm.

parameters of tissues and these changes can affect the
EM dosimetry analysis of the human body, however the
effect of these factors was not considered in this study. It
can be realized from the numerical results that the APD
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Fig. 7. APD over 1 cm2 and 4 cm2 averaged areas at
frequencies of (a) 20 and (b) 60 GHz as a function of the
separation distance for 0.5, 1, and 1.5 mm skin thickness.

Fig. 8. NAPD as a function of skin thickness (0.5 mm,
1.0 mm, and 1.5 mm) at four frequencies (10, 30, 60, and
90 GHz) over averaging areas of (a) 1 cm2 and (b) 4 cm2.

values over 1 cm2 and 4 cm2 averaged areas for skin
thickness between 0.5 mm and 1.5 mm obtained from
this study are lower than the safety limits recommended
by [1, 2] for assessing the significance for public health
and regulatory compliance.

IV. CONCLUSION
In this paper, the effects of skin thickness in the

planar head model on the spatially averaged APD values
over 1 cm2 and 4 cm2 areas have been investigated using
the FDTD method due to a half-wave dipole antenna
at operating frequencies from 10 to 100 GHz. It has
been realized from the numerical results in this study
that the APD values over areas of 1 cm2 and 4 cm2 are
not only affected by the changes in skin thickness on
the 3D human head, but also by changing the operation
frequency of the antennas and the separation distance
between the antenna and the human body model. As skin
thickness decreases from 1.5 to 0.5 mm in the human
head, APD values increase significantly at 10 GHz and
then decrease at frequencies above 10 GHz. Conse-
quently, since the skin is the most exposed organ to
EM waves, skin thickness becomes the primary param-
eter affecting EM power absorption. Therefore, accurate
skin thickness modeling is crucial for EM dosimetry
evaluation. In addition, spatially averaged IPD values
calculated on the evaluation plane placed at a certain
distance from the antenna have been investigated at all
frequencies of interest. This work clarifies EM safety
limitation assessments by presenting a comprehensive
parametric study investigating the dependence of APD
values on skin thickness, frequency up to 100 GHz, and
distance from the antenna to the skin surface. Future
studies could investigate EM dosimetry analysis of a
realistic 3D head model, rather than a 3D planar head
model, to better model anatomical complexity and vali-
date results. Additionally, the effects of skin thickness on
APD, resulting temperature increase, and other exposure
metrics due to different EM exposure scenarios from
5G/6G technologies up to 100 GHz can be investigated.
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Abstract – This paper proposes a calibration method for
large-scale phased arrays based on a Kronecker prod-
uct formulation, termed the Kronecker Product Method
(KPM). Unlike the conventional Phase Toggling Method
(PTM), which excites one element per measurement
and suffers from limited measurement diversity, KPM
employs simultaneous binary-phase excitation across all
elements. This structure enhances robustness against
noise and error accumulation, particularly in large arrays
or high Signal-to-Noise Ratio (SNR) conditions. KPM
retains PTM’s simplicity and 1-bit phase control com-
patibility while offering superior theoretical properties
and practical performance.

Index Terms – Far-field calibration method, Kronecker
product, large arrays, phase toggling method, phased
array calibration.

I. INTRODUCTION
Accurate calibration is essential for phased arrays,

especially in applications demanding precise beamform-
ing and null control [1–4]. Practical systems suffer
from phase and amplitude errors, requiring calibration
to maintain pattern fidelity.

Early techniques used near-field scans [5, 6],
later improved by PWS-based Backward Transforma-
tion Methods (BTM) [7–9], but both are complex and
scale poorly. In contrast, far-field methods offer better
efficiency in calibration since no mechanical scan is
required. Among these, the Phase Toggling Method
(PTM) [10] is widely used due to its simplicity and
compatibility with 1-bit digital phase shifters (DPSs).
However, its element-wise toggling leads to poor signal
diversity and degraded performance in large arrays or
high-SNR conditions. Rotating-Element Electric-Field
Vector Method (REVM) [11] offers phase-free calibra-
tion using total field magnitudes, enabling amplitude-
only measurements.

Recent works improve efficiency via structured,
multi-element excitations [12–14]. Multiple REVM [14]
uses Fourier decomposition but is limited by model and
resolution. Group-wise amplitude-only methods [15]

enhance low-SNR performance. Others employ binary-
phase modulation and harmonic analysis [16] or
optimize matrix design [17]. A general framework
in [18] builds excitation matrices recursively. While
the proposed method shares this formulation, it dif-
fers by systematically constructing the excitation matrix
as a Kronecker product of a 2×2 Hadamard base,
offering compactness, scalability, and tractable error
analysis.

Despite recent advances, PTM remains a baseline
for its simplicity and binary control. Its limited diversity,
however, constrains scalability. The proposed Kronecker
Product Method (KPM) addresses this by enabling joint
multi-element modulation using a structured matrix that
remains linearly independent across array sizes. Like
PTM, KPM uses only 0 and π phase shifts, preserving
hardware simplicity and making it suitable for low-bit
systems [19–21].

The rest of the paper is organized as follows: Sec-
tion II introduces the system model and KPM formula-
tion with error analysis. Section III presents simulation
results. Section IV concludes.

II. THEORETICAL FORMULATION
A. System model

Consider a linear array of N elements, each con-
nected to a DPS with b control bits. The DPS supports 2b

discrete phase states, equally spaced over [−π,π). The
nth element introduces an unknown complex excitation
modeled as:

xn = aneipn , (1)

where an ∈ R and pn ∈ [−π,π) represent the amplitude
and phase deviations, respectively. These quantities are
to be estimated through external measurements.

The array is excited using a set of phase control
tables Φ∈RM×N , where each row specifies a DPS phase
state for a corresponding measurement. The received
scalar response for the mth measurement is given by:

ym =
N

∑
n=1

xneiϕmn +wm, (2)
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where ϕmn is the phase applied to the nth element in
the mth measurement, and wm is additive measurement
noise. In the model, noise is added to each simu-
lated measurement to evaluate its impact on calibration
accuracy.

The model assumes far-field boresight measure-
ments and neglects element positions and patterns to
isolate core calibration effects. The received signal is
a coherent sum with known phase states and unknown
errors, enabling clear comparison of calibration methods
despite omitted practical factors.

Although the system model is presented using a
linear array for clarity, the proposed KPM is directly
applicable to two-dimensional planar arrays. In such
cases, the array excitation vector can be formed by
lexicographically stacking the element indices. There-
fore, the proposed method naturally extends to two-
dimensional arrays without modification to the core
formulation.

B. The KPM formulation
The PTM operates by applying two measurement

states per element: one with all phases set to zero
(reference) and one with the target element toggled
by 180◦. For an N-element array, this results in N +
1 measurements. The phase and amplitude errors are
estimated from the difference between the reference
and toggled measurements. Although simple, PTM only
modulates one element at a time, leading to reduced sig-
nal diversity and increased vulnerability to noise in large
arrays.

The proposed KPM constructs the excitation matrix
by generating a unitary matrix S ∈ CM×N from Kro-
necker products of a 2×2 DFT matrix (also known as
the Hadamard matrices). Specifically, we first define

D =

[
1 1
1 −1

]
. (3)

A sequence of Kronecker products is then applied m - 1
times:

S′ = D⊗D⊗·· ·⊗D = D⊗m, (4)

until the resulting matrix S′ has dimension M×M, where
M = 2m is the smallest power of two such that M ≥ N.
Since D is full-rank, and the Kronecker product of full-
rank matrices preserves rank multiplicatively, S′ has full
rank M. As a result, all rows and columns of S′ are
linearly independent.

To construct S , the first N rows and N columns of
S′ are extracted, resulting in a square submatrix:

S = S′[1 : N,1 : N]. (5)

Since the rows of S′ span CM , any N ≤ M linearly inde-
pendent rows (or columns) form a full-rank submatrix.

In particular, the leading N ×N principal submatrix S
remains invertible, ensuring that the Kronecker-based
measurement matrix admits a stable inverse for accurate
error reconstruction.

To align this with the DPS hardware, the continuous
phases of S are quantized to the nearest valid DPS state.
Since S is constructed via 2×2 DFT matrix, all elements
in S are either 1 or −1, which is the same as PTM. Thus,
only 1 bit (2 states) is needed in KPM. The correspond-
ing measurement vector y ∈ CN is collected, and the
element-wise excitations are recovered by applying the
inverse of S:

x̂ = S−1y, (6)

where the hat symbol in x̂ denotes the reconstructed
value. Unlike PTM, which toggles one element at a
time, KPM modulates all elements simultaneously using
a structured excitation matrix. This enhances measure-
ment diversity, improving noise robustness and system
conditioning.

C. Accuracy study under additive Gaussian noise
To better understand the calibration accuracy limits

under noise, we derive a closed-form expression for
the expected root-mean-square error (RMSE) in the
presence of additive complex Gaussian noise. Recall the
measurement model:

y = Sx+w, (7)

where y ∈ CN is the measured data, x ∈ CN is the true
excitation, S ∈ CN×N is the measurement matrix, and
w ∈ CN is additive noise. In the ideal case (w = 0), both
PTM and KPM recover x exactly since S is full-rank.
In practice, noise degrades accuracy. We model w as
complex Gaussian and derive a closed-form RMSE for
x̂ as a function of SNR and array size.

Let us assume that the noise term takes the form of

w ∼ Nc(0,σ2I), (8)

meaning each entry is independently drawn from a
circular symmetric complex Gaussian distribution with
zero mean and variance σ2. The calibration estimate is
obtained by matrix inversion:

x̂ = S−1y = x+S−1w. (9)

The estimation error is therefore:

e = x̂−x = S−1w. (10)

Since the noise w is zero-mean, the estimator is unbiased
with E[x̂] = x. To compute the expected RMSE, we
consider the squared norm of the error vector and use
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properties of the complex Gaussian distribution and the
linearity of expectation:

E[∥x̂−x∥2] = E[∥S−1w∥2] = E[wH(S−1)HS−1w]

= σ
2 tr[S−1(S−1)H ].

(11)
where tr[·] denotes the trace of a matrix. Thus, we
define the average RMSE as the square root of the mean
squared error normalized by the number of elements
N as:

RMSEnoise = σ

√
tr[S−1(S−1)H ]

N
. (12)

This expression reveals how the noise level σ and the
structure of the inverse matrix S−1 jointly determine the
expected calibration error.

D. Effect of phase quantization error in DPS
Unlike additive Gaussian noise, phase quantization

errors in DPS affect the measurement matrix S through
structured perturbations. To simplify analysis, we adopt
a first-order perturbation model assuming small phase
deviations and no additive noise.

In practice, phase shifters deviate slightly from their
ideal discrete values due to hardware imperfections.
We model this by assuming the applied phase is per-
turbed as:

ϕmn = ϕ
ideal
mn +δmn, δmn ∼ N (0,ξ 2), (13)

where δmn is a small, zero mean Gaussian error with
standard deviation ξ (often specified as RMS phase error
in a DPS datasheet), and, in the case of KPM (and PTM
as well), ϕ ideal

mn ∈ {0,π} . The elementwise impact on the
measurement matrix is then modeled as:

S∗ = S◦E, (14)

where, using the first-order argument approximation,

Emn = eiδmn ≈ 1+ iδmn. (15)

The operator ◦ denotes elementwise (Hadamard) multi-
plication. Using the approximation in (15), the perturbed
matrix becomes:

S∗ ≈ S+ i(S◦δ), (16)

where δ ∈ RN×N contains independent and identically
distributed (i.i.d.) Gaussian entries. Because S contains
only ±1 entries, the elementwise product S◦δ preserves
the statistical properties of , up to a sign flip, that is,

(S◦δ)mn = Smn ·δmn ∈ {−δmn,δmn}. (17)

Hence, in second-order statistics, we may treat S ◦ δ as
a matrix of i.i.d. Gaussian entries with zero mean and

variance ξ 2. The estimated excitation vector, following
the inverse operation in (6), becomes:

x̃ = S−1(S∗x)≈ x+ iS−1(S◦δ)x. (18)

The resulting estimation error due solely to quantiza-
tion is:

q = x̃−x = iS−1(S◦δ)x. (19)

Compare this with (10), we can see that the error
caused by the DPSs is coupled with the excitation. Since
the elements of S ◦ δ are just δmn with random signs,
and the signs are independent of the Gaussian variables
and the entries of x, this means the distribution of S◦δ is
the same as δmn in mean-square sense. So, we can treat
the product S−1(S◦δ)x as:

S−1(S◦δ)x ≈ S−1
δ ·x, δ ∼ N (0,ξ 2). (20)

Hence, using the fact that δ · x is a random vector with
covariance ξ 2 ·diag(|x1|2, . . . , |xN |2), we get:

RMSEquant = ξ

√
tr[S−1 diag(|xn|2)(S−1)H ]

N
. (21)

Further assumption can be made if the excitation ampli-
tudes are unit-magnitude (no amplitude variation across
the entire array, an ideal case), i.e., |xn|2 = a2

n = 1, then
(21) becomes:

RMSEquant (uniform) ≈ ξ

√
tr[S−1(S−1)H ]. (22)

In this case, the RMSE is not dependent on the element
number N and the excitation vector x.

The above analysis involves simplifications for
tractability. However, since KPM modulates all elements
simultaneously, it accumulates more phase errors per
measurement than PTM, which perturbs one element at
a time. Consequently, KPM is expected to exhibit higher
quantization-induced error under equal conditions, a
trend further examined via numerical experiments.

E. Complexity analysis and storage considerations
This subsection compares PTM and KPM in terms

of measurement overhead, computational complexity,
and hardware requirements, providing insight for prac-
tical system design.

1. Measurement complexity

The PTM requires N + 1 measurements for an N-
element array: one reference and N individual toggled
states, yielding O(N) measurement cost. In contrast,
KPM employs a structured excitation matrix S, mod-
ulating all elements simultaneously. Using Kronecker
products of 2×2 blocks, it requires exactly N measure-
ments, also O(N), but with higher signal diversity per
measurement and no reference measurement.
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2. Computational complexity

In PTM, each element’s excitation is obtained by
subtracting the reference from the (n + 1)th measure-
ment, giving O(N) complexity without matrix inversion.

For KPM, the excitation vector is computed
via matrix inversion and multiplication in (6). An
unstructured S requires O(N3) operations. However,
with a structured 2×2 DFT-based matrix for N = 2n, the
inverse can be computed efficiently:

C = D−1 =
1
2

[
1 1
1 −1

]
, (23)

S−1 = C⊗m, M = N = 2n. (24)

Using recursive Kronecker multiplications (similar to
the Fast Walsh-Hadamard Transform), S−1 can be
obtained with O(N logN) complexity [22]. Matrix-
vector multiplication S−1y requires O(N2) operations.

To summarize, from a computational perspec-
tive, PTM requires only simple subtraction operations
and thus has O(N) computational complexity, while
KPM involves matrix-vector operations with complexity
O(N2) (or O(N logN) using fast Kronecker implemen-
tations). However, in practical calibration systems, the
dominant time cost arises from phase-shifter reconfigu-
ration and measurement acquisition rather than digital
post-processing. In typical implementations, the addi-
tional computation time of KPM is negligible com-
pared to the measurement time, while the improved
accuracy and robustness justify the modest increase in
computation.

3. Storage and hardware considerations

Both PTM and KPM use 1-bit phase control (0 or
π), reducing hardware complexity and eliminating high-
resolution phase shifters. Unlike other multi-element
calibration methods requiring arbitrary or multi-bit
phases, PTM and KPM operate with binary phase matri-
ces. This simplifies excitation generation and storage,
making the methods efficient and practical for low-bit
phased arrays.

III. NUMERICAL RESULTS
In our examples, we simulate a linear array with

known excitations to evaluate KPM and PTM. Ampli-
tudes an ∼U [0.5,1.5) and phases pn ∼U [−π/2,π/2),
with phase referenced to the first element. Numerical
experiments include additive complex Gaussian noise
with standard deviation σ and random phase from
U [−π,π).

A. RMSE evaluation over array size and SNR with
ideal DPS

We evaluate the average RMSE of KPM and PTM
over 10,000 trials under two scenarios: varying array
size N at fixed SNR, and varying SNR at fixed N. The
KPM numerical results are compared with the analytic
prediction in (12) with no DPS quantization error.

(a)

(b)

Fig. 1. RMSE performance of KPM and PTM across (a)
fixed SNR with various array sizes and (b) fixed array
size with various SNR values. KPM shows superior
scalability and noise resilience.

Figure 1 (a) shows RMSE versus array size N (16 to
1024) at a fixed SNR of 40 dB. As N increases, both
methods exhibit rising RMSE due to more unknowns
under constant noise. However, PTM shows a steeper
increase, while KPM maintains RMSE below 1, with
mild quasi-periodic fluctuations attributed to Kronecker
structure conditioning. At N = 1024, KPM achieves
RMSE nearly 5% of PTM, demonstrating better scala-
bility.

Figure 1 (b) shows RMSE versus SNR (30–80 dB)
at fixed N = 1024. While both methods improve with
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increasing SNR, KPM consistently outperforms PTM,
especially below 60 dB where PTM struggles due to
limited signal diversity. At 30 dB, KPM’s RMSE is only
4% of PTM’s, confirming superior noise robustness. In
both cases, simulation results align with the analytical
model in (12).

B. RMSE evaluation over DPS quantization error
This subsection validates the analytical results by

isolating the effect of DPS quantization error. To remove
additive noise, the SNR is set to infinity. The RMSE
phase error (ξ ) is varied from 0.1◦ to 5◦ in 0.1◦ steps,
with the array size fixed at N = 1024. In this subsection,
the numerical results of the KPM are compared with the
analytical prediction derived in (22), which assumes a
uniform array for analytical tractability.

(a)

(b)

Fig. 2. Average RMSE of KPM and PTM over 10,000
trials under varying DPS phase quantization error ξ ,
with SNR → ∞ to isolate quantization effects. (a) Uni-
form array and (b) non-uniform amplitudes.

We first consider a uniform array with unit ampli-
tudes. Figure 2 (a) shows average RMSE over 10,000

trials. As expected, RMSE for both KPM and PTM
increases linearly with DPS phase error. KPM exhibits
slightly higher RMSE than PTM, consistent with the
cumulative effect of phase errors in multi-element mod-
ulation. The KPM RMSE closely follows the analytical
prediction in (22), with minor deviations due to the
first-order approximation in (15). Figure 2 (b) considers
amplitudes uniformly distributed between 0.5 and 1.5.
Both methods show slightly higher RMSE than the
uniform-amplitude case, indicating additional error from
amplitude variation. Here, the prediction in (22) no
longer aligns with KPM results, as it assumes an = 1.
In practice, unknown excitations limit the applicability
of (22).

C. Overall RMSE analysis
Lastly, we evaluate the RMSE of KPM calibration

by jointly considering array size N, SNR, and DPS
quantization error ξ . While individual effects of noise
and quantization were analyzed analytically, a unified
closed-form expression is intractable due to nonlinear
interactions. Therefore, we construct numerical error
maps for practical estimation.

Fig. 3. Contour plot of the average RMSE for the KPM
calibration as a function of array size N (ranging from
128 to 1024) and SNR (ranging from 80 dB to 30 dB),
with DPS phase quantization error fixed at ξ = 2.5◦.

Figure 3 shows a contour plot of average RMSE
(10,000 trials) versus array size (N = 128 to 1024)
and SNR (30–80 dB), with fixed quantization error
ξ = 2.5◦. Along the x-axis (increasing N), RMSE trends
are similar to Fig. 1 (a), driven by N and tr[S−1(S−1)H ],
but exhibit more oscillations due to phase quantiza-
tion, including nulls at power-of-two sizes. Along the
SNR axis, RMSE increases with decreasing SNR, as
expected.
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IV. CONCLUSION
This paper proposes a phased array calibration

method using a Kronecker product formulation with
binary phase modulation to enable simultaneous multi-
element excitation. We analytically prove that the result-
ing measurement matrix is full rank for any array size,
ensuring stable recovery. Theoretical analysis includes
closed-form RMSE expressions under additive noise
and first-order perturbation analysis of DPS quantization
effects. A numerical RMSE map is constructed to eval-
uate joint impacts of noise, quantization, and array size.
Compared to the PTM, the proposed method achieves
improved accuracy while maintaining compatibility
with low-bit hardware under various array sizes and
noise levels. Simulation results confirm its performance
under diverse conditions. Experimental validation is
planned.
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Abstract – Stacked chassis has wide application in
aerospace integrated electronic systems. However, with
irregular enclosure structure and multi-module inte-
grated into small space, its electromagnetic shielding
effectiveness (SE) prediction is a challenge problem. In
this paper, a novel method of SE prediction for stacked
chassis is proposed based on snow-ablation optimizer
(SAO) algorithm. First, a dedicated model of stacked
chassis is selected and the SE at five internal sampling
points is obtained via full-wave numerical simulation.
Then, building on the Robinson equivalent model com-
bined with the generalized Baum-Liu-Tesche (BLT)
equations, and exploiting the initial simulation data as
priors, the characteristic parameters of the stacked chas-
sis are achieved via the SAO algorithm. On this basis
and under vertically polarized and normally incident
plane wave, the SE is predicted at all the positions
across the central axis normal to the incident face of
the chassis. The prediction results enable identification
of the optimal SE distribution along frequency axis
inside the chassis, thereby informing the internal lay-
out and placement of sensitive devices. The prediction
curves agree well with the simulation results, which
can overcome the large-error limitations of conventional
analytical approaches for complex cavities.

Index Terms – Electromagnetic shielding, Robinson
equivalent model, shielding effectiveness prediction,
snow-ablation optimizer, stacked chassis.

I. INTRODUCTION
Electromagnetic shielding is one of the most widely

used techniques for protecting electronic equipment.
The performance of a shielded enclosure is quantified by
its shielding effectiveness (SE), which is the ratio of the
electric field intensities at the locations of the monitoring
point without and with the shielded case [1].

At present, there are three main methods to calculate
the SE of the shielded cavities: experimental measure-
ment, numerical simulation, and analytical algorithm.
Measurements can better restore the real working scene
of the shielding cavity and obtain more accurate mea-
surement results. However, shielding rooms, microwave
dark rooms, spectrum analyzers, and other experimental
sites and expensive instruments are usually required.
Hence, its cost is relatively high and, when the shielding
cavity is located in a more complex environment, the
experimental conditions are difficult to simulate and the
limitations are greater.

Numerical calculation methods mainly include
finite-difference time-domain (FDTD) algorithm [2–5],
method of moments (MoM) [6–8], transmission line
matrix (TLM) algorithm [9–11], finite element method
(FEM) [12] and some hybrid numerical algorithms [13–
18], which generally simulate the experimental scenar-
ios through the simulation software, accurately build the
complex model, and obtain the SE of the shielded cavity
through the solution algorithm. However, to obtain accu-
rate calculation results, the simulation process occupies
a large amount of memory, takes long computation time,
and requires high computer performance.

The analytical method occupies less memory with
high computational efficiency, and is convenient for
analyzing the effect of different parameter changes on
the SE of the cavity. However, it is necessary to per-
form the equivalent processing of the shielding cavity
during the modeling process. When the shielding cavity
structure is relatively complex, the modeling process
cannot be performed accurately, which is prone to cause
deviations in the calculation results. A representative
algorithm for the analytical calculation of SE of open
rectangular cavities under plane wave irradiation is the
cavity equivalent circuit model method proposed by
Robinson et al. [19]. Many researchers have proposed
improved analytical methods on this basis [20–24].
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In recent years, driven by the demands of aerospace
integrated electronic systems for “high integration, small
form factor, and rapid deployment,” stacked-architecture
chassis technology has rapidly progressed from proof-
of-concept to engineering application. The stacked chas-
sis consists of multiple functional modules stacked ver-
tically and locked as a single assembly by four long
through-bolts; internal board-to-board high-speed con-
nectors mate directly to carry data and power. A typical
unit is more compact than comparable VITA46 stan-
dardized VPX chassis and employs fully conduction-
cooled thermal management. The structural features and
operating environment of the stacked chassis are highly
complex, making experimental measurements stringent
and costly.

In this paper, to address the limitations of existing
approaches, a novel method is presented for the SE
prediction of a stacked-architecture chassis. First, a
specific stacked chassis model is selected, and the SE at
five internal sampling points is obtained via numerical
simulation using the software of computer simulation
technology (CST) [25]. Next, a mathematical model for
SE calculation is formulated based on the Robinson
equivalent model combined with the Baum-Liu-Tesche
(BLT) equations. Using the initial simulation results
as priors, the characteristic parameters of the stacked
chassis are estimated through the snow-ablation opti-
mizer (SAO) algorithm, thereby enabling SE prediction.
The proposed method is low-cost and easy to imple-
ment compared with the experimental measurements;
it avoids repeated modeling and substantially reduces
computational resources relative to the numerical sim-
ulation approaches.

II. STACKED CHASSIS MODEL AND
PROBLEM FORMULATION

A. Stacked-architecture chassis model
In this paper, a dedicated stacked-architecture chas-

sis is selected as the research subject. Its model is shown
in Fig. 1, and the chassis dimensions and connector cut-
out locations are provided in Fig. 2. We can observe
that, originating from a real engineering prototype, the
chassis exhibits irregular distributions of apertures and
seams as well as a complex internal structure, making
conventional analytical approaches inadequate for accu-
rately evaluating its SE. To address this, the apertures
and seams are equivalently modeled using the Robin-
son equivalent-circuit method in conjunction with the
BLT equations, and the characteristic parameters of the
chassis equivalent circuit are estimated via the SAO
algorithm. On this basis, the SE at all the positions along
the central axis normal to the incidence face inside the
chassis can be predicted.

Fig. 1. Front and rear views of the stacked chassis model.

Fig. 2. Dimensional schematic of the stacked chassis
model.

B. SE calculation model based on Robinson equiva-
lent model and BLT equations

The SE calculation for a simple shielded cavity
using the Robinson equivalent model and BLT equations
is first reviewed, after which it is refined for the stacked
chassis characteristics and its characteristic parameters
are optimized.

Based on the TLM theory, Robinson et al. proposed
an equivalent transmission line model for a regular
aperture-seam shielded cavity, and the SE of the shielded
cavity can be calculated based on the equivalent model.
Figure 3 shows a rectangular shielded cavity model, and
Fig. 4 is its equivalent transmission line circuit of the
shielded cavity. The dimensions of the shielded cavity
are a× b× d, the thickness is t, and the dimensions of
the rectangular aperture slit on the cavity surface are
l ×w. Assume that the plane wave is incident vertically
from the direction of the plane where the aperture slit is
located, and the observation point P is in the center axis
of the plane wave incidence plane and is at a distance
from the plane wave incidence plane.

Fig. 3. A rectangular shielded cavity model.
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Fig. 4. Equivalent circuit of the shielded cavity based on
transmission line equivalence method.

Equating the plane wave to a voltage source V0
and an impedance Z0 = 377 Ω, the aperture in the
shielded cavity is equivalent to the impedance, which is
expressed as

Zap =
1
2

l
a

jZ0s tan
k0l
2
, (1)

where k0 = 2π/λ , and

Z0s = 120π
2

ln

2
1+ 4

√
1− (we/b)2

1− 4
√

1− (we/b)2

−1

, (2)

we = w− 5t
4π

(
1+ ln

4πw
t

)
. (3)

Considering the shielded cavity as a waveguide, if
only the T E10 mode is propagated, the characteristic
impedance of the shielded cavity and the propagation
constant are respectively shown as

Zg = Z0/

√
1− (λ/2a)2, (4)

kg = k0

√
1− (λ/2a)2. (5)

Based on this, we can effectively compute the SE of an
ideal enclosure with a central slot.

Fig. 5. The corresponding signal-flow graph.

According to the circuit model in Fig. 4, the cor-
responding signal-flow graph is drawn as Fig. 5. Here,
node J1 denotes the external observation point of the
enclosure, J2 denotes the aperture, J3 denotes the inter-
nal observation point, and J4 denotes the rear end of the
enclosure. Ws represents the source in the equivalent cir-
cuit. Tube 1 corresponds to free-space wave propagation

outside the enclosure, while Tubes 2 and 3 represent
wave propagation inside the enclosure. V inc indicates the
incident wave at a node, and V re f indicates the reflected
wave.

Let S1 and S2 represent the scattering matrices at
nodes J2 and J3, respectively, written as

S1 =


Y0 −Yg −Yap

Y0 +Yg +Yap

2Yg

Y0 +Yg +Yap

2Y0

Y0 +Yg +Yap

Yg −Y0 −Yap

Y0 +Yg +Yap

 , (6)

S2 =

[
0 1
1 0

]
, (7)

where Y0,Yg,Yap denote the admittances of the free
space, transmission line, and aperture, respectively.

Based on the propagation characteristics of waves
in free space and inside the waveguide, the system
propagation relation equations is derived as

V re f
1,1

V re f
1,2

V re f
2,2

V re f
2,3

V re f
3,3

V re f
3,4


=



0 eγ0l0 0 0 0 0

eγ0l0 0 0 0 0 0

0 0 0 eγ0di 0 0

0 0 eγ0di 0 0 0

0 0 0 0 0 eγ0(d−di)

0 0 0 0 eγ0(d−di) 0



×



V inc
1,1

V inc
1,2

V inc
2,2

V inc
2,3

V inc
3,3

V inc
3,4


−



V0

0

0

0

0

0


(8)

where l0 is the distance from the incident wave to the
enclosure, and γ0 = jk0 denotes the free-space prop-
agation constant. The 6 × 6 square matrix in (8) is
the propagation matrix. Let γg denote the waveguide
propagation constant, i.e.,

γg = jkg = jk0

√
1− (λ/2a)2, (9)

and define the node reflection coefficient ρ as

ρ
∆
=

V re f

V inc , (10)

ρ =
ZL −ZC

ZL +ZC
, (11)
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where ZL is the load impedance and ZC is the characteristic impedance. From the relationships between the incident
and reflected waves at each node, the scattering-relation equations can be obtained as

V re f
1,1

V re f
1,2

V re f
2,2

V re f
2,3

V re f
3,3

V re f
3,4


=



ρ1 0 0 0 0 0

0 S1
11 S1

12 0 0 0

0 S1
21 S1

22 0 0 0

0 0 0 S2
11 S2

12 0

0 0 0 S2
21 S2

22 0

0 0 0 0 0 ρ4





V inc
1,1

V inc
1,2

V inc
2,2

V inc
2,3

V inc
3,3

V inc
3,4


, (12)

where ρ1 denotes the reflection coefficient at node 1, ρ1 = 0. ρ4 is the reflection coefficient at node 4, ρ4 =−1. The
6×6 matrix in (12) composes a total scattering matrix S.

V1,1

V1,2

V2,2

V2,3

V3,3

V3,4


=



1+ρ1 0 0 0 0 0

0 1+S1
11 S1

12 0 0 0

0 S1
21 1+S1

22 0 0 0

0 0 0 1+S2
11 S2

12 0

0 0 0 S2
21 1+S2

22 0

0 0 0 0 0 1+ρ4



×



−ρ1 eγ0l0 0 0 0 0

eγ0l0 −S1
11 −S1

12 0 0 0

0 −S1
21 −S1

22 eγ0di 0 0

0 0 eγ0di −S2
11 −S2

12 0

0 0 0 −S2
21 −S2

22 eγ0(d−di)

0 0 0 0 eγ0(d−di) −ρ4



−1

0.5V0eγ0(l0/2)

−0.5V0eγ0(l0/2)

0

0

0

0



(13)

The synthesized voltage at nodes V (x) is defined as
(13), where V3,3 is the voltage at the internal observation
point P, denoted as Vp, and the voltage at the observation
point when the enclosure is absent is represented as V

′
p.

Here S1 and S2 are respectively denoted as

S1 =

[
S1

11 S1
12

S1
21 S1

22

]
, (14)

S1 =

[
S2

11 S2
12

S2
21 S2

22

]
. (15)

Then the SE at the observation point can be calcu-
lated by

SE =−20log(Vp/V
′
p). (16)

C. Problem formulation
The cavity model in the previous section is assumed

to be an ideal shielding body with a single aperture seam,
which is a rectangular body with a regular shape except

for the structure of the aperture seam. However, the
surface of the stacked-architecture chassis to be studied
has small irregular aperture seams. Its structure is com-
plicated, the transmission line equivalent model obtained
by the above-mentioned method has low accuracy, and
the results of the shielding SE have a large deviation.
So it is necessary to improve the equivalent model to
enhance its accuracy.

According to the equivalent transmission-line
model, the equivalent impedances of the aperture/slot
and of the shielded cavity are the primary factors gov-
erning model accuracy. Therefore, (1), (2), (4), and (5)
are modified so that they capture the characteristics of a
stacked-architecture chassis. Let k1 denote the aperture-
location parameter of the stacked chassis; k2 and k3
the aperture-shape parameters, and k4 an enclosure
structural parameter. By incorporating k1, k2, k3, k4 into
(1), (2), (4), and (5), the accuracy of the stacked-chassis
equivalent model can be improved.
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The resulting SE calculation model for the stacked-architecture chassis is shown in (17),

Zap =
1
2

k1k2

a
jZ0s tan

k0k2

2

Z0s = 120π
2

ln

2
1+ 4

√
1− (k3/b)2

1− 4
√

1− (k3/b)2

−1

Zg = Z0/

(
k4

√
1− (λ/2a)2

)
kg = k0k4

√
1− (λ/2a)2



V1,1

V1,2

V2,2

V2,3

V3,3

V3,4


=



1+ρ1 0 0 0 0 0

0 1+S1
11 S1

12 0 0 0

0 S1
21 1+S1

22 0 0 0

0 0 0 1+S2
11 S2

12 0

0 0 0 S2
21 1+S2

22 0

0 0 0 0 0 1+ρ4



×



−ρ1 e jk0d0 0 0 0 0

e jk0d0 −S1
11 −S1

12 0 0 0

0 −S1
21 −S1

22 e jkgd1 0 0

0 0 e jkgd1 −S2
11 −S2

12 0

0 0 0 −S2
21 −S2

22 e jkgd2

0 0 0 0 e jkgd2 −ρ4



−1

0.5V0eγ0(l0/2)

−0.5V0eγ0(l0/2)

0

0

0

0


SE =−20log10 (V0/V3,3)

(17)

where V0 is the equivalent voltage source of the incident wave; k0 = 2π/λ is the free-space propagation constant;
Z0 is the intrinsic impedance of free space; λ = c/ f is the incident wavelength; f is the incident frequency; c is the
speed of light; a is the height of chassis; and b is the length of the chassis bottom edge on the plane-wave incident
face, where 

S1
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1
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− 1
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− 1
Zap

)
/

(
1
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+
1
Zg

+
1

Zap

)
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2× 1

Zg

)
/

(
1
Z0

+
1
Zg

+
1

Zap

)
S1

21 =

(
2× 1

Z0

)
/

(
1
Z0

+
1
Zg

+
1

Zap

)
S1

22 =

(
1
Zg

− 1
Z0

− 1
Zap

)
/

(
1
Z0

+
1
Zg

+
1

Zap

)
,

(18)

{
S2

11 = S2
22 = 0

S2
21 = S2

21 = 1.
(19)
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Since the stacked chassis consists of multiple struc-
turally similar and relatively enclosed modules, this
work predicts SE using a single module as a representa-
tive case. The enclosure’s characteristic parameters are
identified from SE data at five interior sampling points
within the module. The procedure is as follows.

(1) Sample the simulated SE at five sampling points
located along the central axis of the incident face
of the stacked-chassis module. Denote the resulting
data by the matrix S; these samples specify the target
locations for identifying the enclosure characteristic
parameters of the selected module.

(2) Determine the enclosure’s characteristic parameters
using the above SE prediction model for the stacked
chassis, and compute the theoretical SE of the
selected module. Denote the computed results as the
matrix S′, which serves as the predicted SE for the
selected module enclosure.

(3) Formulate an objective function to drive the
position-parameter vector toward the target. The
objective function is given by

minP = |S(n)−S′(n, i)|2, (20)

where S(n) denotes the sampled value of the SE
at the n-th frequency point, and S′(n, i) denotes the
theoretically computed SE for the i-th individual in
the population at the n-th frequency point.

(4) The fitness evaluation function is defined as

F(n, i) ∆
=

1
τ +P(n, i)

, (21)

where τ = 0.001. A larger F(n, i) (corresponding to
a smaller P(n, i)) indicates stronger fitness, whereas
a smaller F(n, i) (corresponding to a larger P(n, i))
indicates weaker fitness.

III. ALGORITHM TO SOLVE SHIELDING
EFFECTIVENESS PREDICTION PROBLEM
A. Basic CST simulation settings

A Gaussian electromagnetic pulse from the CST
electromagnetic simulation software is used as the sim-
ulated signal source. The pulse has a higher electric
field intensity and allows frequency-domain coverage
and field intensity of the waveform to be customized
through the operating frequency, thereby simulating
more severe and complex electromagnetic environment.
The approximate expression of the Gaussian electro-
magnetic pulse is

f (t) =
κA

π(t − c)
sin

(
(BH −BL)(t − c)

2

)
× e j (BH+BL)(t−c)

2 , (22)

where A = 20 V/m is the peak value of the electric field
strength, κ is the correction factor, BH and BL are the
maximum and minimum frequencies, and c is the time
shift amount. The time-domain and frequency-domain
waveforms of the Gaussian electromagnetic pulse are
shown in Fig. 6.

The SE at internal monitoring points of the chassis
under vertically polarized and vertically incident plane
waves is simulated using CST electromagnetic software,
where the electric field intensity at these points before
and after adding the chassis is obtained and used to
calculate the SE. The simulation frequency range is set
from 0 to 18 GHz, and the chassis material is set to PEC.
The simulation diagram is shown in Fig. 7.

Fig. 6. The frequency-domain and time-domain wave-
forms of the Gaussian electromagnetic pulse.

Fig. 7. The simulation diagram using CST.

B. Snow ablation optimizer algorithm for SE
prediction

Over the past two decades, metaheuristic algorithms
(MAs) have been widely employed across numerous
fields to solve a broad range of complex engineer-
ing problems. In particular, when tackling nonconvex,
highly nonlinear, nonsmooth, and even dynamic real-
world problems, MAs exhibit greater general applicabil-
ity than traditional mathematical optimization methods
owing to their gradient-free nature and structural sim-
plicity [26, 27].

The snow ablation optimizer [28, 29] aims to bal-
ance global exploration and local exploitation in the
solution space, improving convergence efficiency while
preserving population diversity, thereby addressing the
shortcomings of existing methods on complex problems.
It can mitigate premature convergence compared with
traditional algorithms such as particle swarm optimiza-
tion (PSO).
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Inspired by snow ablation, SAO maps physical
phase-change behaviors to search strategies: sublima-
tion corresponds to dispersed global exploration, melt-
ing corresponds to local exploitation around elite solu-
tions, and evaporation represents an adaptive adjustment
between these two modes. During optimization, the
algorithm dynamically coordinates diffusive exploration
and focused exploitation.

(1) Population

In the SAO optimization process, the population consists
of N candidate solutions maintained in parallel and is
represented by the position matrix

Z(t) = [z(t)i, j ]N×Dim = [z(t)
T

1 , · · · ,z(t)
T

N ]T , (23)

where z(t)i = [z(t)i,1,z
(t)
i,2, · · · ,z

(t)
i,Dim] denotes the parameter

vector of the i-th individual at iteration t, and Dim is the
dimension of the decision variables. In this paper, Dim=
4 for four parameters. The initial population is generated
uniformly at random within the lower and upper bounds
L and U:

Z(0) = L+R⊙ (U−L), (24)

where R ∈ [0,1]N×Dim and ⊙ denotes the element-
wise (Hadamard) product. To balance global exploration
and local exploitation, SAO dynamically partitions the
population index set into an exploration subpopulation
and an exploitation subpopulation.

Meanwhile, the population centroid is computed
to characterize the overall distribution and assist the
position update:

z̄(t) =
1
N

N

∑
i=1

z(t)i . (25)

This design enables the algorithm to rapidly locate
promising regions in the early stage while maintaining
diversity in later iterations to mitigate premature conver-
gence.

(2) Fitness function

At the n-th discrete frequency point, the CST post-
processed SE at the m-th sampling location (m =
1, · · · ,5) is denoted by Sm(n). For the i-th individual
(candidate parameter vector) zi in the population, the SE
predicted by the Robinson-equivalent model and BLT
equations is S′

m(n, i). The objective function is defined
as the sum of squared errors over the five sampling
locations:

P(n, i) =
5

∑
m=1

(Sm(n)−S′
m(n, i))

2
. (26)

Since SAO is implemented as a fitness-
maximization scheme (larger fitness is better), the

fitness function is constructed by mapping the objective
value as

F(n, i) =
1

ε +P(n, i)
, (27)

where ε = 0.001 is introduced to avoid division by zero
when P(n, i) → 0 and to improve numerical stability.
Therefore, a larger F(n, i) (i.e., a smaller P(n, i)) indi-
cates better agreement between the model prediction
and the CST results at the five sampling points. In each
iteration, SAO evaluates F(n, i) for all individuals and
selects the one with the maximum fitness as the current
best solution for subsequent updates and elitist guidance.

(3) Sublimation, melting, and evaporation

Sublimation (exploration phase):

The sublimation phase corresponds to the physical pro-
cess in which snow (or meltwater derived from snow)
transforms into vapor. The resulting irregular particle
motion leads to a highly dispersed search behavior;
therefore, SAO models it as global exploration using
Brownian motion. For standard Brownian motion, the
step length is drawn from a standard normal distribution
with probability density function

fBM(x;0,1) =
1√
2π

e−
x2
2 . (28)

Accordingly, the position-update equation for each
individual in the exploration phase is given by (29),

zn,i
(t+1) = Eliten(t)+BMn,i(t)⊙

(
R1 · (gn(t)− zn,i

(t))

+(1−R1) · (z̄(t)n − zn,i
(t))

)
(29)

where zn,i
(t) denotes the position (candidate parameter

vector) of the i-th individual at iteration t for the n-th fre-
quency point; BMn,i(t) is the Brownian-motion random
step vector, BMn,t(t) ∼ N(0,1); R1 ∈ [0,1] is a random
factor that weights two guidance directions; gn(t) is
the current global-best individual at the n-th frequency
point; Eliten(t) denotes an individual randomly selected
from the elite pool at the n-th frequency point (the elite
pool consists of the best, second-best, and third-best
individuals); z̄(t)n is the population centroid for the n-
th frequency point. As shown in (29), the sublimation
operator enables dispersed exploration via Brownian
diffusion while incorporating elitist and population-level
guidance, thereby improving global search capability
and alleviating premature convergence.

Melting (exploitation phase):

The melting phase corresponds to the heating-induced
transition from snow to liquid water, and it is mapped
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in SAO to local exploitation around the current best
solutions. In this phase, search agents are encouraged
to perform denser, fine-grained searches in the neigh-
borhood of the current global best, while information
exchange with the population centroid helps accelerate
convergence toward high-quality regions and reduces
stagnation in a single basin of attraction. To model the
progressively strengthened exploitation pressure over
iterations, the classical degree-day snowmelt model is
adopted. Its general form is

M = DDF × (T −T1), (30)

where M denotes the snowmelt rate, T is the daily
mean air temperature, and T1 is the base (threshold)
temperature, typically set to 0◦C. By setting T1 = 0, (30)
becomes

M = DDF ×T, (31)

where DDF denotes the degree-day factor. To intro-
duce a time-varying exploitation schedule, the DDF is
updated as

DDFn(t) = 0.35+0.25× e
t

itermax −1

e−1
, (32)

where itermax is the maximum number of iterations, and
t is the current iteration. Defining

T (t) = e−
t

itermax , (33)

the snowmelt rate at the n-th frequency point is writ-
ten as

Mn(t) = DDFn(t)×T (t). (34)

Subsequently, within the melting operator, the position-
update equation for each individual is given by (35),

zn,i
(t+1) = Mn(t) ·gn(t)+BMn,i(t)

⊙
(

R1 · (gn(t)− zn,i
(t))

+(1−R1) · (z̄(t)n − zn,i
(t))

)
(35)

where R2 is a random number in [−1,1] used to enhance
information exchange among individuals. As indicated
in (35), the melting operator strengthens exploitation
through the time-varying factor Mn(t) while maintain-
ing necessary activity via mild stochastic perturbations,
thereby enabling efficient refinement around promising
regions.

Evaporation (dynamic adjustment):

The evaporation phase corresponds to the physical pro-
cess in which meltwater further evaporates into vapor.

Algorithmically, SAO maps this process to a dynamic
adjustment of the exploration–exploitation balance: as
iterations proceed, the algorithm gradually increases
the tendency toward irregular, highly dispersed motion
(vapor-like diffusion), which helps maintain population
diversity, suppress overly aggressive convergence, and
strengthen global search capability.

To implement this mechanism, a dual-
subpopulation scheme is used in the SAO. At iteration
t for the n-th frequency point optimization, the whole
population P is randomly partitioned into an exploration
subpopulation P(t)

a (sublimation) and an exploitation
subpopulation P(t)

b (melting):

P = P(t)
a ∪P(t)

b , P(t)
a ∩P(t)

b = /0,
|P(t)

a |= Na(t), |P(t)
b |= Nb(t), Na(t)+Nb(t) = N.

(36)
Initially, the two subpopulations are of equal size:

Na(1) = Nb(1) =
N
2
. (37)

Then, a linear schedule is applied to gradually enlarge
exploration while reduce exploitation (consistent with
the MATLAB implementation):

Na(t +1) = min(N,Na(t)+1), (38)

Nb(t +1) = N −Na(t +1). (39)

Accordingly, the exploration and exploitation ratios are

ρa(t) =
Na(t)

N
, ρb(t) =

Nb(t)
N

= 1−ρa(t), (40)

where ρa(t) increases with t. Under this “evapora-
tion–diffusion” metaphor, the algorithm realizes a tem-
poral scheduling of the exploration–exploitation ratio
and promotes coordination between global and local
search throughout the run.

(4) Complete position-update

The complete position-update equation of the SAO
is given by (41). The entire population is effectively
represented as a position matrix. Accordingly, in the
foregoing equation, indexa and indexb denote the index
sets of individuals belonging to Pa and Pb, respectively,
within this matrix.

Eliten(t)+BMn,i(t)⊙
(

R1 · (gn(t)− zn,i
(t))

+(1−R1) · (z̄(t)n − zn,i
(t))

)
, i ∈ indexa

Mn(t) ·gn(t)+BMn,i(t)⊙
(

R1 · (gn(t)− zn,i
(t))

+(1−R1) · (z̄(t)n − zn,i
(t))

)
, i ∈ indexb

(41)
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In the SAO algorithm, after updating the positions,
the fitness values of all individuals associated with each
frequency point are evaluated. If the maximum fitness in
the current generation exceeds the pre-update maximum,
the original position parameters of the corresponding
individual are replaced with its current position param-
eters; otherwise, the original individual is retained. The
procedure then proceeds to the next iteration, and the
update operation is repeated cyclically.

IV. GLOBAL ALGORITHM DESIGN
Based on the above problem model established in

this paper and the introduction of the solution algorithm,
the global algorithm design is carried out for the problem
model. The flowchart of the SAO algorithm for SE
prediction is shown in Fig. 8.

The main steps of the algorithm are as follows:

Step 1, evaluation the SE of five sampling points using
CST. Since the stacked-architecture chassis comprises
multiple similar, relatively enclosed modules, we take
the module enclosure shown in Fig. 9 as a representative
example. Along the central axis normal to the plane-
wave incident face inside this module, five reference
points, labeled A, B, C, D, and E, are selected. The
excitation is a short-duration pulsed plane wave with
a peak electric-field strength of 20 V/m; the frequency
range is set from 10 kHz to 18 GHz, and the polarization
is vertical. Using the simulation, we obtain the SE curves
at the five sampling points inside the module enclosure.
The locations of A–E are shown in Fig. 9. These curves
are then discretely sampled and arranged into a matrix
S, which serves as the target data for identifying the
characteristic parameters of the module enclosure. The
sampled curves are shown in Fig. 10.

Step 2, SAO parameter settings and population initial-
ization. The decision-variable dimension and physical
constraints are first determined, and lower/upper bounds
are specified accordingly. Meanwhile, the target matrix
S obtained in Step 1 is indexed by the unified discrete
frequency list to form frequency-wise target data for
subsequent per-frequency optimization. SAO control
parameters are then specified (e.g., population size N =
100 and number of maximum iteration itermax = 200 in
this work). The population is randomly initialized within
the prescribed bounds to ensure feasibility and adequate
coverage: each individual carries four decision variables
corresponding to the chassis characteristic parameters in
the equivalent model, and the Brownian random vector
is generated from a standard normal distribution. After
initialization, fitness values are evaluated once and an
elite pool (e.g., best/second-best/third-best individuals)
is formed to support elitist guidance in subsequent
updates. The population representation, initialization,

Start

Evaluate the stacked chassis’s internal 
shielding effectiveness using CST 

electromagnetic simulations

Parameter setting and population initialization

Formulate the objective function

Evaluate fitness to obtain the global-best 
individual matrix

Iterative optimization via melting, 
evaporation, and sublimation

Is the maximum number of iterations 
reached?

Output the optimal feature-parameter matrix

End

Y

N

Predict in-chassis SE across frequencies and 
positions

Fig. 8. Overall algorithm flowchart.

and the definitions of centroid follow the preceding SAO
description.

Step 3, equivalent-model evaluation, fitness construc-
tion, and fitness assessment. For each discrete frequency
point, the candidate parameter vector of an individ-
ual is used to evaluate the equivalent model: based
on the Robinson equivalent-circuit representation com-
bined with the BLT equations, the model-predicted SE
at the five sampling points is obtained at that frequency.
Using the objective and fitness definitions in (26) and
(27), the mismatch between the predicted SE and the
target SE values (the corresponding column of S) is
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Fig. 9. Locations of the five sampling points (A–E).

Fig. 10. Shielding-effectiveness sampling curves at the
selected sampling points inside the module enclosure.

computed to yield the fitness of each individual. At the
end of each iteration, the current best and historical best
solutions are updated, and the elite pool and required
population statistics (e.g., centroid) are refreshed to
provide best/elite/centroid guidance for the next update.

Step 4, update each individual’s position via the three
SAO operators: sublimation, melting, and evaporation.
At each iteration, the evaporation mechanism dynam-
ically partitions the population into an exploration
subpopulation and an exploitation subpopulation, and
different update operators are applied accordingly. To
ensure physical feasibility, boundary-constraint han-
dling is applied to the individual parameters after each
position update, followed by the next round of fitness
evaluation and elitist retention.

Step 5, the algorithm halts when the SAO reaches
the preset maximum number of iterations. The best
individual in the population attains the highest fitness
and exhibits the closest agreement with the simulated
SE results. Across all frequency points, the position
parameters of the optimal individuals are assembled into
a feature-parameter matrix comprising four groups of
features, denoted kn1,kn2,kn3,kn4, where n indexes the

n-th frequency point. Here, kn1 represents the aperture-
location parameters of the stacked chassis, kn2 and kn3
represent the aperture-shape parameters, and kn4 repre-
sents the chassis structural parameters. This set can be
expressed by an nmax ×4 matrix Z best, denoted as

Z best =


k1,1
k2,1

...
knmax,1

k1,2
k2,2

...
knmax,2

k1,3
k2,3

...
knmax,3

k1,4
k2,4

...
knmax,4

 , (42)

where nmax denotes the total number of selected fre-
quency points. Using the global optimum identified by
the SAO, namely, the optimal individual matrix Zbest , we
can compute the SE at the Q designated points within the
selected module enclosure.

Step 6: Using the extracted feature-parameter matrix,
analytically compute the SE at the predesignated Q
locations inside the selected module enclosure, and the
resulting analytical SE values are validated by compar-
ison with the CST simulation results at the same Q
locations.

Step 7: Based on the extracted feature-parameter matrix,
the SE distribution at multiple interior locations of
the selected module is predicted across different fre-
quency points. Regions exhibiting superior electromag-
netic shielding at each frequency are identified, thereby
providing guidance for internal cable routing and for the
placement of sensitive components/modules within the
chassis.

V. ALGORITHM PERFORMANCE
ANALYSIS

A. Analysis of sample size and computational
resource usage

First, the two frequency-domain electric-field inten-
sity curves at each sampling location—measured with
and without the chassis protection—are post-processed
in CST to obtain the corresponding SE spectrum at the
sampling locations. The resulting SE frequency-domain
data are then exported in ASCII format for external
processing. In MATLAB, the exported SE spectrum
contains a total of 1859 frequency samples. The data
are subsequently resampled onto a uniform frequency
grid, ranging from 0.1 GHz to 18 GHz with a step size
of 0.1 GHz, yielding 180 frequency-domain samples
used for the SAO iterations. At each discrete frequency
point, the SAO optimizer takes the simulated SE values
at the five sampling locations as the target outputs and
performs the parameter update accordingly. Therefore,
five data values are used per frequency point, and the
optimization is carried out sequentially over all fre-
quency points, resulting in a total of 900 frequency-
domain scalar samples used in the overall procedure.
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Table 1: Comparison of runtime and peak memory usage
between the full-wave CST simulation and the proposed
SAO-assisted analytical method

Method Runtime Peak Memory
Full-wave CST
simulation

110 min 33 s 1413 MB

Proposed method 73.38 s 4444.48 MB

The overall computational cost is primarily deter-
mined by the number of fitness evaluations, and is
approximately proportional to the product of the number
of frequency points, population size, maximum number
of iterations, and number of sampling points. When
a denser frequency grid is adopted during sampling,
the SAO algorithm must perform a larger number of
independent per-frequency iterative optimizations; how-
ever, this also yields a denser discrete sequence of “fre-
quency–enclosure characteristic parameters,” enabling
the subsequent frequency-domain SE prediction to better
match the simulation results and thereby reducing errors
introduced by frequency discretization and interpolation.

Compared with performing a full-wave numerical
simulation of the chassis directly in CST, the proposed
approach shifts the computational burden from “full-
wave broadband solving of a complex 3D structure” to
“a single full-wave simulation to obtain SE spectra at
a small number of sampling points + parameter identi-
fication based on an equivalent model + fast analytical
prediction.” Specifically, the CST full-wave simulation
uses the time-domain solver Hexahedral TLM, which
discretizes the computational domain into a hexahedral
mesh equivalently represented by a transmission-line
network and updates the electromagnetic fields in the
time domain through iterative node scattering and link
propagation to obtain a broadband response. However,
such time-domain grid-based methods typically require
a sufficiently fine mesh and long time stepping to satisfy
accuracy and energy-decay termination criteria, result-
ing in a high computational time cost. As summarized in
Table 1, under the same hardware conditions, a single
CST simulation for obtaining the SE spectrum at the
probe locations takes approximately 110 min 33 s with a
peak memory usage of about 1413 MB. In contrast, our
MATLAB implementation performs uniform-frequency
resampling of the exported SE spectrum, and applies
SAO-based iterative identification at each frequency
point using the SE values at five sampling locations as
target outputs; the complete work-flow of “parameter
extraction + SE prediction” takes approximately 73.38 s
with a peak memory usage of about 4444.48 MB.
Therefore, relative to a single full-wave CST simula-
tion, the proposed approach can reduce the runtime
by roughly one order of magnitude, at the expense

of increased memory consumption due to population-
based iterations and data-structure storage. More impor-
tantly, when SE must be evaluated repeatedly for mul-
tiple interior locations and layout schemes, the cost of
full-wave CST simulations scales approximately lin-
early with the number of cases, whereas the proposed
method requires only a small amount of full-wave data
as priors and can rapidly generate broadband, multi-
location SE predictions, thereby significantly reducing
the overall computational cost for iterative engineering
design.

B. Analysis of prediction results
Based on the extracted feature-parameter matrix,

the SE at the Q-point within the selected module enclo-
sure is predicted and compared with the CST simulation
results at the same location to verify predictive accuracy.
The Q-point location is shown previously in Fig. 9.
A comparison between the predicted and simulated
SE at the Q-point is presented in Fig. 11. The two
SE curves exhibit a high degree of agreement, shar-
ing the same overall trend with limited discrepancies,
thereby demonstrating the accuracy and validity of the
predictions.

Fig. 11. Comparison of the predicted and the simulated
shielding effectiveness at Q-point location.

Fig. 12. Effect of distance from plane wave incident
surface on shielding effectiveness at 4 GHz frequency
point.
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Based on the extracted feature-parameter matrix,
the SE at other interior locations of the selected module
enclosure is predicted across different frequency points.
Locations exhibiting relative advantages and disadvan-
tages in SE at each frequency are analyzed to provide
guidance for internal routing and for the placement of
sensitive components.

As shown in Fig. 12, at 4 GHz the dependence of SE
on the distance from the plane-wave incidence surface
is presented. The results indicate that, at 4 GHz, the
SE inside the selected module enclosure is generally
between 25 dB and 35 dB; at distances of 0.006 m,
0.016 m, 0.081 m, and 0.091 m from the incidence
surface, the enclosure exhibits comparatively higher SE.
The maximum SE of 49 dB occurs at a distance of
0.006 m. Accordingly, sensitive components may be
preferentially placed within 0–0.03 m from the plane-
wave incidence surface.

As shown in Fig. 13, at 16 GHz the dependence
of SE on the distance from the plane-wave incidence
surface is presented. The results indicate that, at 16 GHz,
the SE inside the selected module enclosure is generally
between 5 dB and 20 dB; at distances of 0.016 m
and 0.056 m from the incidence surface, the enclo-
sure exhibits comparatively higher SE. The maximum
SE of 29 dB occurs at 0.016 m. Accordingly, sen-
sitive components may be preferentially placed near
0.016 m and 0.056 m from the plane-wave incidence
surface.

Fig. 13. Effect of distance from plane wave incident
surface on shielding effectiveness at 16 GHz frequency
point.

Taking 9 GHz frequency point as an example, the
fitness value at each iteration is obtained to compare the
SAO with the conventional PSO algorithm, thereby eval-
uating the convergence behavior of the SAO. The result-
ing convergence curves are shown in Fig. 14. As can be
seen from Fig. 14, our SAO-based algorithm converges
significantly faster than the PSO: the SAO reaches the
global optimum at the 19th iteration, whereas the PSO

does not find the optimum until the 86th iteration. These
results indicate that the SAO exhibits clearly superior
convergence performance compared with the commonly
used PSO algorithm.

Fig. 14. Convergence performance comparison of SAO
and PSO algorithms.

VI. CONCLUSION
We investigated the prediction of SE for the stacked

chassis in this paper. An optimization problem model
for the stacked chassis is formulated and the SAO-based
solver is developed. The proposed approach balances
exploration and exploitation, mitigates premature con-
vergence, and better avoids local optima in complex
search spaces, thereby improving equivalent-modeling
prediction accuracy while substantially reducing com-
putational cost. It can predict the SE of stacked chassis
in complex environment, and yield SE prediction curves
at multiple interior locations across frequencies. These
results provide guidance for internal wiring and the
placement of sensitive components.
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Abstract – Targeting the issues of electromagnetic expo-
sure safety in the application of an electric vehicle’s
wireless power transmission (WPT), this study proposes
a surrounding active shield coils structure, laying on the
four sides of the WPT system, which effectively reduces
the lateral magnetic leakage field while supplementing
the magnetic field inside the transmission channel. At
the same time, this study proposes a ferrite groove
structure as the passive shielding, achieving reduction
of the vertical magnetic leakage field. On this basis, the
paper takes system transfer efficiency and surrounding
magnetic leakage field density as the optimization objec-
tives, combining the extreme learning machine (ELM)
surrogate model with multi-objective optimization algo-
rithm for hybrid shielding structural design, realizing the
further improvement of power transfer and electromag-
netic shielding capability. A numerical simulation test
is carried out and the results show that the proposed
shielding scheme can ensure the system transfer effi-
ciency, meanwhile reducing the magnetic leakage from
all directions, and providing effective electromagnetic
exposure safety protection for the human body.

Index Terms – Electromagnetic exposure safety,
extreme learning machine, hybrid shielding structural
design, multi-objective optimization algorithm, wireless
power transmission.

I. INTRODUCTION
Developing the electric vehicles industry is

an essential strategy for protecting the ecological

environment as well as saving fossil energy. In recent
years, charging technology has been research hotspot in
the field of electric vehicles. With the development of
electric vehicles gradually moving towards intelligent
networking, the commonly used wired charging station
is hardly able to meet the needs of intelligent driving in
the future [1, 2]. In contrast, wireless power transmission
(WPT) brings convenience and features strong environ-
mental adaptability in its practical application, which
makes it a highly suitable charging form for intelligent
driving [3, 4]. However, electromagnetic exposure safety
issues of the WPT process are gradually emerging as
the technology enters the market, which becomes the
focus of attention for researchers [5]. To alleviate the
electromagnetic fields (EMFs) caused by WPT systems,
most existing methods focus on the two categories of
active and passive shielding.

Regarding active shielding methods, Cruciani et al.
proposed a method to identify the suitable excitation of
active coils. The proposed method permits the mitigation
of the magnetic leakage in a specific point, the shielding
effectiveness (SE) can achieve 20 dB on the considered
area with minor losses of efficiency [6]. Cruciani et al.
proposed a shielding structure composed of multiple
active coils to mitigate the magnetic leakage field of
WPT systems, then used a gradient descent algorithm
to obtain the most suitable excitation for the active coils.
Thus, the magnetic leakage field in the protection area
was reduced by nearly half [7]. Mi et al. proposed
a double-loop active shield coil directly connected in
series with the primary side coil, which reduced the
leakage level of the WPT system while eliminating
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the additional coupling between the shield coil and
secondary side coil [8]. Campi et al. proposed a novel
design of active coil to reduce the magnetic leakage
field generated by the WPT system, which consists of
two separate shield coils with independent source. The
shielding method was proved to have a minor impact
on system transmission performance [9]. Li et al. pro-
posed a double-coil dynamic shielding scheme based
on active shielding technology, which adopts two half-
loop structures set on the outside of the transmitting side
coil, achieving dynamic shielding of EMF leakage while
ensuring high transmission efficiency [10].

Passive shielding achieves a reduction of magnetic
leakage field mainly by using high permeability ferro-
magnetic materials or high conductivity metal materials.
The method is also widely used in electromagnetic
exposure safety protection of WPT systems. Budhia
et al. proposed a ferrite shielding composite structure
consisting of six parts: plastic cover plate, coupling
coil, frame, ferrite magnetic core, aluminum ring, and
aluminum backplate, which features satisfactory perfor-
mance of magnetic leakage shielding [11]. Zhu et al.
proposed a shielding method that used aluminum strips
applied on the outer side of the transmitting side coils,
which reduces the negative impact of eddy current losses
on system transmission performance [12]. Mohammad
et al. discovered that ferromagnetic materials can effec-
tively suppress the electromagnetic exposure of Double
D coil based WPT systems. The experiment result shows
that the peripheral magnetic leakage field can be effec-
tively suppressed [13]. Gu et al. proposed combining
soft magnetic materials and ferrite as the passive shield-
ing structure of WPT, while retaining the electromag-
netic shielding performance. The mechanical stability
and thermal conductivity of the shielding structure also
improved [14].

Let us now turn to research on hybrid active-passive
shielding for WPT systems. Dai et al. proposed the
active shielding structure of reverse-wound magnetic
shielding coils in series with the main coil, as well as
the passive shielding structure based on ferrite, which
improved magnetic field distribution around the WPT
system [15]. Li et al. proposed a composite electro-
magnetic shielding structure for WPT, which is com-
posed of Tian-font magnetic shielding and anti-series
active coils. The proposed hybrid structure minimizes
material use while maintaining safe magnetic leakage
levels [16]. Zhang et al. proposed a hybrid shielding
system composed of single-source topology-integrated
active suppression coils and adjustable ferrites, which
generated canceling flux opposite to leakage flux as well
as compensation flux consistent with the main flux [17].
Li et al. proposed a hybrid shielding structure consisting
of a surrounding coil with a ring-shaped aluminum plate,

effectively weakening the magnetic leakage in the edge
position of the WPT system [18].

In order to further enhance the overall performance
of the WPT system, many scholars conducted research
on the application of optimization algorithms for the
design of structure of WPT systems. Zhao et al. used
a genetic algorithm to optimize metal aluminum shield-
ing structural parameters, reducing the energy losses
produced in the aluminum shielding plate of the WPT
system [19]. Luo et al. proposed a multi-objective opti-
mization method of a primary side ferrite layer for a
Double D coil based WPT system, using the NSGA-
II algorithm to optimize the geometrical parameters of
ferrite, realizing the improvement of system coupling
coefficient and the reduction of stray magnetic leakage
fields [20]. Pei et al. proposed a multi-objective opti-
mization method based on particle swarms coupled with
the polynomial chaos expansion model to determine
the optimal design parameters in the practical shielding
design, which increases the system coupling coefficient
while also reducing the shielding costs [21].

Compared to the existing literatures, this study
effectively combines both active and passive shielding
methods, realizing the reduction of the magnetic leakage
field in the full place as well as transmission efficiency
of the WPT system. This paper skillfully combines
extreme learning machine (ELM) neural networks with
multi-objective optimization algorithms to improving
the overall performance of the WPT system. ELM is
used to quickly construct a surrogate model of the
optimization variables and objective functions in the
shielding structure, and the multi-objective algorithm is
used to search for the optimal solution of shielding struc-
tural parameters. This paper considers system transfer
efficiency as well as the surrounding magnetic leakage
flux density as the optimization objective, ultimately
improving the overall performance of the WPT system.

The contents of the paper can be expressed as
follows. Section II introduces the spatial magnetic field
distribution of the studied coil type (circular coil), giving
the mathematical model of magnetic induction intensity.
Section III introduces the design idea of hybrid shielding
structure and introduces the shielding principle of the
proposed active and passive method. Section IV intro-
duces the proposed optimization method, discussing
the overall optimization design process of shielding
structure. Section V is the specific numerical simulation
part, verifying the feasibility of the proposed scheme.
Section VI summarizes the research work of this paper.

II. ANALYSIS OF SPATIAL MAGNETIC
FIELD OF WPT

The magnetic energy coil group is the main device
for transmitting electricity in the WPT system, which
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relies on a spatial alternating magnetic field to achieve
WPT. Thus, the magnetic energy coil group determines
magnetic field distribution in the transmitting channel
as well as magnetic leakage field distribution in the
surrounding environment to a large extent [22, 23].

The coil groups applied in the WPT system are
usually composed of multiple independently insulated
twisted wires wound together, which can be divided
into the two categories of unipolar coil and bipolar
coil according to the mode of magnetic field distribu-
tion [24]. The unipolar coil features only single magnetic
pole direction, generating the magnetic flux component
vertical to the plane of the coil. This type of coil usually
features a relatively simple structure, such as circular
and rectangular coils [25]. Different from a unipolar coil,
the bipolar coil features two directions of magnetic pole,
which produces two magnetic flux components that are
respectively parallel and vertical to the plane of the coil.
This type of coil usually features a complex structure,
such as Double D coil or Bipolar coil [26]. The magnetic
flux lines of the two types of coil structure are shown as
Fig. 1.

Fig. 1. Magnetic flux distributions of different types of
coils. (a) Unipolar coil and (b) bipolar coil.

This paper takes the circular coil as the research
object. In the Cartesian coordinate system, the total
magnetic field density of a certain spatial position can
be composed of magnetic flux components in the x, y, z
directions. As shown in Fig. 2, assuming that there exists
a circular line current I on the plane of XOY, whose
radius is R, P(r, θ , ϕ) is the spherical coordinate value
of any point in the spatial domain.

Taking the center of the circular line current as coor-
dinate origin, the magnetic vector potential of the circu-
lar line current at any spatial point can be expressed as:

A(r,θ ,ϕ) =
µ0 · I
4π

∮ dl
|r− r′|

, (1)

where µ0 represents vacuum permeability 4π ×
10−7 H/m. dl represents the differential line element of
the current element I · dl, whose spherical coordinate
value can be expressed as (r′,ϕ ′,0). According to the
relationship between magnetic flux density and mag-
netic vector potential, the component of the magnetic

Fig. 2. Basic model of circular line current.

field density of a circular coil at any point in the
Cartesian coordinate system can be calculated as [27]:

Bx =
µ0 · I
2π

· z

p
√

[(p+R)2 + z2]

·

[
−K +

R2 + p2 + z2

(p−R)2 + z2
·E

]
· cosϕ,

By =
µ0 · I
2π

· z

p
√

[(p+R)2 + z2]

·

[
−K +

p2 + z2 +R2

(p−R)2 + z2
·E

]
· sinϕ,

Bz =
µ0 · I
2π

· 1√
[(p+R)2 + z2]

·

[
K +

R2 − p2 − z2

(p−R)2 + z2
·E

]
.

(2)

In the above equation, p, K, E, and k can be further
expressed as:

p =
√

x2 + y2 + z2, (3)

K =
∫ π

2

0

dϕ√
1− (k · sinϕ)2

, (4)

E =
∫ π

2

0

√
1− (k · sinϕ)2dϕ, (5)

k =

√
4rRsinθ

r2 +R2 +2rRsinθ
. (6)

If we assume that the turns of the transmitting and
receiving side coil groups are respectively n and m, the
magnetic field generated by each single turn coil at the
spatial point P can be expressed as Bt,1,Bt,2, . . . ,Bt,n
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as well as Br,1,Br,2, . . . ,Br,m. The magnetic flux density
generated by a single-turn coil is the basis for calculating
the total field strength:

Btotal =
n

∑
i=1

Bi +
m

∑
j=1

B j. (7)

III. PROPOSED HYBRID SHIELDING FOR
MAGNETIC LEAKAGE FIELD

MITIGATION
This section proposes a hybrid electromagnetic

shielding structure that combines active and passive
shielding methods, cutting off the EMF leakage path of
the WPT system, while improving the magnetic field
distribution in the system transmission region. As shown
in Fig. 3, the purpose of the proposed hybrid shielding
structure in this paper is to reduce the magnetic flux in
regions 2⃝ and 3⃝, while maintaining the magnetic flux
in region 1⃝.

Fig. 3. Electromagnetic field distribution diagram of
WPT.

A. Magnetic guidance of lightweight ferrite
Passive shielding achieves constraint of the mag-

netic field mainly through using a ferromagnetic or metal
material. Ferromagnetic materials can construct a low
magnetic resistance path for magnetic flux, to guide the
magnetic flux lines to converge towards the transmission
channel [28], i.e. region 1⃝ in Fig. 3. Calculation of
a magnetic path can be solved using Ohm’s law of
magnetic paths [29]:

Φ =
F

Rm
, (8)

where Φ is magnetic flux volume, F is magnetomotive
force, and Rm is resistance of the magnetic path. If we
assume that the magnetic circuit interface is uniform,
then Rm can be expressed as:

Rm =
l

µ ·S
, (9)

where µ is magnetic permeability, l is length of magnetic
circuit, and S is cross-section area of the magnetic
circuit. From Equation (9), the higher the magnetic
permeability, the lower the magnetic resistance. The
magnetic flux would mainly pass through the path with
lower resistance. Thus, priority should be given to using
high magnetic permeability materials for shielding. At
present, ferrite is widely used for passive shielding
of WPT systems, due to its high permeability, high
saturation magnetic density, and high resistivity [30].

This paper suggests a novel passive shielding struc-
ture based on ferrite materials. The central part is hol-
lowed out to form the groove architecture. The WPT coil
groups are embedded inside the ferrite magnetic core
in the actual application. The coil groups are enclosed
by the ferrite ring, shown in Fig. 4. Compared with an
entire ferrite disk, the new structure saves on materials,
effectively reducing costs.

Fig. 4. Proposed ferrite groove structure. (a) Basic
appearance of the ferrite groove and (b) assembly of the
ferrite groove and WPT coils.

In Fig. 4, H is width of the ferrite groove, D is depth
of ferrite groove. The special structure facilitates the
practical placement of the coil groups. The paper applies
the ferrite groove structure to the receiving side of the
WPT system, which can concentrate the magnetic in
region 1⃝ and reduce the magnetic leakage in region 3⃝.

B. Magnetic flux interaction of the shield coil
The principle of an active shielding method is to

use auxiliary coils to generate a reverse magnetic field,
thereby offsetting magnetic leakage field at the target
position [7]. A traditional active shielding system usu-
ally consists of a main coil of WPT and a shield coil,
where the current direction of the shield coil is opposite
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to that of the main coil, thereby forming a magnetic
field direction opposite to that of the main coil [31].
Though the magnetic leakage field in the protective area
is weakened, the direction of shielding current remains
constant, which reduces the transmission efficiency of
the WPT system [32, 33].

This study proposes laying the four shield coils on
the transmitting side of the WPT system, which all have
independent power supply. A top-down perspective is
shown in Fig. 5.

Fig. 5. Diagram of the surrounding shield coil.

Here, L and W represent the length and width of
the shield coil. By adjusting the power supply of the
shield coil, the current of the shield coil is in phase
opposition to the current of the WPT transmitting main
coil. Adjacent to the main coil, the shield coil can
generate a magnetic field in phase with the main coil.
Outside the main coil, the shield coil can generate a
magnetic field in phase opposition to the main coil.

Taking a cross-section of the WPT system as the
observation plane, Fig. 6 represents the magnetic super-
position after adding the shield coils. Figure 6 divides
the overall area into energy transmission area and mag-
netic leakage protection area. The lines in Fig. 6 repre-
sent the distribution of magnetic flux lines produced by
the main coils and the shield coils.

Fig. 6. Cross-section diagram of shield coil and main
coil.

Assuming that the magnetic flux components gen-
erated by the WPT coil are Φ3,Φ6, the magnetic flux
components generated by the shield coil on two sides
are Φ1,Φ2,Φ4,Φ5. It can be seen that the magnetic
flux caused by the shield and WPT coil are mutually
cancelled out in the outer region, which can effectively
weaken the magnetic leakage, while the magnetic flux
caused by shield and WPT coil are mutually super-
imposed in the middle region, which can improve the
transmission performance of the WPT system. Magnetic
flux in the different regions can be expressed as:

Φin = Φ3 +Φ2

Φin = Φ6 +Φ4

Φout = Φ3 −Φ1

Φout = Φ6 −Φ5

, (10)

where Φin and Φout represent the total magnetic flux
in the middle and outer regions. Combining the initial
design idea of electromagnetic shielding structures men-
tioned in section III, it can be theoretically concluded
that the active coil structure can reduce the magnetic flux
in region 2⃝ while supplementing the magnetic flux in
region 1⃝, achieving the dual effect of electromagnetic
shielding and transfer performance.

The passive and active shielding structures in this
study are made of Mn-Zn ferrite and copper, respec-
tively. The general price range of Mn-Zn ferrite is
US$10–30 per kilogram. Due to the lightweight nature
of ferrites and the groove shape designed in this study
saving on material usage, the cost is not high. The cost
of active shielding depends on the volume of copper
material, which can be reduced by reducing the number
of turns and reducing the wire diameter of the shield
coils; the cost range for cheaper copper material is
generally US$10–20.

IV. MULTI OBJECTIVE OPTIMIZATION
SURROGATE MODEL FOR SHIELD

STRUCTURE
A. Extreme learning surrogate model

In the numerical simulation model of electromag-
netic shielding structures there exists a stronger non-
linearity relationship between the shielding structural
parameters and system optimization objectives [34]. To
build the mapping relationship between the two for rapid
optimization, this study establishes a surrogate model
based on ELM, whose input variables are the optimiza-
tion parameters of the electromagnetic shielding struc-
ture. The output variables are the objectives that need to
be optimized including system transfer efficiency as well
as magnetic leakage flux density. As shown in Fig. 7, this
paper sets two observation planes of magnetic leakage,
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which are at the side and back of the WPT system,
namely regions 2⃝ and 3⃝ in Fig. 3.

Fig. 7. Target plane of magnetic leakage around the
vehicle.

Different from the back propagation neural net-
work, the weight values on the hidden layer of ELM
do not need to be adjusted during the training process,
featuring high solution efficiency and satisfactory per-
formance of generalization [35]. The principle of ELM
can be described as follows. For each input sample xi,
the activation values of the neurons on the hidden layer
can be expressed as:

hil = g(aT
l xi +bl), (11)

where g(·) represents the activation function, al repre-
sents the input weight vector of the l-th neuron, and bl
represents the corresponding bias term, which are all
randomly initialized and remaining constant during the
training process of the model. The main task of ELM is
to calculate the optimal weight values from hidden layer
to output layer. Output can be expressed as a form of
linear combination:

β = [β1,β2, . . . ,βL], (12)

γi =
L

∑
l=1

βlhil = β
T hi. (13)

To minimize the overall prediction error of the
samples, the optimal weight matrix β can be derived as:

βopt = (HT H)−1HT T, (14)

where H = [h1,h2, . . . ,hN ]
T represents the matrix of

hidden layer activation values and T = [t1, t2, . . . , tN ]T

represents the target output matrix. In the ELM surrogate
model established in this paper, the length of the shield
coil L, the width of the shield coil W, the ring width of
the ferrite groove H, and the depth of the ferrite groove
D are taken as the input variables of the neural network
model. The output variables include system transmission
efficiency as well as maximum leakage flux density on
observation planes 1 and 2. Thus, the number of nodes

of the input and output layers of the neural network are
set as 4 and 3. The modeling of ELM is the first step in
the optimization design process of the electromagnetic
shielding structure, which lays the foundation for the
subsequent use of the optimization algorithm.

B. Multi-objective optimization process
As mentioned in the previous section, due to the

multiple optimization objectives analyzed, this paper
uses the multi-objective algorithm to solve the opti-
mization design issue of the electromagnetic shielding
structure.

The multi-objective particle swarm optimization
(MOPSO) is an evolutionary algorithm improved on the
basis of ordinary PSO, featuring better global search
and convergence performance, which has been widely
used in the solution of complex engineering problems.
In this study, MOPSO is used for the optimization
design of active and passive shielding structures. The
basic idea of MOPSO is to divide the solution space
into multiple sub-regions and search within each sub-
region. Different from traditional PSO, MOPSO uses
the relationship of Pareto dominance to evaluate the
fitness of a particle [36, 37]. One particle is defined as
dominating another particle if it outperforms the other
particle on all objective functions. Only non-dominated
particles can enter into the Pareto front. The solution
process of MOPSO can be described as follows:

(1) Randomly initialize the position of the individual
particles.

(2) Calculate the fitness of each individual particle and
determine the non-dominated individuals according
to the relationship of Pareto dominance. For a certain
individual particle, the dominated set indicates the
set of particles with worst fitness, and the non-
dominated set indicates the set of particles with best
fitness.

(3) Update the step size and position of each individual
particle. The new step size and position of each parti-
cle is calculated according to the current status, then
the fitness of particles and Pareto front are updated
according to the relationship of Pareto dominance. If
one certain particle becomes the new Pareto optimal
solution, it will be added to the Pareto front; the
solutions dominated will be removed.

(4) Repeat steps (2) and (3) until termination conditions
are reached.

In summary, the steps of the optimization method
can be described as follows. First, the optimization
variables of shielding structure as well as the system
optimization objectives are sampled through numerical
simulation, which are taken as the training samples for
the ELM surrogate model. When the training accuracy
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of the model reaches the requirements, the optimiza-
tion objective value can be accurately predicted. The
MOPSO algorithm is combined to search the optimal
shielding structural variables under the premise of con-
sidering system transfer efficiency as well as the mag-
netic leakage flux density as the optimization target.
We will eventually obtain the ideal optimization design
parameters of the shielding structure. The overall proce-
dure of the optimization method is depicted in Fig. 8.

Fig. 8. Overall optimization framework of hybrid shield-
ing structure.

V. PERFORMANCE VERIFICATION
This paper establishes the finite element method

(FEM) numerical simulation model of an electric vehi-
cle’s WPT system in COMSOL software, which is
shown in Fig. 9. The parameters of the vehicle’s body
size are as follows: length of 4.5 m, width of 2 m, height
of 1.5 m, which are consistent with the volume size
of common domestic vehicles on the market [38]. The
material of the vehicle’s body is set as aluminum, the
materials of the tires and windows of the vehicle are
respectively set as rubber and tempered glass, and the
material of the coil groups is set as copper.

This paper establishes the human body model of
adult male for analyzing the impact of the WPT sys-
tem on human electromagnetic exposure safety, whose
height and weight are respectively set as 1.8 m and
75 kg. The working frequency of the electric vehi-
cle’s WPT system is set as 85 kHz, corresponding to
human body tissue’s conductivity and relative permittiv-
ity respectively as 0.27 S/m and 5400 [39]. The elec-
tromagnetic exposure dose of human body is quantified
using multi-physics field FEM, which is used to evaluate
whether there exists potential threats to human health.

According to the relevant test standards specified in
SAETIRJ954, the test plane of magnetic leakage field is
set on the side and above the WPT system in the practical

Fig. 9. Simulation model of wireless power transmission
scenario of electric vehicle.

scenario, respectively as 0.8 m away from the central
WPT system coupling mechanism [40], whose position
is shown in Fig. 7.

To verify the electromagnetic shielding effect of the
proposed active and passive shielding structure in this
study, this section arbitrarily sets the initial structural
design parameters of the shielding structure as shown in
Table 1. It should be noted that the structural parameters
in Table 1 are not the eventual optimized design results,
just for verifying whether the proposed shielding struc-
ture has the effect of weakening the magnetic leakage
field for the WPT system.

Table 1: Initial structural parameters of active and pas-
sive shielding

Active Shielding L 273 mm
W 38 mm

Passive Shielding D 23 mm
H 127 mm

The simulation results of the magnetic leakage field
distribution are as follows. On observation plane 1,
comparison results of magnetic flux with and without
ferrite groove passive shielding are depicted in Fig. 10.

Fig. 10. Comparison of magnetic leakage flux on plane
1 (a) without ferrite and (b) with ferrite.

It can be seen that the magnetic flux density of
observation plane 1 is decreased by 80%, thus the
ferrite groove can weaken the leaking electromagnetic
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magnetic field of the area above the WPT system. When
passengers sit in the back seats of the vehicle, the
electromagnetic exposure safety issues are alleviated.
On the observation plane 2, the comparison results of
magnetic leakage flux with and without active shielding
coils are shown in Fig. 11.

Fig. 11. Comparison of magnetic leakage flux on plane
2 (a) without shield coil and (b) with shield coil.

It can be seen that the magnetic leakage flux density
of observation plane 2 is decreased by 87.5%. Thus, the
shield coils can effectively suppress the lateral leaking
EMF. Combined with actual scenarios, when passengers
stand at the side of the vehicle, electromagnetic radiation
hazards are reduced.

Considering that the varying environmental tem-
peratures in real situations may affect the performance
of the shielding structure, this paper builds a tempera-
ture coupled physical field in the numerical simulation,
analyzing the varying characteristics of the maximum
magnetic leakage flux density on the target plane with
changes of temperature, shown in Fig. 12.

It can be concluded that the change of external tem-
perature has minimal impact on the performance of the
proposed electromagnetic shielding structures, reflecting
robustness for change of environment conditions. In the
analysis of shielding structure optimization design, ELM
is used for predicting the optimization objectives. To
verify the performance of the trained ELM model, this
paper uses the test sample to obtain the output values
of the model and comparing it with the FEM results, as
shown in Fig. 13.

This paper takes the determination coefficient (R2)
as an evaluation indicator for ELM model performance,
which can intuitively reflect regression quality and pre-
diction error distribution of the surrogate model [41].
A total of 30 sample points were tested and it can be
seen that FEM and ELM have almost the same solution
accuracy for each optimization objective, demonstrating
the effectiveness of the ELM prediction method.

On this basis, the MOPSO algorithm was adopted
for optimization of electromagnetic shielding structural
parameters. The intervals of the selected optimization

Fig. 12. Analysis of the influence of environmental tem-
perature on electromagnetic shielding performance. (a)
Varying magnetic leakage with the temperature on plane
1 and (b) varying magnetic leakage with the temperature
on plane 2.

variables L, W, D, and H were set as [270 mm, 280 mm],
[35 mm, 45 mm], [15 mm, 25 mm], and [120 mm,
130 mm], respectively. This paper set population size
and maximum iteration times of the algorithm as 30
and 50. Implementing the optimization calculation can
obtain the Pareto front solution results of each objective,
shown in Fig. 14.

The optimal solution of shielding design parameters
is marked by a cross in Fig. 14, which features higher
transfer efficiency and lower electromagnetic exposure
indicators, which is more in line with the needs of elec-
tric vehicle users. Table 2 shows the shielding structural
parameter groups before and after optimization as well
as the corresponding optimization target values.

In practical situations, there exist factors that could
affect the electrical performance of the WPT system.
Thus, it is necessary to carry out uncertainty quan-
tification analysis for the work scenario of the WPT
system [42]. Considering the spatial dislocation scenario
of the coil groups of the WPT coupling mechanism,
this study lists the relevant random variables as follows:
transmission distance d, horizontal displacement of the
coil groups ∆x, ∆y, and deviation angle of the coil groups
α , which are shown in Table 3. U represents uniform
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Fig. 13. Comparison of ELM prediction and FEM simu-
lation results. (a) Comparison results of system transfer
efficiency, (b) comparison results of leakage flux on
plane 1, and (c) comparison results of leakage flux on
plane 2.

Fig. 14. Pareto front solution results of three-objective
PSO.

Table 2: Comparison of various parameter indicators
before and after optimization

L W D H η B1 B2

(mm) (mm) (mm) (mm) (µT) (µT)
Original 273 38 23 127 0.79 11.3 9.7
Optimized 275 36 19 124 0.91 7.5 6.2

distribution, the Latin hypercube method is used for
sampling the uncertain variables in this study, and the
comparison results of various optimization objective’s
probability distribution before and after optimization are
shown in Fig. 15.

Table 3: Uncertain variables considered in the practical
application of the WPT system

Variables Distribution Range Unit
d U (0.19, 0.21) m
∆x U (0, 0.02) m
∆y U (0, 0.02) m
α U (0, 90) ◦

It can be concluded that under the interference of
external uncertain factors, the transfer efficiency of the
WPT system is more likely to be at a higher level
after optimization. Meanwhile the risk of electromag-
netic exposure is also decreased. Average transfer effi-
ciency before and after optimization is 0.78 and 0.93,
respectively, which is enhanced by 19.2%. Maximum
magnetic leakage field density on observation plane 1
is 11.37 µT and 7.66 µT, respectively, before and after
optimization, which is reduced by 35.1%. Maximum
magnetic leakage field density on observation plane 2
is 9.35 µT and 6.07 µT, respectively, before and after
optimization, which is reduced by 32.6%. Intensity of
magnetic leakage field around the vehicle body are far
less than the threshold (27 µT) specified by ICNIRP
guidelines, which improves the electromagnetic expo-
sure safety protection effect.

In addition, this study takes the scene of a pas-
senger standing near the vehicle as the research case,
calculating the specific absorption ratio (SAR) value
distribution of the whole human body by finite element
numerical simulation Comparison results before and
after optimization are depicted in Fig. 16.

SAR value can accurately reflect the electromag-
netic radiation dose absorbed by unit mass of human
tissue in unit time [43]. Taking SAR value as the evalu-
ation indicator can more scientifically reflect the impact
of external EMFs on human health.

From the above comparison results, it can be seen
that the negative impact of a WPT system on the elec-
tromagnetic exposure safety of a human body is reduced
after optimization, which features practical significance
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Fig. 15. Probability distribution of various optimization
target values before and after optimization. (a) Com-
parison of probability distribution of transfer efficiency,
(b) comparison of probability distribution of maximum
magnetic leakage flux density on plane 1, and (c) com-
parison of probability distribution of maximum mag-
netic leakage flux density on plane 2.

for electromagnetic safety protection of drivers or pas-
sengers in daily situations.

Thus, the proposed active and passive shielding
structure and its multi-objective optimization method
can effectively improve the comprehensive performance
of the WPT system, which provides efficient solutions
for the design of shielding structures of electric vehi-
cle’s WPT systems. In the long term, improvement of

Fig. 16. SAR value distribution of human body near the
WPT system (a) non-optimized and (b) optimized.

electromagnetic shielding measures can promote faster
development of WPT technology of electric vehicle,
which is in line with the future trend of intelligent
transportation developments.

VI. CONCLUSION
This paper proposes a hybrid active and passive

shielding method for mitigating the leaking magnetic
field from an electric vehicle’s WPT system. The ferrite
grooves are covered on the back of the WPT receiving
coil, realizing reduction of the vertical magnetic leak-
age field above the coupling mechanism. The shield
coils are placed on four sides of the WPT transmitter,
effectively reducing the lateral magnetic leakage field
outside the coupling mechanism. Moreover, this paper
establishes the optimization framework based on multi-
objective particle swarm and ELM surrogate model,
carrying out the optimization of hybrid shielding struc-
tural parameters, realizing the enhancement of transfer
capability and electromagnetic shielding performance.
In addition, combined with practical scenarios of electric
vehicle charging, the paper also conducts uncertainty
quantification analysis for the electrical performance
of the WPT system, comparing the probability density
distribution of various target values before and after
optimization. Average transfer efficiency is improved by
19.2%, average value of vertical and lateral magnetic
leakage field density are reduced by 35.1% and 32.6%,
respectively, and the electromagnetic exposure indicator
of a human body near the WPT system is significantly
reduced.
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