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Abstract: Wireless Energy Transfer (WET) combined with Simultaneously Transmitting
and Reflecting Reconfigurable Intelligent Surface (STAR-RIS) technology offers a promising
approach to optimize the recharging of Internet of Things (IoT) devices. In this work, we
propose the use of STAR-RIS in the WET context to enable efficient recharging of IoT devices,
with the goal of minimizing the total system recharging time while ensuring that each IoT
device meets its minimum energy requirement. The optimization is performed using the
Particle Swarm Optimization (PSO) technique, including the beamforming configuration
of the power beacon (PB) as well as the phase and amplitude coefficients of the STAR-RIS
elements. We compare two STAR-RIS operating protocols: time switching (TS) and energy
splitting (ES). Simulation results indicate that it is possible to charge devices efficiently
using only statistical channel state information (S-CSI), even in the absence of direct link
between the PB and the IoT devices.

Keywords: wireless energy transfer; Simultaneous Transmission and Reflection
Reconfigurable Intelligent Surface; Internet of Things; beamforming

1. Introduction
The Internet of Things (IoT) is becoming a central element in Industry 5.0, redefining

the way we interact with the world around us [1]. As its adoption expands, significant
challenges arise related to power management, connectivity, and security [2,3]. The need
for a constant power supply for IoT sensors and devices highlights the importance of
developing efficient and sustainable energy transfer solutions [4]. In sectors like agriculture,
where IoT devices are pivotal for automating and monitoring processes such as irrigation
and soil analysis, ensuring a reliable energy supply is vital for uninterrupted operations.
Traditional energy solutions, including wired systems and battery-powered devices, present
limitations such as high maintenance costs, the inconvenience of battery replacements, and
environmental concerns stemming from improper waste disposal [5].

To address these challenges, wireless energy transfer (WET) technology based on radio
frequency (RF) signals is becoming increasingly attractive, offering a more sustainable
and efficient solution for powering connected devices [5]. The basic idea is to transmit
electrical energy through radio waves to power devices without the need for physical
connections. By employing a power beacon (PB) equipped with multiple antennas, energy
can be efficiently transferred via RF signals to receivers like IoT sensors [6]. RF-based
WET (For simplicity, this work will refer to RF-based WET simply as WET.) offers several
advantages such as smaller physical size, simplified hardware, and ease of implementation
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for multiple users, as the same RF signal can be captured by several devices. The proper
application of WET significantly reduces both financial costs and environmental impact
by eliminating the need for battery replacement and physical connections, providing a
practical solution for powering hard-to-access devices [7].

One of the main challenges faced in WET systems is the design of beamforming at
the PB. The ability to direct the energy beam to the location of the IoT devices is crucial
for maximizing energy transfer [8,9]. To achieve effective beamforming, channel state
information (CSI) is often used. Perfect knowledge of channel parameters allows for precise
adjustment of the energy beam direction, thereby maximizing transmission efficiency and
increasing the power received by the target device. However, obtaining CSI can be complex
and resource-intensive for IoT devices, potentially reducing the benefits of beamforming [9].

An additional challenge occurs in scenarios where it is necessary to charge devices
located indoors, such as greenhouses, or in locations with obstacles that limit the direct
line of sight (LoS) with the PB. In non-LoS (NLoS) conditions, recharging these IoT devices
becomes unfeasible, requiring alternatives that maintain system simplicity and ensure
efficient energy transmission. One such alternative is the use of a Reconfigurable Intelligent
Surface (RIS), a technology capable of significantly improving the performance of wireless
communication networks by intelligently reconfiguring the propagation environment using
low-cost reflective and passive elements integrated into a flat surface [10,11]. Operating
as an intelligent surface, the RIS reflects the incoming signal in a controlled manner,
dynamically adjusting the phase of the reflected signals. In this way, it extends coverage by
redirecting radio waves around obstacles, ensuring connectivity in areas with low signal
strength. For this, both the PB and the device must be positioned on the same side of
the surface [12]. However, this scenario does not always occur in practice, since there
are usually devices on both sides of the RIS. To overcome this issue, an evolution of RIS
can be implemented where signals can be transmitted and reflected simultaneously [13].
This configuration, called Simultaneously Transmitting and Reflecting RIS (STAR-RIS),
allows a signal incident on a surface to be simultaneously reflected and transmitted, thus
providing 360° coverage of the environment. These signals are controlled through two
typically independent coefficients, called the transmission and reflection coefficients, each
characterized by distinct amplitude and phase adjustments. The amplitude determines
the proportion of the incident signal energy allocated to reflection or transmission, while
the phase adjustment allows the phase of the signal to be manipulated to optimize its
direction. This precise control increases the efficiency of both transmission and reflection,
allowing better adaptation to changing environmental conditions [13]. This capability
is particularly beneficial in applications such as agricultural greenhouses and industrial
facilities, where STAR-RIS acts as an ‘energy window’, directing signals to IoT devices
located both indoors and outdoors [14]. From a hardware perspective, conventional RISs
are designed with opaque substrates to prevent signal penetration. In contrast, STAR-RIS is
built using transparent metamaterials, ensuring effective signal propagation to both sides
of the surface [14]. Despite its advantages, the deployment of STAR-RIS also requires
the careful design of its reflective and transmitting elements so that the amplitude and
phase adjustments can direct the energy beam to the desired directions. In this sense,
the CSI of the reflective and transmitting channels is also a critical issue for optimizing
system performance.

1.1. Related Works

Given the challenges associated with acquiring channel characteristics in WET systems,
recent studies [8,15–17] have proposed new methods to design the beamforming at the
PB without perfect CSI (P-CSI) or using only statistical CSI (S-CSI). In [8], the authors not
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only review recent advancements in RF information and energy transmission but also
introduce a novel technique called “Random Phase Sweeping with Energy/Waveform
Modulation”. This approach operates without P-CSI, assuming that antennas operate
in a “dumb” mode transmitting phase-shifted signals. This creates rapid fluctuations in
the wireless channel, effectively addressing slow fading conditions. Similarly, in [16], the
authors propose different beamforming design methods using multiple antennas without
the need for P-CSI. Their analysis includes two primary strategies: transmitting a single
signal across all antennas simultaneously or sequentially activating each antenna while
utilizing all available antennas during the coherence block. The results show that the PB
can efficiently power multiple nearby devices, considering its performance in Rician fading
channels. Furthermore, López, et al. [17] presents a novel beamforming scheme exploiting
a rotating antenna, which outperforms existing CSI-free schemes. The proposed scheme
combines CSI-free beamforming with rotation of a uniform linear array (ULA), yielding
energy harvesting gains that are proportional to the square root of the number of antennas
employed. Additionally, it integrates a power control mechanism designed to optimize
WET while mitigating health risks associated with specific absorption rates providing that
device positioning information is available.

Considering only S-CSI, the authors in [15] introduce a beamforming method for WET
systems based only on the S-CSI, aiming to provide energy equitably to a group of IoT
devices. Although less accurate than P-CSI, S-CSI offers a less complex and still effective
solution, especially in environments with low channel variability or when obtaining P-CSI
would be computationally unfeasible. Furthermore, in [18], the authors propose a WET
scenario for energy harvesting using analog beamforming based on S-CSI. The innovation
lies in considering that the IoT devices can harvest energy while neighboring devices are
being charged. Although the primary focus of the energy beam is on a specific device,
it is feasible for nearby IoT devices to also collect a portion of this energy, leading to a
significant reduction in the total recharging time.

Despite significant advances and its application in various scenarios, there is still
a notable gap in the use of STAR-RIS technology in the context of WET. Most studies
focused on STAR-RIS have primarily addressed improving communication and optimizing
signals for Wireless Information Transfer (WIT) [14,19,20], with little attention given to
its application in WET systems. Using only RIS technology, the authors in [21], explore
the paradigm of cell-free massive multiple-input multiple-output (MIMO) systems in the
context of WET for IoT devices. The study examines potential application scenarios and the
system architecture, providing a detailed analysis of the four-stage transmission procedure,
which illustrates the feasibility and practicality of the proposed architecture. Additionally,
the work addresses the RIS hardware design, presenting three distinct operating modes,
and investigates the optimal location for deploying multiple RISs to optimize system
performance. In [22], the authors propose a multi-tile RIS beam scanning algorithm to
optimize energy focusing on IoT devices, leveraging the potential of RIS to efficiently
form beams without energy-consuming active components. Dealing again only with
RIS for WET, the authors in [23] analyzes the use of active RIS in a wireless-powered
communication network. The main objective of the study is to maximize energy efficiency,
which is achieved by jointly optimizing time allocation, transmission power control, and
the reflection parameters of the RIS. In [24], STAR-RIS is applied in the WET context in
conjunction with WIT. The paper aims to maximize the sum-rate of two groups of sensor
nodes to an access point by jointly designing the phase shifts of the STAR-RIS and the time
allocated for transmission and reflection for the two groups of sensors during the WET
and WIT phases, respectively. It is important to highlight that [21–24] consider P-CSI to
evaluate their results. Finally, in [25] the authors evaluate a joint WET and WIT system
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aided by STAR-RIS. The goal is to jointly design the beamforming at the access point and
the STAR-RIS coefficients to minimize the transmission power while meeting constraints
on secrecy rate, energy harvesting, and coefficient amplitude. The main challenge is the
presence of errors in the channel estimation, and to deal with this, the authors propose an
alternating optimization scheme using the Schur complement and the S procedure.

1.2. Contributions

Motivated by the above challenges and the advantages of STAR-RIS technology, in
this paper, we evaluate an STAR-RIS-assisted WET system. Specifically, we propose a novel
approach based on the Particle Swarm Optimization (PSO) technique to minimize the total
recharging time of the system by jointly optimizing the beamforming at the PB, phase and
amplitude of the STAR-RIS’ elements, and the recharging time allocated for the IoT devices.
In addition, the proposed solution considers only S-CSI knowledge, which is feasible to
obtain in practical WET scenarios. We also assume that IoT devices can harvest energy
while neighboring devices are being charged, using the beamsharing technique. In this
way, part of the energy directed to a device can be used by nearby devices, even if they are
not the main focus of the beam. Finally, our approach innovates by integrating STAR-RIS
into a WET system without relying on P-CSI knowledge, in addition to investigating the
influence of STAR-RIS’s Energy Splitting (ES) and Time Switching (TS) operation protocols
on system performance.

• We propose a novel approach to minimize the total recharging time of a STAR-RIS-
assisted WET system considering only the S-CSI knowledge.

• We demonstrate that it is possible to simultaneously meet the energy demands of
indoor and outdoor IoT devices from the deployment of STAR-RIS.

• We demonstrate that the STAR-RIS operating in the ES mode can reduce by up to 15%
the total recharging time in specific scenarios when compared with the TS mode even
considering only the S-CSI knowledge.

Although PSO is a widely studied method in the literature, this work presents a
novel iterative solution that uses it to minimize the total charging time by simultaneously
optimizing multiple variables, including the PB beamforming and the STAR-RIS coefficient
matrix, while ensuring system-specific constraints and tradeoffs. The contribution of
this paper is not limited to the use of PSO, but also to the specific problem formulation
and adaptations made to the WET scenario with STAR-RIS, an area still underexplored.
Furthermore, we show that the implementation of STAR-RIS enables the simultaneous
meeting of energy demands of indoor and outdoor IoT devices. Notably, the results indicate
that the ES mode of STAR-RIS can reduce the total charging time in certain scenarios
compared to the TS mode, even when only S-CSI is available.

The remainder of this paper is organized as follows: Section 2 describes the system
model and the STAR-RIS operation protocols. Section 3 presents the optimization problem,
highlighting its constraints and the parameters to be optimized. Section 4 discusses the
basic concepts of the PSO algorithm. Section 5 presents the proposed approach. Section 6
presents the simulation results. Finally, Section 7 concludes the paper and presents some
future perspectives.

Notation: Lowercase italic letters such as a denote variables, uppercase bold letters A
represent a matrix, lowercase bold letters a represent vector, ak denotes its k-th element, and
ak denotes its k-th element vector of a. The superscripts (.)T and (.)H denote, respectively,
transpose and Hermitian transpose operations, |.| is the absolute value and ∥.∥ is the
norm operator.
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2. System Model
In this paper, we consider the scenario illustrated in Figure 1, where a PB, positioned

at the coordinates xpb and ypb, equipped with a ULA consisting of N antennas, charges
K single-antenna IoT devices, with the help of a STAR-RIS equipped with M elements
positioned at the coordinates xris and yris. As shown in Figure 1, of the K devices, Kr are
located in the reflection region, with a direct link to the PB and the STAR-RIS, while Kt are
in the transmission region, without the direct link to the PB. Therefore, K = Kr + Kt and the
k-th device, for k ∈ {1, . . . , Kr}, is located in the reflection region, while the k-th device for
k ∈ {Kr + 1, . . . , K}, is located in the transmission region. This scenario is quite applicable
in practice, where the transmitting side could represent an indoor environment, such as a
greenhouse. In this configuration, STAR-RIS could be installed on a facade, functioning as
a “window” for the transfer of energy to the interior of the environment.

Figure 1. System model where a PB with N antennas assisted by a STAR-RIS equipped with M
elements charges K single-antenna IoT devices.

In addition, in this work, we consider analog beamforming at the PB, an attractive
choice for practical WET systems, as this approach reduces both hardware complexity and
power consumption compared to digital and hybrid architectures [26,27]. Consequently,
the PB can generate only one beam at a time. In addition, in WET systems, the sensitivity
operates in the µW range. Consequently, the impact of noise is negligible and can be
disregarded. Thus, disregarding the noise power, considering beamsharing (The ability of
an IoT device to collect energy while another IoT device is being charged [18]), and one
channel coherence time Tc, the signal received by the k-th device when the j-th device is
being charged can be expressed by

yk,j =
(√

ξRDk rH
k Θ

(γ)
j G

√
ξPR + δ(k, j)

√
ξPDk pH

k

)
wjsj, (1)

where k, j ∈ {1, . . . , Kr, . . . , K}, sj is the unity-power transmit signal, wj ∈ CN×1 is the
beamforming vector pointing to the j-th device and ||wj||2 = PT is the transmit power. In
addition, δ(k, j) denotes an indicator function that controls the presence of the direct link
with the PB and is defined as

δ(k, j) =

1 if k, j ∈ {1, . . . , Kr},

0 if k, j ∈ {Kr + 1, . . . , K}.
(2)

In addition, Θ
(γ)
j ∈ CM×M is a diagonal matrix that defines the reflection and trans-

mission pattern of the STAR-RIS when the PB focuses on recharging the j-th device and
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γ ∈ {r, t} where ‘r’ denotes the reflection plane and ‘t’ the transmission plane. Specifically,
γ = r when δ(k, j) = 1 and γ = t, otherwise. The vectors pH

k ∈ C1×N , rH
k ∈ C1×M and the

matrix G ∈ CM×N denote the channels between the PB and the k-th IoT device, between
the STAR-RIS and the k-th IoT device, and between the PB and the STAR-RIS, respectively.
The channels pH

k , rH
k , and G are assumed to follow the Rician fading model. Thus, matrix G

can be expressed as:

G =

√
κ

1 + κ
Ḡ +

√
1

1 + κ
G̃, (3)

where κ is the Rice factor, Ḡ ∈ CM×N denotes the LoS components of the channel vector
between the PB and the STAR-RIS, and G̃ ∈ CM×N denotes the NLoS components of the
channel vector between the PB and the STAR-RIS, modeled according to Rayleigh fading.
The channels pH

k and rH
k are modeled similarly to G as in (3). To capture the effects of

attenuation due to distance, ξPDk , ξPR, and ξRDk represent the average power gains, which
depend on the distances between the PB and the IoT devices (PD), between the PB and
the STAR-RIS (PR), and between the STAR-RIS and the IoT devices (RD), respectively. The
general formula for calculating these power gains is

ξℓk
=

λ2

16π2 d−α
ℓ , (4)

where ℓ ∈ {RD, PR, PD}, dℓ ≥ 1 is the distance between the involved elements (PB-device,
PB-STAR-RIS, or STAR-RIS-device), α is the path loss exponent which, for the sake of
simplicity, is considered the same for all links, λ = c

f is the wavelength with c being the
speed of light and f the carrier frequency. Note that the signals received by the reflecting
side and by the transmitting side differ in the sense that the direct link between the device
and the PB only affects the transmitting side.

The WET process depends on the received power, which is delivered to the k-th IoT
device when the STAR-RIS and PB beamforming are directed to the j-th device. Thus, the
received power can be expressed by

Pk,j = ξRDk

∣∣∣rH
k Θ

(γ)
j Gwj

∣∣∣2ξPR + δ(k, j)ξPDk

∣∣∣pH
k wj

∣∣∣2. (5)

The energy harvested by the devices in a STAR-RIS-assisted WET system is a combi-
nation of the energy received from different beamforming configurations of the STAR-RIS
and the PB. Each device accumulates energy based on the amount of time dedicated to
recharging and how the beamforming is designed for each device. We can determine the
energy harvested by the k-th device by the total sum of the energy received from each indi-
vidual beamforming configuration of the STAR-RIS and the PB. Thus, the energy harvested
by the k-th IoT device is given by

Φk =
K

∑
j=1

τj

[Γk,j − µΩ
1 − Ω

]
, (6)

where τj represents the time required to charge the j-th IoT device and Ω = 1
1+eab defines

a constant that ensures a zero-input/zero-output response, with a and b denoting the
parameters related to the specific characteristics of the circuit. These parameters are crucial
for modeling the dynamics of the energy-recharging system. Additionally, µ corresponds
to the maximum power that the IoT device can collect when its circuit reaches saturation.
This value limits the device’s ability to efficiently store energy, as once saturation occurs,
the device can no longer absorb additional energy, even if more is available [28]. Finally,



Energies 2025, 18, 1148 7 of 19

Γk,j refers to the traditional logistic function with respect to received power, which is used
to model the nonlinear response of the recharging process. Its value can be expressed by

Γk,j =
µ

1 + e−a(Pk,j−b)
. (7)

The logistic function describes the nonlinear relationship between the received power
Pk,j and the energy effectively harvested by the device, taking into account the circuit’s
behavior at different power levels [28]. Note that in (7), the received power includes
the term rH

k Θ
(γ)
j Gwj, which highlights how the k-th device can still harvest energy even

when the PB and the STAR-RIS are directing their beams toward the j-th device. This
demonstrates the influence of the beam in providing additional power to nearby devices
due to beamsharing.

The power received by devices located on the transmitting side is highly dependent on
the STAR-RIS. Since these devices do not have a direct link with the PB, they rely entirely
on the ability of STAR-RIS to redirect the power efficiently. In this context, the operating
mode of STAR-RIS becomes a crucial factor to be investigated. The way STAR-RIS manages
the balance between transmission and reflection modes, adjusting the amplitude and phase
of each element, directly impacts the amount of energy that the devices can collect.

2.1. STAR-RIS Operating Mode

Each element of a STAR-RIS can operate in three different modes, depending on the
adjustment of the amplitudes and phases of the transmission and reflection coefficients:
total transmission mode (T), total reflection mode (R), or simultaneous transmission and
reflection mode (T&R mode) [13]. Based on these models, two practical operating protocols
stand out: ES and TS illustrated in Figure 2 and described next.

Full reflection 
    mode

Partial reflection and 
 transmission mode

Transmission 
     Signal

Reflected
   Signal

Full transmission 
         mode

Reflected 
   Signal

Transmission
    Signal

(b) Time Switching(a) Energy Splitting

Time
Switching

Figure 2. Two practical protocols for operating STAR-RIS: ES and TS.

2.1.1. Energy Splitting

In the ES protocol, it is assumed that all elements of the STAR-RIS operate in T&R mode,
where the energy of the incident signal is divided into two parts. One part is transmitted
directly, and the other is reflected, with the ratio between these two components being
determined by the transmission and reflection coefficients. Therefore, for each element
of the STAR-RIS, the sum of the amplitudes of the transmitted and reflected signals must
be equal to the energy of the incident signal to obey the law of energy conservation [29],
i.e., β

(r)
k,m + β

(t)
k,m = 1 ∀m ∈ {1, . . . , M} and k ∈ {1, . . . , K}, where β

(r)
k,m is the fraction of the
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incident signal’s energy reflected by the m-th element and β
(t)
k,m is the fraction transmitted

by the m-th element. Thus, we write Θ
(γ)
k for the ES protocol as

Θ
(γ)
k = diag

(√
β
(γ)
k,1 ejθ(γ)k,1 , . . . ,

√
β
(γ)
k,Mejθ(γ)k,M

)
, (8)

where γ ∈ {r, t} and β
(γ)
k,m ∈ {0, 1} and θ

(γ)
k,m ∈ [0, 2π) represent the amplitude and phase

adjustment of the transmission and reflection coefficients, respectively.

2.1.2. Time Switching

In the TS protocol, all STAR-RIS’ elements alternate between the transmission and
reflection modes at each time interval. In this mode, the incident signal is not divided into
two parts simultaneously; instead, each element operates exclusively in one mode at a time,
i.e., β

(t)
m = 1 and β

(r)
m = 0 or β

(t)
m = 0 and β

(r)
m = 1 during each time interval. In this way,

the system alternates between exclusive periods of energy transfer to the reflecting and
transmitting side, allowing the system to focus on only one side at a time. Optimization is
achieved solely by adjusting the phases of the surface elements during the periods when
they are in operation. Thus, we write Θ

(γ)
k for the TS protocol as

Θ
(γ)
k = diag

(
ejθ(γ)k,1 , . . . , ejθ(γ)k,M

)
. (9)

It becomes clear that the recharging efficiency of the devices is directly influenced
by the interaction between the PB beamforming configuration, the STAR-RIS elements,
the recharging time, and the characteristics of the devices’ circuits. With a well-tuned
approach, it is possible to significantly improve the effectiveness of the WET system in
diverse environments, better meeting the energy demands of IoT devices.

3. Problem Formulation
In this work, we focus exclusively on WET, without considering WIT. Since power

transfer and data communication present distinct challenges, we seek to maximize charging
efficiency without imposing communication-related constraints, such as transmission rate.
Therefore, the main objective of this work is to minimize the total recharging time of the K
IoT devices

(
τT = ∑K

k=1 τk
)
, ensuring that each IoT device collects a pre-defined minimum

amount of energy Ek. The time required to charge each IoT device is directly related to the
energy collected and, consequently, to the received power. In this context, it is necessary to
define the optimal beamforming at the PB and the phase and amplitude of each element
of the STAR-RIS to improve the efficiency of the device recharging process. Thus, the
optimization problem is formulated as

Minimize
{wk},{Θ

(r)
k },{Θ

(t)
k },{τk}

τT =
K

∑
k=1

τk

Subject to Φk ≥ Ek ∀k,∣∣wk,n
∣∣2 =

PT
N

∀n, n ∈ {1, . . . , N},

β
(r)
m + β

(t)
m = 1 ∀m,

τk ≥ 0, ∀k,

k ∈ {1, . . . , K}, m ∈ {1, . . . , M},

(10)
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where Ek is the minimum energy constraint which is considered the same for all IoT devices,
and

∣∣wk,n
∣∣2 = PT

N ∀k, n denotes the transmit power constraint. It is worth remembering that
in the TS protocol, the incident signal is not divided into two parts simultaneously so all
the energy of the incident signal is used exclusively in one mode at a time (reflection and
transmission). Thus, the amplitude coefficient is either β

(t)
k,m = 1 or β

(r)
k,m = 1 ∀k, m for the

time interval the PB focuses at each IoT device.
In addition, to achieve the optimal solution for the proposed optimization problem, it

would be necessary to have the P-CSI knowledge for designing the best possible beamform-
ing vectors. However, this requirement represents a significant limitation in WET systems.
Obtaining instantaneous CSI requires a substantial investment of energy and time from IoT
devices, which may even compromise the expected gains from beamforming, making this
approach potentially impractical [5]. Therefore, to overcome this issue, next, we propose a
novel strategy based on the PSO technique to solve (10) by using only S-CSI.

4. Particle Swarm Optimization Algorithm
From (10), it can be seen that the proposed optimization problem is a non-convex

problem that cannot be solved using classical optimization techniques. Therefore, in this
paper, we propose a novel solution based on the PSO technique which is widely known
for its effectiveness in dealing with complex and multivariate problems. PSO does not
rely on derivatives or gradients, which is useful for nonlinear objective functions, and it
adapts well to different constraints, making it a good alternative to solve the proposed
optimization problem [30].

Inspired by the social behavior of some animal species which presents the capacity
to work collectively, PSO considers a set of P particles that adjust their positions based on
their velocities. The main goal is to explore the search space collaboratively and efficiently,
converging to the optimal solution [30]. Specifically, each particle is composed by its
position and velocity. The position of each particle denotes a possible solution to the
optimization problem, while its velocity indicates the direction and magnitude of its
motion which depends on gbest and pbestp. The gbest represents the collective memory
of the swarm and pbestp is the individual (p-th particle) memory. Both gbest and pbestp
are defined based on the fitness function. At each iteration, the velocity is updated based
on the particle’s personal best position pbestp and the global best position gbest. Therefore,
the velocity is updated based on [31]

vit+1
p = ωvit

p + c1 ∗ rand()
[
pbestp − xit

p

]
+ c2 ∗ rand()

[
gbest − xit

p

]
(11)

where vit
p is the current velocity of the p-th particle where p ∈ {1, . . . , P}, it ∈ {1, . . . , Nit}

denotes the current iteration, P is the total number of particles, Nit the total number of
iterations, c1 and c2 are referred to as the cognitive acceleration coefficient and social
acceleration coefficient, respectively. The first influences the particle’s tendency to return
to its personal best position, while the second influence the particle’s tendency to move
toward the global best position [32] and rand() denotes an uniformly distributed number
between 0 and 1 generated at each iteration to introduce a stochastic component to the
particle’s movement. To finish, ω is the so-called inertia factor which is given by

ω =

[
ωmax −

(ωmax − ωmin)it
Nit

]
, (12)
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where ωmax and ωmin denote the maximum and minimum value of ω, respectively. It is
important to highlight that the ω controls the weight of the previous velocity, helping to
balance the exploration and exploitation of the search space.

After adjusting the velocity, the particle’s position is also updated based on

xit+1
p = xit

p + vit+1
p (13)

The block diagram in Figure 3 illustrates the main steps of the PSO algorithm. Specifi-
cally, the algorithm starts by generating P particles with random positions and velocities in
the search space, representing potential solutions. It then enters an iterative cycle, where
the objective function is evaluated for each particle individually. If the obtained result is
better than the previously recorded one, the corresponding position is stored as gbest, rep-
resenting the global best solution. Additionally, the algorithm checks if the result obtained
by each particle is better than the value stored in its memory. If so, the particle updates
its pbestp to the new position, allowing each particle to maintain a record of the best
solution found so far, which guides its search in subsequent iterations. In each iteration, the
particles update their velocities and positions, evaluating the objective function at the new
positions, until a stopping criterion is reached, such as a maximum number of iterations or
an insignificant improvement in the solution.

Figure 3. Block diagram of the PSO technique.

5. Proposed Strategy
The optimal solution of (10) requires the P-SCSI knowledge which is infeasible in

practical scenarios due to the energy consumption of the IoT devices. Therefore, in this
paper, we propose a novel solution considering only the S-CSI knowledge. Specifically, the
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main goal of this work is to minimize the total recharging time of the system by jointly
optimizing the beamforming at the PB, the amplitude and phase coefficients of the STAR-
RIS’ elements, and the recharging time allocated for each IoT device. For this purpose, we
proposed a PSO where each particle represents a possible solution for the problem and is
defined as

Xp =
[
Wp, Ψ

(r)
p , Ψ

(t)
p , Tp

]
, (14)

where Wp = [w1, . . . , wK], Ψ
(r)
p =

[
Θ

(r)
1 , . . . , Θ

(r)
K

]
, Ψ

(t)
p =

[
Θ

(t)
1 , . . . , Θ

(t)
K

]
, and Tp =

[τ1, . . . , τK]. Thus, the steps of the proposed PSO are detailed next.

1. Randomly generate the velocity and position of P particles, i.e., Xp and Vp.
2. For each particle, compute the fitness of each particle based on (10).
3. Update pbestp and gbest from the fitness computed in the previous step.

4. Update the velocity and position of each particle using (11) and (13), respectively.
5. Check if the maximum number of iterations was reached, i.e., the stop criterion is met.

If so, return gbest. Otherwise, go to Step 2.

Since we are assuming only S-CSI knowledge, the PSO considers only the LoS compo-
nent of the channels. Consequently, the solution obtained from the proposed PSO-based
approach for the optimization problem in (10) is suboptimal with respect to the total
recharging time (τT). This suboptimality arises because the estimated recharging times for
each device may deviate from the ideal times, as they do not account for P-CSI knowledge.
This results in recharging times that are either longer or shorter than the optimal values.
As a result, it is not guaranteed that, by the end of the algorithm, the energy collected by
the IoT devices meets the minimum energy requirements specified by the solution to (10).
To address this issue, the algorithm operates in successive rounds until all IoT devices
achieve the required minimum energy. More specifically, initially, a set D containing all K
IoT devices in the system is defined. The PSO is executed offline in each round, and the
suboptimal solution obtained, i.e., wk, Θ

(r)
k , Θ

(t)
k , and τk for k ∈ {1, . . . , K}, is considered to

the system to initiate the recharging process. Devices that achieve Ek of collected energy
send a confirmation signal through the control channel, indicating they no longer need
recharging. These devices are then removed from the set D for subsequent rounds. The PSO
is re-executed, considering only the remaining devices, and this process continues until
all IoT devices are fully recharged while adhering to the power constraints. Algorithm 1
summarizes the main steps of the proposed solution, which relies exclusively on S-CSI.

Although PSO is a well-known method, the novelty of our solution lies in the specific
formulation of the problem and the adaptations made to the WET scenario. Our approach
combines the joint optimization of multiple variables—including the PB beamforming,
and the phase and amplitude coefficients of the STAR-RIS. In addition, we incorporate
specific constraints and trade-offs, such as the relationship between the number of STAR-
RIS elements and the required PB power, the influence of TS and ES protocols on the system
performance, and the impact of beamsharing on the power distribution. These aspects
make our application of PSO attractive, ensuring that the solution found is efficient and
balanced for the proposed scenario.
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Algorithm 1: Proposed S-CSI Strategy.
Input: System parameters: N, M, K, Ek, G, pk, rk

PSO Parameters: P, Nit, ωmax, ωmin, c1, c2

Output: wk, Θ
(r)
k , Θ

(t)
k , τk

Construct the set of IoT devices D = {D1, . . ., DK};
Initialize Xp and Vp ∀p;
Define gbest and pbestp;

while size [D] > 0 do
for it = 1 : Nit do

Compute ω based on (12).
for p = 1 : P do

Calculate (6) based on the constraints imposed in (10);
Compute the fitness (τT) of each particle based on (10);
Update Vp based on (11);
Update Xp based on (13);
Update pbestp;

end
Update gbest;

end
Compute the energy collected considering P-CSI based on (7);
for each Dk ∈ D do

if Φk ≥ Ek then
Remove Dk from D;

else
Update Ek = Φk − Ek;

end
end

end

6. Simulation Results
In this section, we present the simulation results based on the scenario illustrated in

Figure 4. Specifically, the STAR-RIS is positioned at the center of the system (xris = 0 m
and yris = 0 m), while the PB is located in the reflective plane considering xpb = −6 m
and ypb = 0 m. The IoT devices are uniformly distributed between the reflection and
transmission planes. In addition, as a benchmark, we consider that the beamforming at the
PB, phase/amplitude of the STAR-RIS’ elements, and the allocated time for each IoT device
are computed considering the P-CSI.

The performance of PSO largely depends on the tuning of its parameters to achieve an
appropriate balance between exploration (searching for new solutions) and exploitation
(refining promising solutions). Poor adjustment of ω, c1, and c2 can lead to slow conver-
gence or suboptimal solutions. Adaptive fine-tuning of these parameters throughout the
iterations can enhance PSO’s performance across various optimization problems. Therefore,
the PSO’s parameters were defined after a massive number of iterations. The results in this
section were obtained using Matlab®. The curves show the average of 103 independent
channel realizations and 102 topologies. Finally, Table 1 presents the system parameters, as
well as the parameters used by the PSO technique.
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STAR-RIS

Devices

Figure 4. System setup.

Table 1. Simulation parameters.

System Parameters Value

Number of devices at the transmit side (Kt) 2
Number of antennas at the PB (N) 4
Number of STAR-RIS’ elements (M) 32
Radius (R) 10 m
Carrier frequency ( f ) 915 MHz
Maximum harvested power (µ) [8] 10.73 mW
Circuit constant (a) [8] 0.2308
Circuit constant (b) [8] 5.365
Harvested energy constraint (Ek) 10 µJ ∀k
Path loss exponent (α) 2.7 W
Rician factor (κ) 1.5
Total transmit power (PT) 3 W

PSO Parameters Value

Inertia factor (ω) 0.9
Cognitive coefficient (c1) 2
Social coefficient (c2) 0.2
Number of particles (P) 30
Number of iterations (Nit) 500

First, it is important to analyze the convergence of the proposed solution. Figure 5
shows the convergence for the proposed approach considering an STAR-RIS operating
in the ES and TS mode for M ∈ {32, 64}. From the results, it can be seen that even for
high M the proposed solution converges in less than 40 iterations which demonstrates its
computational efficiency. Finally, it is important to highlight that, the proposed PSO-based
solution is performed offline, then, the computational complexity is not a critical problem.

6.1. Influence of the Number of Antennas at the PB

Figure 6 presents an analysis of the influence of the number of antennas at the PB (N)
on the total recharging time (τT) considering only S-CSI knowledge for Kt = 2, Kr = 4,
and M ∈ {8, 16, 32, 64}. From the results, it can be seen that increasing N significantly
reduces τT, as it allows for more precise and efficient beamforming gain. This increases the
signal intensity received by the IoT devices, particularly those relying on the STAR-RIS to
compensate for the absence of a direct link with the PB. However, the impact of increasing N
diminishes as the number of elements at the STAR-RIS (M) increases. This can be explained
as for high M, the STAR-RIS gains the ability to manipulate signals with greater precision,
creating more focused and refined beam patterns. In doing so, the STAR-RIS optimally
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redirects energy, minimizing dispersion losses and ensuring higher signal intensity for the
target devices. Thus, the incremental benefit of adding more antennas at the PB becomes
less pronounced, as the STAR-RIS is capable of optimizing energy transfer effectively.
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Figure 5. Convergence of the proposed PSO-based solution.

2 4 6 8

20

40

60

80

100

120

140

160

Number of antennas on the PB (N)

τ T
(m

in
)

TS, M = 8
ES, M = 8
TS, M = 16
ES, M = 16
TS, M = 32
ES, M = 32
TS, M = 64
ES, M = 64

Figure 6. Influence of N on τT for M ∈ {8, 16, 32, 64}, Kt = 2, and Kr = 4.

In addition, the results show that the ES mode outperforms TS mode, mainly for
scenarios with N and M small. Otherwise, if N and M increase, the performance gap
between the ES and TS mode decreases. As explained, with fewer antennas, the PB’s
beam is less directional, leading to energy dispersion across both the STAR-RIS and the IoT
devices. In such scenarios, the ES protocol is more efficient, as it simultaneously allocates
resources between transmission and reflection, compensating for the beam’s reduced
directivity. In contrast, the TS protocol is more adversely affected, as its time-switching
approach does not make optimal use of the less concentrated energy. In addition, it is
important to highlight that, the ES mode presents a higher performance and low hardware
complexity when compared to the TS mode [13].

6.2. Influence of the Number of IoT Devices

Figure 7 depicts the impact of the number of IoT devices (K) on the total recharging
time (τT) for N ∈ 2, 4 and M = 32. In this analysis, the number of IoT devices on the
transmission side was fixed at Kt = 2, while Kr was varied. The results indicate that as K
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increases, τT rises progressively, with a more pronounced increase observed under the TS
operation mode. This trend is particularly evident when the PB is equipped with a smaller
number of antennas (N = 2), where the performance disparity between the two protocols
is notably more significant. This phenomenon can be explained by examining the behavior
of the ES protocol. The majority of the recharging time is attributed to devices located
on the transmission side, where a direct link exists between the PB and these IoT devices.
Consequently, in the ES protocol, where both the transmission and reflection planes are
charged simultaneously, an increase in the number of devices on the reflection side (Kt

being fixed) does not lead to a substantial increase in recharging time. Conversely, in the
TS protocol, the addition of new devices results in longer recharging durations for both
the reflective and transmissive sides, as the recharging process alternates between these
regions. This behavior underscores the reduced energy efficiency of the TS protocol, which
experiences idle periods in one region while the other is being charged. Notably, for a PB
equipped with two antennas, the ES protocol achieves reductions in τT of 9%, 12%, and
17% compared to the TS protocol for K ∈ 4, 6, 8, respectively. Finally, it is possible to verify
that, as we consider a Rician factor (κ) of 1.5, the gap of performance between the P-CSI
and S-CSI is considerable. However, for small κ this performance gap can be reduced.
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Figure 7. Influence of K on τT for M = 32 and Kt = 2.

6.3. Influence of the Number of Elements at the STAR-RIS

Although the impact of the number of elements in a RIS has already been discussed
in WIT systems [33,34], Figure 8 illustrates the impact of the number of elements at the
STAR-RIS (M) in the proposed WET system assisted by a STAR-RIS. Specifically, Figure 8
shows the analysis of τT considering N ∈ {2, 4} antennas at the PB. The results indicate that
increasing M significantly reduces τT, as a STAR-RIS with a greater number of elements
enhances its capacity to manipulate and redirect energy beams with higher precision. A
STAR-RIS equipped with a high number of elements functions as a highly efficient passive
surface, concentrating signals and mitigating propagation losses over extended distances.
As previously discussed, this increased capability of the STAR-RIS can compensate for the
need for greater directivity at the PB. When analyzing the ES and TS operation modes, it is
evident that the ES protocol achieves marginally shorter τT compared to the TS protocol
for both S-CSI and P-CSI scenarios. Additionally, for larger values of M, the performance
becomes similar regardless of N. These findings highlight the trade-off between N and
M, i.e., by increasing M, it becomes feasible to reduce N without significantly compromis-
ing system performance. This balance not only helps optimize costs but also maintains
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recharging efficiency, demonstrating the advantage of prioritizing a STAR-RIS equipped
with a high number of elements. This enables a reduction in the required PB power, as
it can efficiently redirect energy even at lower transmission power levels. This results in
a more sustainable and cost-effective system. Lastly, it is observed that as M increases,
the performance of S-CSI approaches that of P-CSI, further underscoring the benefits of a
well-configured STAR-RIS.
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Figure 8. Influence of M on τT for Kt = 2 and Kr = 4.
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In conclusion, the results indicate that the ES protocol consistently achieves shorter
recharging times compared to the TS protocol, owing to fundamental differences in how
STAR-RIS resources are utilized for energy transmission and reflection. The ES protocol
optimally leverages the STAR-RIS by maintaining all its elements active simultaneously
for both functions. This approach maximizes the STAR-RIS’s capability and ensures more
efficient energy utilization. Additionally, the ES protocol demonstrates greater resilience to
energy dispersion, even when the PB beam lacks strong directionality. The simultaneous
allocation of resources for transmission and reflection effectively compensates for energy
dispersion, making it particularly advantageous in scenarios where the number of PB
antennas is limited or devices are widely distributed. In contrast, the TS protocol is
constrained by its temporal division of resources, which significantly reduces its efficiency.
The alternation between transmission and reflection introduces periods during which one
region does not receive energy, making the protocol less effective in environments with
higher energy dispersion or a larger number of IoT devices requiring recharging.

7. Conclusions
This work presented a WET system assisted by a STAR-RIS, designed to optimize the

recharging of IoT devices while ensuring a minimum energy constraint. The incorporation
of the STAR-RIS proved effective in both reflecting and transmitting signals, enabling the
recharging of IoT devices even in the absence of a direct link between the IoT devices
and the PB. The study demonstrated that the system achieved satisfactory performance,
yielding results very close to the ideal, even when relying solely on S-CSI. To further
enhance system performance, the PSO algorithm was employed, demonstrating its viability
as a tool for optimizing parameters to minimize the total recharging time of the devices.
The combined optimization of the STAR-RIS transmission and reflection coefficients, along
with PB beamforming, resulted in a simple yet efficient solution, validating the proposed
approach. For the scenario analyzed, it was observed that the ES protocol offers significant
advantages, as it distributes energy continuously and simultaneously between the reflector
and transmitter sides, avoiding interruptions. This approach eliminates idle periods,
allowing devices on the transmitter side to charge more efficiently and reducing the total
recharging time compared to the TS protocol. In future research, we plan to explore
novel strategies for optimizing the positioning of PBs and STAR-RIS, with the objective
of minimizing the total charging time of the system. Additionally, we will examine the
impact of the selection order of IoT devices on the performance of the WET system assisted
by STAR-RIS. Furthermore, we will assess the applicability of alternative optimization
algorithms and machine learning techniques. Lastly, we will investigate various scenario
configurations and different RIS architectures to enhance the overall system performance.
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Abbreviations

CSI Channel State Information
ES Energy Splitting
IoT Internet of Things
LoS Line-of-Sigh
MIMO Multiple-Input Multiple-Output
NLoS Non-LoS
PB Power Beacon
P-CSI Perfect Channel State Information
PSO Particle Swarm Optimization
RIS Reconfigurable Intelligent Surface
RF Radio Frequency
S-CSI Statistical Channel State Information
STAR-RIS Simultaneously Transmitting and Reflecting RIS
TS Time Switching
ULA Uniform Linear Array
WIT Wireless Information Transfer
WET Wireless Energy Transfer
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