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Abstract—Recently, Reconfigurable Intelligent Surfaces (RIS)
have gained significant attention from both academia and
industry due to their attractive features such as passive
beamforming, energy efficiency, and cost-effectiveness. In
this paper, we consider a system where an RIS is deployed to
support data transmission from an Information Transmitter
(ITx) to an intended Information User (IU) and power
transfer from a Power Transmitter (PTx) to a Power User
(PU). Due to the high power required for power transfer,
excessive leakage from the PTx can damage sensitive
components in the IU. To mitigate this interference, we
propose an efficient optimization method based on the bat
algorithm that optimizes the reflection phase coefficients of
the RIS. Our simulation results demonstrate that the
proposed approach can suppress interference from the PTx
to around -15 dB and enhance the IU’s Signal-to-
Interference Ratio (SIR) by up to 52 dB compared to baseline
methods. Furthermore, a detailed comparison with
Accelerated Particle Swarm Optimization (APSO) shows
that while APSO maintains a stable PU power of
approximately 31.7 dB and a low U SIR (< 4 dB), our method
balances power transfer and interference suppression by
achieving a PU power of approximately 26.2 dB and an U
SIR in the range of 38-44.8 dB after 100 iterations.
Additional analyses reveal that higher RIS resolution further
improves the SIR and that the approach remains robust
under varying user positions. These quantitative results
underscore the effectiveness and robustness of our bat
algorithm-based optimization method for RIS-assisted
simultaneous wireless information and power transfer
systems.

Keywords—interference suppression, reconfigurable
intelligent surface, simultaneous wireless information and
power transfer, bat algorithm

I. INTRODUCTION

In the realm of the Internet of Things (loT), trillions of
IoT devices are being deployed, transforming our
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traditional way of living into a high-tech lifestyle
characterized by smart homes and smart cities. This rapid
expansion of 10T devices necessitates new technologies to
power and ensure their continuous operation.
Simultaneous Wireless Information and Power Transfer
(SWIPT) has emerged as a promising solution, allowing
the concurrent transmission of information and power to
end users [1-3].

In recent years, Reconfigurable Intelligent Surfaces
(RIS) have emerged as a key enabling technology to
combat the high path loss and weak penetration of high-
frequency band signals through obstacles [4, 5].
Furthermore, RIS provides a smart, controllable wireless
environment-an element previously considered a fixed
parameter in conventional wireless networks [6, 7].
Essentially, RIS is a man-made surface comprising
hundreds to thousands of unit cells. Each unit cell is
designed with a special structure and integrated with one
or more control elements (e.g., PIN diodes, varactors) to
manipulate the characteristics of the impinging
Electromagnetic (EM) waves. By intelligently controlling
each unit cell in the RIS, one can form a power beam
toward a desired direction, focus one or multiple beams, or
even scatter the incoming EM waves. Unlike conventional
technologies such as phased array antennas or wireless
relays, RIS can perform beamforming and beam focusing
without any Radio Frequency (RF) chains or active
components (e.g., RF amplifiers, phase shifters, or
attenuators). Consequently, RIS is considered a cost-
effective and energy-efficient solution for future wireless
networks. Owing to these appealing features, RIS has been
the focus of various research topics, including near-field
communications for Sixth Generation (6G) [8], index
modulation [9], edge computing [10], non-terrestrial
networks [11], and Unmanned Aerial VVehicles (UAV) [12].
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Besides, metaheuristic algorithms have recently been
recognized for their ability to explore large solution spaces,
making them ideal for tackling the intricate optimization
challenges typical in wireless communication systems. A
key advantage of these algorithms is their global search
capability, which allows them to explore diverse regions
of the solution space, avoiding the pitfalls of local optima
and thus facilitating the discovery of high-quality solutions
even in complex and dynamic environments.

To provide readers with a comprehensive overview of
the state-of-the-art RIS-assisted Simultaneous Wireless
Information and Power Transfer (SWIPT) systems and
metaheuristic algorithm applications for wireless systems,
Table | summarizes key findings from related works [13—
30]. The table lists each reference along with its main
contributions and the methodologies or approaches
employed.

TABLE I. SUMMARY OF KEY FINDINGS IN RIS-ASSISTED SWIPT

SYSTEMS AND METAHEURISTIC ALGORITHM APPLICATIONS FOR
WIRELESS SYSTEMS

Ref.

No. Key Contributions

Methodology/Approach

Enhances energy harvesting in
SWIPT systems by jointly
optimizing transmit precoding and
RIS phase shifts; guarantees energy
harvesting  requirements  while
maximizing the weighted sum rate
of information receivers.

Combines passive and active
elements for the direction of arrival
estimation and reflection, reducing
pilot overhead and enabling efficient
autonomous operation of the sensing
surface.

Block coordinate descent
with iterative low-
complexity algorithms
converging to Karush-
Kuhn-Tucker points.

[13]

Autonomous direction of
arrival estimation, closed-
form performance
analysis, and moment-
matching for statistical
characterization.
Alternating optimization
using successive convex
approximation (SCA) for
trajectory, hovering time,
and reflection  vector
optimization.

Derivation of closed-form
expressions under
Rayleigh fading; analysis
of outage probability and
diversity  order  using
hybrid time-
switching/power-splitting
protocols.

[14]

Minimizes the total energy cost of a
UAV-enabled SWIPT system using
active RIS to offset multiplicative
fading, achieving improved energy
saving.

[15]

Integrates RIS, relay transmission,
and MIMO techniques to enhance
outage probability, throughput, and
energy efficiency in  SWIPT
systems.

[16]

Significantly reduces transmission
power (by 50-60%) through joint
beamforming design at the BS and
active RIS, while satisfying quality
of services and energy harvesting
constraints under channel estimation
errors.

Addresses practical finite-alphabet
signal constraints in SWIPT systems
by optimizing both the transmit
precoder and RIS phase shifts to
maximize the channel cutoff rate as
a surrogate for mutual information.
Improves transmission efficiency in
SWIPT-Wireless-powered
communication network systems by
jointly optimizing beamforming,
phase shifts, power splitting, and
energy harvesting time, while
accounting for energy harvesting

Minimum mean square
error transformation and
alternating  optimization
framework.

[17]

Alternating  optimization
combining  SCA, S-
Procedure, and
semidefinite  relaxation
(SDR) for both perfect and
imperfect CSI cases.

[18]

S-Procedure for
deterministic

reformulation, block
coordinate descent, SCA,
and penalty-based

methods.

[19]
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E%f' Key Contributions Methodology/Approach
nonlinearity and channel
uncertainties.
Develops an electromagnetics-based gleurr:;%ation alterrfztrii\?z
model for RIS-assisted SwipT 2PProximation, -
o - . optimization, inner
[20] systems; investigates the impact of Lo
- - convex  approximation,
array configuration and mutual inkelbach’
coupling on energy efficiency and . Dinkelbach’s
' algorithm.
Alternating optimization
Maximizes the sum rate in multi- combined with SCA for
user multiple-input  single-output three transmission
interference channels with SWIPT schemes (hybrid power
[21] by jointly optimizing transmit splitting and time
covariance matrices, RIS phase switching, time-division
shifts, and resource allocation, while multiple access, time-
meeting individual energy division multiple access-
harvesting constraints. D), with  feasibility
checking for initialization.
Provides an extensive overview of
nature-inspired optimization Comprehensive review of
[22] methods, discussing various evolutionary algorithms,
metaheuristic techniques and their swarm intelligence, and
applications in engineering and trajectory-based methods.
wireless communications.
Proposes a metaheuristic framework
to optimize hyperparameters for Metaheuristic-driven
deep learning models used in hyperparameter  tuning
[23] millimeter wave beamforming, integrated with  deep
achieving higher spectral efficiency learning for beamforming
compared to conventional optimization.
approaches.
Introduces a metaheuristic-based ...
. Utilizes advanced
uplink power control scheme for i .
- . metaheuristic techniques
user-centric ~ Cell-Free  Massive to  navigate  complex
[24] MIMO systems that maximizes both . g P
Py uplink  power  control
minimum and  sum  spectral Lo -
- - - - optimization,  balancing
efficiency while ensuring fairness - L
multiple objectives.
among users.
Demonstrates that metaheuristic
algorithms (differential evolution, - .
p S Comparative study using
Particle Swarm Optimization-PSO, . - .
L .~ differential evolution,
artificial bee colony) can optimize e
U PSO, and artificial bee
[25] power allocation in Non-orthogonal
: .~ colony for non-convex
multiple access systems, enhancing ower allocation
sum spectral efficiency and fairness P
- - problems.
with lower computational
complexity.
Investigate dynamic power
allocation for vehicular networks Combines genetic
with  integrated sensing and algorithms and an
[26] communication, using a hybrid improved PSO within a
metaheuristic algorithm to balance Lyapunov  optimization
sensing and communication framework for dynamic
performance in time-varying power allocation.
environments.
Pr_oposes_ a metaheurlstl_cfba§ed Uses modified genetic and
microservice resource provisioning o
. .2 flower pollination
model for edge/fog computing in - -
[27] 16T healthcare  applications, 2/901ithms  for mobility-
. . PP . aware resource scheduling
improving energy consumption, A
and provisioning.
network usage, and latency.
Integrates physical modeling with Embeds electromagnetic
metaheuristic ~ optimization ~ to physics insights into
28] accelerate the RIS codebook conventional
compilation process,  thereby metaheuristic optimizers
reducing offline optimization time to enhance codebook
for RIS configurations. compilation efficiency.
Develops a double-state differential
- . - . Proposes double-state
evolution algorithm to optimize . - ;
node deployment in complex dlrf1f_eLent|aI Ievolutlon,
(291 \yireless sensor networks, enhancing /ISR~ employs ~ two
L .= distinct optimization
connectivity and reducing - -
strategies to  improve

computational cost.
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Ref.

No. Key Contributions

Methodology/Approach

network connectivity in
harsh environments.

Provides a comprehensive review of
metaheuristic algorithms applied in
6G wireless networks, identifying

Reviews and synthesizes
advances in metaheuristic
optimization methods for

challenges and future research - .
0] : .~ addressin high-
[30] directions across various domains . ng g
- dimensional, complex
such as resource allocation, - -
problems in emerging 6G
spectrum management, and edge systems
computing. Y

Most existing works focus on SWIPT systems where a

single transmitter delivers both data and power to end users.

However, in practical scenarios, powering an EM wave
harvester requires at least 0 dBm to achieve reasonable
power transfer efficiency. Meanwhile, data transmission is
feasible as long as the received signal strength exceeds the
noise floor (e.g., =130 dBm). Consequently, a dedicated
power source (i.e., power beacon) should be designed and
implemented for power transfer.

In contrast to previous works, we consider an RIS-
assisted SWIPT system featuring separate information and
power transmitters. Specifically, we examine a system
with one Information Transmitter (ITx) and one Power
Transmitter (PTX) serving an Information User (1U) and a
Power User (PU), respectively. While the PTx and PU are
typically positioned in the near-field region of the RIS, the
ITx and U are located in the far-field region. Given that
the PTx emits a high-power signal, the leakage power
caused by the RIS’s reflected side-lobe toward the 1U can
be substantial. This excessive power leakage at the 1U can
severely damage sensitive components and distort the
information data. Therefore, suppressing the strong
interference from the PTx to the IU is crucial for
improving the overall system performance.

To address this issue, we propose an advanced RIS
phase optimization approach leveraging the bat algorithm-
a powerful nature-inspired metaheuristic-to mitigate
interference while ensuring sufficient power delivery. The
key contributions of this work are summarized as follows:
A novel RIS phase optimization framework using the
bat algorithm, designed to maximize the received
power at the PU while minimizing interference at the

IU, achieving superior performance compared to
traditional optimization techniques.

A refined fitness function that effectively balances
power transfer and interference suppression, ensuring
robust performance under varying system conditions.
A comparative study with Accelerated Particle Swarm
Optimization (APSO), demonstrates that while APSO
maintains stable PU power but suffers from poor
interference mitigation, our approach effectively
enhances the IU’s Signal-to-Interference Ratio (SIR)
while preserving power delivery efficiency.

Extensive numerical simulations evaluating the impact
of RIS phase resolution and user positioning,
confirming the robustness and adaptability of the
proposed method in practical deployment scenarios.
Simulation results validate the effectiveness of our
proposed approach, showing that the bat algorithm
achieves an IU SIR improvement of up to 52 dB while
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suppressing interference from the PTx to approximately
-15 dB. These findings demonstrate the practical
feasibility of RIS-assisted SWIPT systems optimized via
metaheuristic algorithms, paving the way for further
research into real-world RIS deployments.

Notations: The following notations are used throughout
this paper. Column vectors are denoted by lowercase
boldface letters, while matrices are represented by
uppercase boldface letters. We denote by 0 a vector or
matrix of all zeros. For a vector x, the Euclidean norm of

X is denoted by ||, and diag(x) is a diagonal matrix

with the main diagonal given by x . The transpose and the
conjugate transpose of x are represented by x" and x*,
respectively. For a matrix X, the inverse matrix of X is
denoted by X, and the Hermitian transpose and the
transpose of X are denoted as X" and X", respectively.
The magnitude and the phase of a complex number x are

denoted by |x| and £(x), respectively.

Il. SYSTEM MODEL

We consider an RIS-aided SWIPT system, as illustrated
in Fig. 1. The system consists of one PTx, one ITx, one
RIS, one U, and one PU. The PTx and ITx are controlled
by a central control unit. The PTx continuously sends a
wave to convey power to the PU, while the ITx transmits
a modulated Orthogonal Frequency-Division Multiplexing
(OFDM) signal carrying data to the IU. Both signals are
reflected by the RIS before being delivered to their
respective users. Moreover, we assume that the PTx, ITX,
and RIS are located at specific locations in close proximity,
reflecting typical service provider deployments. In
contrast, the IU and PU are freely distributed in the free
space to account for practical variations in user positions.
In practice, the cascade channels among the RIS, the IU,
and the PU can be acquired using advanced channel
estimation algorithms as proposed in [31, 32]. Furthermore,
the PTx and ITx are assumed to have perfect Channel State
Information (CSI) of the RIS and the users in the system,
enabling them to compute the optimal reflection
coefficient matrix. This matrix is then conveyed to the RIS
via the backhaul link.

Reconfigurable Intelligent Surface (RIS
o o o o
o
o o o o

(. . [ o
. i e N
o o

. Jackhaul o

Power link
Communication link
Control link

e
P
‘& é’ e 40/&\,0
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(ITx)

.

Information User
U)

Power Transmitter
(PTx)

Fig. 1. An RIS-aided SWIPT system model.
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The RIS in consideration is a uniform planar array that
consists of N = NRS* <« NRSY ynit cells on the x-y

plane as demonstrated in Fig. 1. The RIS is located at the
origin of the global coordinate system. The element
spacing between adjacent unit cells in the x direction and

y direction are, respectively, denoted by d®** and
dRSY" Each unit cell in the RIS is indexed by (m,n) for
m=1...,N™* and n=1,...,N"Y Then, the position of
the unit cell (m,n) is given such that.

RIS

qm S = (d RISSNR'S‘X ,d Rlslgnr\ﬁ“s-y , O)T

RIS, x RISy O)T
1

1

= (qm n ’qm n ! ( )
where 9*(=a—A/2-1/2) is the ath grid point in the
uniform grid with size A centered at the origin.

In order to manipulate the reflection phase of the
incoming EM wave, each unit cell in the RIS is integrated
with control elements (e.g., PIN diode). Further, to bring
the cost and complexity down, the unit cell is usually
designed in such a way that maximizes the reflected signal
and has a discrete number of phase shifts. Without loss of
generality, the reflection coefficient of the unit cell (m,n)

can be expressed as:
o) 0

is the reflection phase of the unit cell (m,n).

For theoretical analysis and mathematical formulation, we
initially consider the continuous phase of the unit cell.
However, in practical RIS implementations, the phase
shifts are inherently quantized. Therefore, after obtaining
the continuous phase values, we apply the quantization
process to ensure compatibility with the discrete phase
resolution of the RIS. Specifically, the discrete phase shift
of the RIS is determined by mapping the optimized
continuous phase values to the nearest available quantized
levels, as follows:

nn = exp( j 27”{215“ + O.SD,
T

where Y denotes the number of available phase shifts of
the unit cell. Since the RIS can form a beam to a predefined
direction of interest, we can calculate the reflection
coefficient of unit cell (m,n) accordingly. Indeed, assume

that the RIS reflects the incoming EM plane wave to a
desired direction in a spherical coordinate that is (8,¢),

the reflection coefficient of unit cell (m,n) is set to:

1—‘m,n = EXp( J§m

where &, ,

I ©)

T RIS

A

B,

where ¢ = (sin@sing,sin@cosp,cosd)’ is the unit vector
of the direction (6,¢) ; and A, is the wavelength at the
carrier frequency f,.

L= exp{ 2z 4)
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The ITx is located at '™ = (gq™*,q™,q™*)" . We use
the OFDM signals for communication signals that are sent
by the ITx. Indeed, assume that we have K subcarriers,
each of which is termed a subcarrier k(=0,1,...,K) . Let
s, denote the symbol transmitted with the subcarrier k
which is modulated with the Quadrature Phase Shift
Keying (QPSK) or the Quadrature Amplitude Modulation
(QAM). Thus, s, can be given in a complex number as
below.

s, =|s exp(j<s, ). (5)

For the OFDM modulation, we apply the Inverse Fast
Fourier Transform (IFFT) to the frequency-domain signal,
then attach the cyclic prefix to the time-domain signal.
Hence, the time-domain signal after IFFT combined with
carrier frequency, is:

X

-1

x™(t)="|s,|exp(j(27 ft+Ls,))exp(j2r f.t)

=

(6)

7<
Lo

|sk|exp( (2z(f, + f)t+2s,)),

=0

bl

where f, =KkAf = , f. is the sampling frequency,

S

Af is the subcarrier spacing.
PTx,x

We consider the PTx at q”™ =(q"™,q"™,q
There are different effective waveform designs for
efficient wireless power transmission [33, 34]. However,
for simplicity, this work uses a continuous wave (e.g., sine
wave) to deliver the power to the PU. Hence, the power
signal generated at the PTx is expressed as:

X" (t) =[P, exp(j27 f 1),

where P, is the transmitted power at the PTx.

PTxy PTx,z )

()

I1l. PROBLEM FORMULATION

The PU is typically positioned in the near-field region
of the RIS to ensure adequate power harvesting. In contrast,
the 1U can be located farther from the RIS and still receive
data effectively from the transmitter. However, since we
direct high EM power to the PU with the assistance of the
RIS, this high-power signal may also unintentionally reach
the 1U, potentially damaging its sensitive components.
Therefore, our objective is to maximize the power
delivered from PTx to the PU while ensuring that power at
the 1U remains under a safety limit. In addition, we
maintain a good quality of service for IU by maximizing
the modulated signals from 1Tx to 1U. Hence, we begin by
deriving the received signal at each user and formulating
the corresponding optimization problem. In wireless
power transfer, the PU is often located within the near-
field region of the RIS or transmitter to ensure reasonable
transfer  efficiency. Hence, line-of-sight (LOS)
transmission is always available, and the LOS signal is
much more dominant than the other components (e.g.,
multipath, shadowing signals). Furthermore, recent
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wireless technologies are leveraging higher operating
frequency bands to guarantee the users’ demanding
requirements such as super high data rate and extremely
low latency. Therefore, the effect of multipath and
shadowing is minimal and can be ignored in high operating
frequency bands. Consequently, we consider the LOS
channel model in this work and neglect the effect of
multipath and shadowing. The received signal at the 1U is
now formulated as:
JXITX‘F

yIU :[
( ]XPTX +77IU

ITX-RIS-IU
hm n

NRISX \RISY

ITx-RIS-IU ITx-1IU
> > T +h

m=1l n=1

®)

NRISX RISy

22T

m=l n=1

PTx-RIS-IU PTx-IU
m,nhm,n +h

hPTx-RIS-IU
m,n

where and are the end-to-end channels

from the transmitter (ITx/PTx) to RIS and 1U; h'™" and
h"™" denote the direct channel between ITx/PTx to IU;
7" ~CN (0,(c")?) is the complex Additive White

Gaussian Noise (AWGN) at 1U.
We can rewrite the above equation in matrix form as:

yIU — FT HTx-RIS-IUX+(th-IU )T X+77IU, (9)
where T'(e (CNRIS“) is the reflection vector of the RIS
obtained by vectorization of the reflection of all unit cells
in the RIS: HTx-RIS—IU — [hITx—RIS—IU hPTx—RIS—IU] (E
CM"**2) denotes the end-to-end channel matrix between
transmitters, RIS, and 1U; h™RSY and hP>RSY g
CN*™*1 s the column vector obtained by vectorization of
the corresponding end-to-end channels; h™" is the direct
channel between transmitters and 1U; x = [x'™, xP™X]T is
the transmitted signal vector from ITx and PTx. The
instantaneous power of the receive signal at the U can be
computed as:

pl :|y|u|2 =|gTHIUX|2
:tr(xH (H'U)H g'g H'Ux)

:tr(H'UXXH(H'U)H gg”),

(10)

where g =[I';1], H" =[H™®";(h™")"] is the channel
matrix of 1U which composes the end-to-end channel and
direct channel of 1U. It is noted that the power of the white
noise is negligible and is therefore ignored in (10). This
assumption is reasonable since the transmitted power for
wireless power transfer is significantly higher than typical
noise levels, and the IU is typically located in a region
where the received power is well above the noise floor.
Therefore, we neglect the noise component to simplify the
analysis while focusing on the key performance metrics of
received power and SIR optimization. The above equation
can be simplified as:
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PY =tr(SVG), (11)

where S" =H"Yxx" (H"Y)" and G =gg" . Itis noted that

S" and G are positive semidefinite matrices with rank
one. Similarly, the received power at the PU is:

pPU =|yPU|2 =|gTHPUX|2
! (4 gy
. (12)
:tr(HPUXXH (HPU) ggH)
=tr(S™G),

where H™ =[H™®SPY: (W™")] is the channel matrix
of PU which is composed the end-to-end channel and
direct channel of PU, and S™ = H™xx" (H™)" .

In this work, we aim to minimize the interference of
high-power signals from the PTx to the IU. To this end, we
derive the relayed signal by only PTx to 1U; in other words,
only PTx is active. Let x, denote the transmitted signal

vector with only the transmitted signal from PTx that is
X, =[0 x"™]". The relayed power from PTx to the IU is
then formulated as:

PPTx-IU _ le _ tr(S(')UG), (13)

where Sy’ =H"xxg (H"Y)".
The optimization problem in our considered system is

formulated as:

max tr((S'“ +8™Y )G)

st tr(S¢G)<P,, (14)
G=+0,
rank(G)=1,

where P, represents the maximum allowable interference

power (P'"™) at the IU.

Further, problem (14) has a convex objective function
but a non-convex constraint due to the rank one constraint
of G. When tackling optimization problems with non-
convex constraints, such as the rank-one constraint of a
matrix G, several advanced techniques are often employed.
Traditional methods like semidefinite relaxation and
successive convex approximation have proven effective by
either relaxing the rank constraint or iteratively
approximating the non-convex problem with convex
subproblems. Additionally, Burer-Monteiro methods offer
a matrix factorization-based approach that enforces low-
rank constraints by reducing the dimensionality of the
problem, while penalty-based methods and alternating
minimization leverage iterative procedures and penalties
to simplify the non-convex constraints.



Journal of Communications, vol. 20, no. 2, 2025

Despite the success of classical methods, solving highly
complex and non-convex optimization problems often
requires more flexible approaches. Metaheuristic
algorithms-such as genetic algorithms, particle swarm
optimization, and notably, the bat algorithm-stand out as
promising alternatives [22, 35]. These algorithms use
population-based stochastic search strategies that can
efficiently explore large, non-convex solution spaces
without relying on gradient information or convexity. In
this work, we first reformulate the original rank-one
constrained optimization problem and construct a
corresponding fitness function tailored for the bat
algorithm. Subsequently, we use the bat algorithm to
validate and verify the effectiveness of our proposed
approach. Detailed discussions on the formulation and
optimization process will be provided in the subsequent
section.

IV. PROPOSED APPROACH

The optimization problem considered in this work is
inherently non-convex due to the rank-one constraint
imposed on the matrix G. A classical approach to address
such non-convexity is Software-Defined Radio (SDR), in
which the rank-one constraint is relaxed. In our
implementation, one could solve the relaxed problem
without enforcing G to be rank-one and subsequently
project the obtained solution onto a rank-one matrix via
Singular Value Decomposition (SVD) or eigenvalue
decomposition. However, we encounter a fundamental
trade-off: if the solution matrix G is projected to be rank-
one, it may not retain positive semidefiniteness; on the
other hand, if G is constrained to be positive semidefinite,
it typically does not satisfy the rank-one condition.

This limitation motivates the use of metaheuristic
optimization techniques, such as the Bat Algorithm (BA),
which do not rely on convex relaxations and are capable of
directly exploring the non-convex solution space. By
doing so, the BA-based approach effectively navigates the
complexities of the problem, implicitly satisfying the rank-
one constraint while balancing the dual objectives of
maximizing the power received at the PU and enhancing
the SIR at the IU. It is important to note that, although
SDR-based methods represent a classical alternative, we
do not demonstrate results using SDR in this work. Instead,
our focus is exclusively on leveraging metaheuristic
optimization techniques to solve the problem.

This work proposes an efficient approach for optimizing
the reflection phase configuration in RI1S-assisted SWIPT
systems. This approach leverages a metaheuristic
algorithm, which is particularly well-suited for complex
optimization problems characterized by nonlinearities and
high-dimensional search spaces. Among various
metaheuristic algorithms such as genetic algorithms and
particle swarm optimization, the bat algorithm stands out
for its versatility and effectiveness in solving a wide range
of optimization problems. Below we briefly describe the

method approach, fitness function, and proposed algorithm.

Our approach involves two main steps as follows.
Problem reformulation and fitness function
formulation: The original problem (14), which aims
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to maximize both the received signal power at the PU
and the SIR at the IU, is reformulated to better suit
metaheuristic optimization. The fitness function, which
balances these two objectives, is then constructed.
Optimization using the bat algorithm: We employ
the bat algorithm, a nature-inspired metaheuristic, to
solve the reformulated problem.

A. Fitness Function Formulation

To effectively utilize metaheuristic algorithms for phase
control, it is crucial to formulate fitness functions that
accurately reflect the objectives and constraints of the
optimization problem. These functions guide the search for
optimal solutions by quantifying the quality of candidate
solutions based on predefined criteria.

The problem (14) features a convex objective function
but a non-convex constraint due to the rank-one condition
on G. One common approach to address this is
semidefinite relaxation, which approximates the non-
convex problem as a convex optimization problem,
solvable using tools like CVX. Alternatively, the problem
can be decomposed into two subproblems, solvable via an
alternating optimization method. However, metaheuristic
algorithms provide a more flexible approach, particularly
given the computational complexity that arises from the
number of variables in G. To reduce computational
complexity, the problem is reformulated as follows:

max {PP“,SIR'“}

(15)
st. 0<o<2r,
where

I =exp( jo), (16)
g=[I1], (17)
G=gg", (18)

PY  tr(SVG)

SIRV=— =2~/
Plnt tr(S:)UG) (19)

& represents the reflection phase vector of the unit cells
within the RIS.

In this reformulated problem, the non-convex and
positive semidefinite constraints are transformed into the
search space for the phase coefficients of the RIS unit cells.
This transformation simplifies the application of
metaheuristic algorithms by allowing the search space to
be defined within a feasible range (0 to 2 ). By doing so,
we ensure that the solutions adhere to the prescribed phase
constraints, allowing the metaheuristic algorithms to
operate efficiently within the defined boundaries.

Multi-objective optimization problems, such as the
problem (15), present unique challenges due to the need to
simultaneously optimize conflicting objectives. Unlike
single-objective problems, where the goal is to optimize
one function, multi-objective problems require trade-offs,
as optimizing one objective may lead to suboptimal
outcomes for others. To address this, we employ the
weighted sum method, a popular technique for
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transforming multi-objective problems into a single-
objective framework. This approach allows objective
prioritization by adjusting weight coefficients, thereby
facilitating a balanced optimization [22]. The resulting
fitness function F(8) for the bat algorithm is formulated

as:
F(8)=WSIR" +(1-w)P™ (20)

where w is the weight coefficient.

This fitness function provides a flexible way to balance
the objectives by adjusting the weight coefficients. The
coefficient impact on the balance between PU received
power (PPY) and SIR at the 1U (SIR'Y) will be investigated
in the next section.

Given the complexity and nonlinear nature of the fitness
function, metaheuristic algorithms are particularly well-
suited for this optimization task. By harnessing these
algorithms, we can effectively navigate the complex
search landscape to find solutions that optimize both
objectives.

B. Proposed Algorithm

The bat algorithm is one type of metaheuristic inspired
by the echolocation behavior of microbats, which offers a
powerful approach to solving the considered optimization
problems. This algorithm mimics the hunting behavior of
bats, which use ultrasonic pulses to detect prey, adjusting
their frequency and loudness based on the distance to their
target. Similarly, the bat algorithm explores the solution
space by adjusting the frequency and loudness of virtual
bats, representing potential solutions, to adapt to the
evolving search landscape and converge towards optimal
solutions [22, 23].

We propose the following algorithm based on the bat
algorithm framework to solve the optimization problem.
The algorithm’s pseudocode is presented in Algorithm 1.
The proposed algorithm leverages a bat algorithm
framework to optimize the reflection phase coefficients of
an RIS for SWIPT systems. Initially, system-specific
parameters (including the number of RIS unit cells) and
bat algorithm parameters (such as maximum iterations,
population size, frequency range, initial velocities,
loudness, and pulse rate) are defined. Random initial
positions for each bat are generated within the search space

[0,27] . Each bat’s position corresponds to a potential RIS

reflection phase vector. While the bat algorithm originally
finds continuous solutions, in our proposed approach,
these solutions are explicitly quantized based on Eg. (3) to
match the RIS unit cell resolution before being evaluated
using the fitness function. This ensures that the optimized
phase shifts align with the discrete nature of practical RIS
implementations.

During the iterative process, each bat updates its
velocity and position based on a dynamic frequency
adjustment that mimics echolocation feedback. This global
search mechanism is complemented by local exploitation:
with a probability determined by the pulse rate, bats refine
their positions around the current best solution. After new
candidate solutions are generated, they are quantized

according to the RIS unit cell resolution before the fitness
function is re-evaluated. Solutions that improve the fitness
function, and satisfy the acceptance criteria based on the
bat’s loudness, are retained.

Algorithm 1. Proposed Pseudocode for Optimizing RIS

Phase Coefficients in SWIPT Systems

Input:

e System-specific parameters, such as the number of unit cells
forthe RIS (D).

e Parameters for the bat algorithm, including the maximum
number of iterations (Ml ), population size (NP ), minimum
and maximum frequencies, lower and upper bounds for the
search space, initial velocities, the loudness (Loudness)

and pulse rate (PulseRate) of bats.
* The fitness function F(8).

e Thesearch space: 0<8 <27 .
e Initial positions 9, of the bats, where each bat’s position is

represented by a randomly generated vector within the
defined search space.

Output: Optimal RIS reflection phase vector &

1: Evaluate each bat’s initial position by quantizing the RIS
reflection phase vector based on the RIS unit cell
resolution, and then evaluate the fitness function to
determine the current optimal phase vector & .

2. while (iter < Maximum number of iterations)

3: New solutions are generated by adjusting the frequency of

echolocation pulses emitted by each bat.

4:  Velocities and locations/solutions are updated based on

the echolocation feedback received by each bat.
if U(0,1)> PulseRate
A local solution is generated around the best solution

found so far &, allowing for further exploration of the
search space.
end if
8:  Bats explore the search space by flying randomly,
generating new potential solutions.
9: Quantize the newly generated RIS reflection phase vector
based on the RIS unit cell resolution and evaluate the
fitness function.

10: if U(0,1) < Loudness A F (3)> F (6*)

11: The newly generated solutions are evaluated and
accepted based on predefined criteria.
12:  endif
13:  The bats are ranked based on the quality of their solutions,
and the current best solution 8" is identified.
14: Update iter
15: end while

16: return &"

-

This iterative process, which combines global
exploration through frequency adjustments and local
refinement via random search near the best solution,
continues until the maximum number of iterations is
reached. The algorithm then returns the optimal RIS
reflection phase vector that maximizes the fitness function.
This approach effectively balances exploration and
exploitation and is designed to handle the high-
dimensional search spaces inherent in large-scale RIS
systems.
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However, the performance of the proposed algorithm
can be influenced by various environmental factors. One
key factor is fast channel fading, which occurs due to rapid
changes in the surrounding environment, such as moving
objects or fluctuations in the positions of the transmitter
and receiver. These variations can lead to inter-symbol
interference at the receiver, potentially degrading data
integrity and system performance. Additionally, frequent
channel state changes may cause the optimization
algorithm to produce suboptimal solutions, as the
computed reflection phase coefficients may no longer
align with the updated channel conditions. Another critical
factor is atmospheric attenuation caused by rain, fog, and
other weather conditions, which can distort the estimation
of the cascade channel links between the transmitter
(PTx/1Tx), RIS, and user (IU/PU). This misestimation can
reduce the accuracy of the optimization process and lead
to performance degradation.

To mitigate these challenges, several adaptive strategies
can be employed. Real-time channel estimation techniques
using deep learning-based predictors or Kalman filtering
can help track rapid channel variations, ensuring more
reliable optimization updates. Additionally, robust
optimization methods that incorporate statistical models of
channel uncertainty can enhance the resilience of the
proposed approach. For atmospheric effects, frequency
diversity techniques and adaptive power control can be
leveraged to compensate for signal degradation. These
mitigation strategies improve the robustness of RIS-
assisted SWIPT systems under dynamic and uncertain
environmental conditions.

V. NUMERICAL RESULTS AND DISCUSSIONS

In this section, we present various simulation results that
validate the performance of the proposed algorithm in
improving the quality of SWIPT systems with the aid of
one RIS. Specifically, our objective is to demonstrate how
the algorithm effectively suppresses the interference and
enhances signal quality. The simulation model considers
realistic environmental and system parameters, capturing
the complexity of practical SWIPT implementations. By
varying key parameters such as the population size,
number of unit cells, and the position of the U, we provide
a detailed analysis of how these factors influence the
performance metrics, primarily focusing on the received
power at the PU and the SIR at the IU.

A. Parameter Setup

In this simulation, we consider a scenario where an RIS
is deployed at the origin of a global coordinate system. One
PTx is located at (-3 m, 2 m, 4 m) and one ITx is
positioned at (-4 m, -5 m, 8 m). Both transmitters are
equipped with a single antenna. The RIS, used to assist
both power and data transmission, is a planar array of 8x8
1-bit unit cells. One PU is positioned at (2 m, —2m, 5m)
and one U is located at (4 m, —-4m, 5m). Both the IU
and PU are equipped with a single antenna.

For the optimization, we employ the bat algorithm as
described in Algorithm 1, with default parameters
including a population size of 100 and 100 iterations.
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The pulse rate and loudness are set to 0.5. Additionally,
the weight coefficient in (20) is set to 0.8 by default.
Throughout this section, we evaluate the performance of
the system via the received power at the PU and the SIR at
the U as the primary metrics. These metrics allow us to
effectively quantify the ability of the proposed algorithm
to optimize the system’s performance while mitigating
interference.

It is well recognized that the performance of
metaheuristic algorithms, including the bat algorithm used
in this work, can be sensitive to the selection of parameters
such as the maximum number of iterations, population size,
and weighting coefficients. Improper tuning of these
parameters may lead to suboptimal convergence or
reduced performance. Although a fully self-tuning
framework-where the algorithm optimizes its own
parameters-remains an active research area, our work
adopts a manual tuning approach. Specifically, through
extensive simulations presented in Subsections V.B and
V.C, we have empirically determined suitable values for
these parameters that ensure convergence and deliver
acceptable performance improvements in terms of both the
received power at the PU and the SIR at the 1U. These
simulation results validate that the chosen settings provide
a reliable balance between exploration and exploitation,
and effectively mitigate the risk of suboptimal
performance.

B. Weighting Coefficients in Fitness Function

We investigate the impact of varying weighting
coefficients in the fitness function on both the SIR at IU
(SIR") and the interference power (P™). The SIR is the
performance metric that demonstrates the signal from 1Tx
to IU compared to the interference from the PTx to 1U.
Thus, a high SIR value ensures not only good quality of
ITx signal but also low leakage PTx power to IU.
Consequently, by maximizing SIR, we can practically
prevent sensitive electronic components in 1U (e.g., low
noise amplifier, analog-to-digital converter) from being
broken due to high leakage PTx power to IU. Figs. 2—3
illustrate the relationship between the weighting
coefficients and the performance metrics.
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Fig. 2. SIR values with different weighting coefficients. The x-axis
represents the weighting coefficient applied in (20), and the y-axis shows
the resulting Signal-to-Interference Ratio (SIR) in dB.
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Fig. 3. P™ with different weighting coefficients. The x-axis denotes the
weighting coefficient used in (20), and the y-axis displays the interference
power (dB) measured at the 1U.

As the weighting coefficient increases from 0 to 1, the
SIR at IU improves significantly. At a weighting
coefficient of 0.8, we observe the maximum SIR of
38.23 dB, while the P™ reduces to —15.42 dB. This
demonstrates that higher weighting coefficients effectively
prioritize  information  transfer while  mitigating
interference from the power beacon. The results are
consolidated in Table Il, where the received powers at PU
(PPY) and IU (P'), along with P™ and SIR'Y, are
recorded for various weighting coefficients. We note that
at lower values of the weighting coefficient, the
interference power remains high, leading to poor SIR
performance. However, as the coefficient increases, the
interference reduces drastically, improving the SIR at 1U.
This highlights the critical role of careful parameter
selection in balancing power transfer efficiency with
minimizing interference.

TABLE II. RECEIVED POWER AT PU, IU, P"™ AND SIRAT IU (SIRV).
PRESENTS QUANTITATIVE RESULTS OF THE POWER LEVELS AT THE PU,
IU, INTERFERENCE POWER AT THE IU, AND THE CORRESPONDING SIR
AT THE IU, ALL INdB

w PPU PIU Plnt SIRIU
0 34.00 21.60 23.67 -2.07
0.1 32.97 21.93 22.60 —-0.67
0.2 31.96 22.27 21.12 1.15
0.3 30.85 22.45 19.20 3.25
0.4 29.46 22.66 16.67 5.99
0.5 27.88 22.80 12.67 10.12
0.6 27.20 22.68 8.70 13.99
0.7 26.33 22.73 —-7.67 30.40
0.8 26.19 22.81 —15.42 38.23
0.9 25.96 22.75 —15.16 3791
1 26.07 22.72 —15.38 38.10

The observed impact of varying the weighting
coefficient on the SIR at IU (SIR") and interference

power (P'™) can be better understood by examining how

the balance between power transfer and interference
management is achieved in the RIS-assisted SWIPT
system. As the weighting coefficient increases from 0 to 1,
the optimization process increasingly prioritizes the SIR at
the IU. Physically, this shift reflects a focus on steering
energy toward the 1U while simultaneously reducing the
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influence of the high-power signal from the power
transmitter on unintended areas. This behavior aligns with
the core function of the RIS, which is to adaptively control
the phase coefficients to focus energy in specific directions,
thus enhancing data reception at the 1U while attenuating
undesired power at locations prone to interference.

At lower weighting coefficients, the system is
configured to prioritize power delivery to the PU, leading
to high interference levels at the 1U due to the strong power
transmission intended for the PU. This results in lower SIR
values at the IU since the P™ remains high. As the
weighting coefficient gradually increases, the RIS shifts its
focus to reduce P™ , which effectively lowers the
interference power at the IU. By around a weighting
coefficient of 0.7, we observe a substantial reduction in
P™ , indicating a more optimal energy redirection away
from the 1U and toward the PU. This change reflects the
RIS’s enhanced ability to manage the spatial distribution
of power, which is especially effective in reducing high
interference when the system is given sufficient freedom
(higher weighting coefficients) to optimize for information
transfer.

At the highest weighting coefficient (0.8-1), the RIS
configuration reaches its most effective state for
minimizing interference at the 1U, resulting in SIR levels
exceeding 38 dB. However, increasing the weighting
coefficient beyond 0.8 does not significantly improve SIR
orreduce P™ further, as the system has already optimized
its phase shifts to achieve a near-ideal trade-off between
power delivery and interference suppression. Thus, the
plateau observed in both SIR and interference values
suggests a limit to the RIS’s reconfiguration capability,
where additional prioritization of the SIR no longer yields
further gains.

This analysis highlights the critical role of the weighting
coefficient in balancing the dual objectives of maximizing
power transfer efficiency and minimizing interference. By
carefully tuning this parameter, the RIS can be adjusted to
meet specific system requirements, demonstrating the
flexibility and adaptability of metaheuristic-based
optimization in RIS-aided SWIPT applications.

C. Convergence of the Proposed Algorithm

In Figs. 4 and 5, the convergence behavior of the
proposed bat algorithm is analyzed based on the PU’s
received power and the SIR at the 1U across different
population sizes. More specifically, Fig. 4 shows the PU’s
received power over 500 iterations for population sizes of
50, 100, 200, and 500. Initially, the received power starts
at approximately 31 dB and decreases sharply within the
first 50 iterations for all population sizes. After this initial
rapid decline, the received power gradually converges. The
final stabilized value is around 26 dB for all cases. Notably,
the convergence rate improves with larger population sizes.
Specifically, the population size of 500 achieves
stabilization within approximately 30 iterations, while the
population sizes of 200 and 100 require around 50
iterations. The smallest population size, 50, exhibits the
slowest convergence, with fluctuations persisting beyond
100 iterations.
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Fig. 4. Received power at PU with different population sizes. The x-axis
indicates the population size used in the optimization process, and the y-
axis shows the PU received power in dB.
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Fig. 5. SIR at 1U with different population sizes. The x-axis represents
the population size, and the y-axis represents the SIR (in dB) achieved at
the 1U.

Fig. 5 illustrates the SIR values at the 1U for different
population sizes. The SIR exhibits a substantial
improvement during the early iterations, especially for
larger populations. For instance, with a population size of
500, the SIR exponentially increases from an initial value
of 0O dB to over 40 dB within the first 20 iterations,
eventually stabilizing above 45 dB. This can be attributed
to the enhanced search efficiency enabled by the larger
population. With more candidate solutions being evaluated
simultaneously, the algorithm is able to quickly identify
optimal reflection phase vectors that maximize the SIR at
the 1U. This effect is particularly noticeable in the early
iterations, where the algorithm benefits from a more
diverse set of initial solutions and a faster global search
process. In contrast, smaller population sizes require more
iterations to achieve similar SIR values due to the slower
rate of exploration and a higher likelihood of getting
trapped in local optima. In the case of a population size of
200, it takes 50 interactions to reach 40 dB. In contrast,
population sizes of 50 and 100 take a significantly higher
number of iterations to achieve comparable SIR levels,
which stabilize at around 40 dB after 100 and 250
iterations, respectively.

In Figs. 4 and 5, the convergence behavior of the bat
algorithm is influenced by several factors, including
population size, exploration-exploitation balance, and the
characteristics of the fitness landscape. Larger population
sizes improve convergence rates due to a more
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comprehensive exploration of the solution space, which
enhances the algorithm’s ability to quickly identify
promising regions for optimization. This effect is evident
in both the PU’s received power and the IU’s SIR, where
higher population sizes (e.g., 500) reach optimal values
much faster. Another key factor affecting convergence is
the design of the fitness function, which in this case
balances maximizing the received power at PU while
suppressing interference to the 1U. As the population size
increases, the bat algorithm achieves a better balance
between exploration (searching broadly across possible
solutions) and exploitation (refining the best-found
solutions), allowing it to stabilize faster at higher fitness
levels. For example, larger populations reduce the
likelihood of getting stuck in local optima, which can
occur in smaller populations due to insufficient search
diversity. Additionally, computational time per iteration
slightly increases with population size, but this is offset by
the overall reduction in iterations needed to reach stable
power and SIR wvalues. These factors collectively
contribute to the observed differences in convergence rates
and stabilization points across varying population sizes in
Figs. 4 and 5.

Besides, Table Il highlights key metrics such as the
number of iterations required to nearly converge, the total
number of fitness function evaluations, and the
computational time needed to achieve a SIR at U of 38 dB.

TABLE I1l. BAT ALGORITHM PERFORMANCE METRICS ACROSS
POPULATION SIZES

Number of Number of Computational
Population iterations to fitness : -
size nearly function time to achieve
- SIR of 38 dB
converge calculations
50 250 12500 0.9827
100 100 10100 0.8367
200 50 10200 0.8900
500 20 10500 0.9082

The convergence patterns for both the PU’s received
power and the SIR at IU demonstrate that larger population
sizes result in faster convergence rates, achieving optimal
performance metrics with fewer iterations. However, this
efficiency must be balanced with the computational cost,
as seen in the results from Table 111. For a population size
of 50, the algorithm requires 250 iterations and a total of
12500 fitness function evaluations, with a computational
time of approximately 0.9827 seconds. Increasing the
population size to 100 significantly improves the
convergence rate, reducing the number of iterations to 100
and the number of evaluations to 10100, while also
lowering the computational time to 0.8367 seconds. With
a population size of 200, the number of iterations further
decreases to 50, while the fitness function evaluations
remain at 10200. Interestingly, the computational time
increases slightly to 0.8900 seconds. This slight increase
in computational time for nP =200 compared to
nP =100 is due to the nearly unchanged number of fitness
function evaluations (10100 vs. 10200). For the largest
population size of 500, the algorithm converges after only
20 iterations, requiring 10500 fitness function evaluations
and a computational time of 0.9082 seconds. These
observations highlight that while larger population sizes
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improve convergence speed, an optimal trade-off must be
considered to maintain computational efficiency.

In high-dimensional scenarios, where the number of
RIS unit cells is large, the proposed bat algorithm
effectively navigates the expanded search space through
several key features. First, the algorithm updates each bat’s
velocity and position based on dynamically adjusted
frequency parameters, as well as the loudness and pulse
rate, which balance exploration and exploitation. Second,
at both the initialization stage and after generating new
solutions, the RIS reflection phase vectors are quantized
based on the unit cell resolution. This quantization reduces
the continuous search space to a discrete set of feasible
solutions, thereby improving convergence speed and
robustness.
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Fig. 6. Received power at PU using BA and APSO. The x-axis denotes
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Fig. 7. SIR at IU using BA and APSO. The x-axis indicates the
optimization iterations and the y-axis represents the SIR (in dB) for both
BA and APSO. The BA initially adjusts power levels before stabilizing,
leading to improved SIR performance.

To further illustrate the advantages of the proposed
algorithm (based on BA in this work) over other
optimization techniques, we compare its performance with
APSO in Fig. 6 and 7. Fig. 6 presents the received power
at the PU for both BA and APSO. It can be observed that
APSO maintains a stable received power of around 31.7
dB, whereas BA initially reduces the received power but
gradually stabilizes at approximately 26.2 dB. This
indicates BA’s ability to balance power transfer and
interference suppression. Fig. 7 demonstrates the SIR at
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the 1U, where BA significantly improves the SIR to 38.2
dB after 100 iterations. In contrast, APSO fails to improve
the SIR beyond 4 dB, showing its inefficiency in
mitigating interference.

To provide a more comprehensive comparison, Table
IV summarizes the key performance metrics, including
convergence rate, final SIR at IU and PU power values,
and overall complexity, where ml is the maximum
number of iterations; nP is the population size; and D is
the number of RIS unit cells.

TABLE IV. COMPARISON OF BA AND APSO IN TERMS OF

CONVERGENCE RATE, COMPUTATIONAL COMPLEXITY, SIR AT IU, AND
PU RECEIVED POWER

Convergence Overall Final Final PU
Algorithm . SIR at power
rate complexity IU (dB) (dB)
Fast
BA (Converges
(Proposed)  within~100 O (M>"PxD) 448 262
iterations)
Very slow
APSO _(No O (ml xnPxD) 35 317
significant
improvement)

Although the NP-hard nature of the problem implies
increased computational requirements for large-scale
systems, several factors make our approach practical for
real-time implementation. The quantization of the RIS
phase vectors significantly reduces the effective search
space. Moreover, the algorithm is well-suited for parallel
processing, as the evaluation of each bat’s position can be
conducted independently on multi-core processors or
GPUs. Additionally, by appropriately tuning parameters
such as the population size and maximum iterations, the
method can be optimized to meet real-time constraints
without sacrificing performance.

The comparison highlights that BA offers superior
interference suppression while maintaining an acceptable
level of power transfer, making it a more suitable choice
for RIS-assisted SWIPT systems.

D. Simultaneous Wireless Information and Power
Transfer Ability

In this subsection, we delve into the performance of the
proposed RIS-assisted system in facilitating SWIPT. The
focus is on evaluating the ability of the system to deliver
both power and information efficiently to their respective
users, particularly under optimized and non-optimized
conditions.

Fig. 8 illustrates the Cumulative Distribution Functions
(CDFs) of the power received at the PU for scenarios with
and without optimization. The optimization, carried out
using the bat algorithm, significantly improves the power
reception at the PU. Specifically, the CDF curve under the
optimized scenario shifts rightward, indicating that a
higher fraction of power levels is achieved at the PU.
Numerical results show that with optimization, the PU
receives power around 35 dB for most of the distribution,
whereas without optimization, the received power is
consistently lower. The black curve (i.e., “without
optimization™) shows a broader distribution, indicating
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greater variability in the received power. In contrast, the
red curve (i.e., “with optimization”) is steeper and more
concentrated, reflecting a more consistent power delivery
to the PU with a lower probability of experiencing power
dips.

1.0
Without optimization j’
—O=\\ith optimization )f
0.8 f

. Vi
. A

L doo/“

10 15 20 25 30 35
PU received power [dB]

.
kﬁ,

Fig. 8. CDFs of the received power at PU with and without optimization.
The x-axis shows the PU received power in dB, and the y-axis represents
the cumulative probability of achieving a given power level.
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Fig. 9. CDFs of SIR values with and without optimization. The x-axis
displays the SIR values in dB, and the y-axis shows the cumulative
probability corresponding to each SIR level.

The observed improvement in received power at the PU
under the optimized scenario can be attributed to the RIS’s
ability to dynamically adjust phase coefficients. This
adjustment allows the RIS to create constructive
interference at the PU’s location, maximizing the received
power. Without optimization, the RIS operates under a
fixed configuration, leading to a broader distribution of
power levels due to random constructive and destructive
interference patterns. This results in significant variability
in the received power, as shown by the wider spread of the
non-optimized CDF curve. In contrast, the optimized RIS
configuration consistently enhances the power transfer to
the PU, concentrating the power levels around 35 dB and
ensuring more stable energy delivery. This shift in the
CDF indicates the RIS’s potential to overcome natural
fading and signal dispersion, which are common in non-
optimized conditions, particularly in SWIPT applications
where precise control over energy direction is essential.

Fig. 9 presents the CDFs of the SIR at the IU. The SIR
is a critical metric for assessing the quality of information
transfer in the presence of interference from the power
beacon. The results demonstrate a dramatic improvement

in SIR with optimization. The optimized scenario yields
SIR values that are consistently above 30 dB, with the CDF
curve steeply rising to near unity around 45 dB.
Conversely, the non-optimized scenario yields poor SIR
values, frequently dropping below 0 dB, which indicates
severe interference and potential information loss. The
black curve (i.e., “without optimization”) shows that
without RIS optimization, the SIR is predominantly
negative, which implies that the interference power is often
higher than the desired signal power at the IU. On the other
hand, the red curve (i.e., “with optimization”) shows a
steep rise at around 40 dB, indicating that the optimized
system consistently maintains a high SIR, significantly
reducing the risk of information loss due to interference.

The dramatic increase in SIR at the IU-achieving values
consistently above 30 dB with optimization stems from the
RIS’s ability to actively suppress interference from the
power beacon directed at the PU. The bat algorithm
optimizes the RIS phase shifts not only to enhance signal
quality for the 1U but also to minimize the interference
power that reaches the 1U, thereby substantially improving
the SIR. The 30—40 dB improvement in SIR is significant
and reflects the RIS’s dual functionality: it strengthens the
desired information signal while concurrently attenuating
interference. In the non-optimized scenario, the RIS lacks
this interference-mitigating capability, resulting in an SIR
that is frequently negative. This negative SIR indicates that
the interference from the power signal at the 1U often
exceeds the power of the desired information signal,
leading to severe quality degradation and potential data
loss.

This stark contrast highlights the critical role of RIS
optimization in SWIPT systems. By carefully configuring
the RIS phase shifts, we can achieve highly focused and
directional energy transfer, which mitigates interference
without requiring additional hardware filters or antennas.
Compared to other state-of-the-art solutions, which often
involve complex interference management schemes, the
optimized RIS approach is expected to yield significant
SIR gains. However, it’s worth noting that this
improvement hinges on the RIS’s capacity for fine-grained
phase control, which may not be available in simpler
configurations or with limited phase resolution.
Nonetheless, as seen in our results, a well-optimized RIS
provides a robust and flexible solution for enhancing both
power transfer and information quality in SWIPT
applications, achieving gains that align with or exceed
those of more hardware-intensive methods.

TABLE V. STATISTICAL ANALYSIS OF POWER AT THE PU AND SIR AT
THE U UNDER DIFFERENT OPTIMIZATION METHODS

Metrics Wlt_hou_t BA APSO
optimization

Mean 23.73 25.59 29.11

Median 24.51 26.03 28.65

pPY IQR 5.570 4.05 8.880

95% Confidence

intervals [23.34,24.13] [25.29,25.90] [28.66,29.56]

Mean -2.41 40.88 27.7

Median —-2.75 39.87 34.83

SIR" IQR 7.23 6.87 37.13
95% Confidence _, 91 _190] [40.37,4139] [26.05,29.34]

intervals
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To account for variability in simulation results due to
environmental factors and stochastic optimization
behavior, we conducted a detailed statistical analysis of the
power received at the PU and the SIR at the 1U. The results
presented in Table V are averaged over 500 independent
simulation trials, ensuring statistical robustness. This
averaging process helps mitigate the impact of random
fluctuations and provides a reliable assessment of the
optimization methods. Table V summarizes key statistical
metrics, including the mean, median, Interquartile Range
(IQR), and 95% confidence intervals for different
optimization approaches: without optimization, BA, and
APSO.

The results indicate that BA provides more stable SIR
improvements, with a relatively low IQR of 6.87 dB and a
narrow confidence interval of [40.37, 41.39] dB. In
contrast, APSO exhibits greater variability, with a
significantly higher IQR of 37.13 dB, suggesting
sensitivity to initialization and convergence dynamics.
These findings highlight the robustness of the BA-based
optimization approach in achieving consistent interference
suppression.

To evaluate the impact of RIS resolution on system
performance, we conducted simulations using different
quantization levels (1-bit, 2-bit, and 3-bit unit cells). The
results, shown in Table VI, reveal that increasing RIS
resolution enhances the SIR at the 1U while slightly
reducing the power received at the PU. Specifically, the
SIR improves from 38.23 dB (1-bit) to 46.36 dB (3-bit),
whereas the power received at the PU decreases slightly
from 26.19 dB to 25.66 dB. The improvement in SIR is
attributed to the finer phase control provided by higher-bit
RIS, leading to better interference suppression at the IU.
Although the reduction in PU power is small, the SIR gain
is significant because higher RIS resolution not only
reduces interference from the PTx but also enhances the
constructive combination of information signals from the
ITx at the 1U. This dual effect results in a substantial SIR
improvement despite a minor PU power decrease.

Nevertheless, in our proposed system, we employ a 1-
bit RIS due to its practical advantages, including lower
hardware complexity, reduced power consumption, and
cost efficiency. Despite the limited resolution, our
optimization method effectively mitigates interference,
achieving an SIR of 38.23 dB, which demonstrates the
robustness of our approach.

TABLE VI. PERFORMANCE COMPARISON OF RIS WITH DIFFERENT
UNIT CELL RESOLUTIONS

Resolution pPY SIRY
1-bit 26.19 38.23
2-bit 25.82 41.72
3-bit 25.66 46.36

E. Effect of IU and PU Position on PU Power and SIR
Performance

Table VII analyzes the impact of the IU’s position on
both the power received at the PU and the SIR at the IU.
The results indicate that as the 1U moves further along the
X-axis (from 2.5 to 4.5 meters), the received power at the
PU varies slightly, but the SIR experiences more
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significant changes. The highest SIR of 38.23 dB is
observed when the 1U is positioned at 4.00 meters, which
also corresponds to an optimal trade-off between received
power and interference. However, when the IU moves
closer to the origin (e.g., at 2.5 meters), the SIR drops to
36.65 dB, indicating increased interference. At 4.5 meters,
SIR suddenly drops to 34.11 dB since the signal from the
ITx to IU diminishes due to a longer communication

distance (i.e., P"Y =20.41 dB) while interference from the
PTx is still high.

TABLE VII. EFFECT OF 1U POSITION ON PU POWER AND SIR

PERFORMANCE
IU position p™
in X-axis (m) prY pv (Interference power ~ SIR"
from PTx to 1U)
2.50 26.14 25.58 -11.07 36.65
3.00 26.63 24.78 —-12.40 37.18
3.50 26.55 24.66 —-12.40 37.06
4.00 26.19 22.81 —15.42 38.23
4.50 28.09 20.41 —13.70 34.11

To complement this analysis, Table VIII presents the
effect of the PU’s position along the Z-axis, specified as
(0.1, —0.1, z), where z varies to ensure the PU remains
within the near field of the RIS, including both reactive and
radiative regions.

TABLE VIII. EFFECT OF PU POSITION ON PU POWER AND SIR

PERFORMANCE

PU position p™

in Z-axis (m) prY pv (Interference power ~ SIR"
from PTx to 1U)

0.2 36.96 22.81 —27.30 50.11
0.4 28.77 22.72 —27.51 50.23
0.6 24.70 22.65 —27.51 50.16
0.8 22.80 22.58 —-27.81 50.39
1 20.62 22.55 —27.58 50.13

The results indicate that varying the PU’s position
significantly influences the power received at the PU while
maintaining a relatively stable SIR at the U, around 50 dB.
Specifically, as the PU’s distance in the Z-axis increases
from 0.2 to 1.0 meters, the received power at the PU
decreases from 36.96 dB to 20.62 dB, demonstrating the
sensitivity of near-field power transfer to positional
changes. Despite these variations, the SIR at the IU
remains robust due to effective interference suppression by
the RIS.

These findings emphasize the critical role of positioning
in optimizing both power transfer and information
transmission in RIS-assisted systems. Positioning the IU in
the far field allows for enhanced SIR, while careful
placement of the PU in the near field ensures efficient
power reception without compromising IU performance.

VI. CONCLUSION

In this paper, we have presented an advanced
optimization approach for enhancing the performance of
RIS-assisted SWIPT systems. By employing the bat
algorithm-a robust metaheuristic technique-we optimized
the reflection phase coefficients of RIS unit cells to
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achieve significant improvements in both power delivery
to the PU and interference suppression at the 1U. A key
aspect of our method is the design of a fitness function that
balances the conflicting objectives of maximizing the
received power at the PU and enhancing the SIR at the U
via a weighted sum method. Our numerical results
demonstrate the effectiveness of this approach; for
example, with a specific weighting coefficient, the SIR at
the 1U reached 38.23 dB while interference power was
suppressed to —15.42 dB. Notably, even with a 1-bit RIS
configuration, the system maintained high performance,
underscoring the cost-effectiveness of the proposed
method for practical applications. Despite these promising
results, several limitations remain. First, the computational

complexity of our algorithm scales as O (ml xnPx D)

where D isthe number of RIS unit cells. This implies that,
as the network scales and larger RIS arrays are deployed,
both the computational burden and convergence time may
increase significantly. Second, practical hardware
constraints-such as discrete phase resolution, limited
dynamic range of phase shifts, and other implementation
issues-could impact the achievable performance and
reliability of the RIS. Although our simulations show
robust performance under the tested scenarios, future work
will explore strategies including parallel processing, more
efficient parameter tuning, and hardware-aware algorithm
designs to address these challenges in large-scale and
practical deployments. In conclusion, our proposed
optimization method for RIS-assisted SWIPT systems
represents a significant advancement in the field, offering
a robust and efficient solution for next-generation wireless
communication. This work lays the groundwork for further
research into more sophisticated optimization techniques
and their broader applications in dynamic and large-scale
wireless networks.
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