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Abstract—Recently, Wireless Rechargeable Sensor Networks
(WRSNs) have emerged as a promising solution to address the
energy limitations of wireless sensor networks. In practical appli-
cations of WRSNs, environmental objects are ubiquitous, reflecting
radio waves and causing them to reach sensors via multiple paths.
These multipath effects significantly impact the power intensity
received by sensors. In this paper, we study a fundamental issue of
charGing schEduling with mulTipath effectS (GETS), that is, how
to schedule a mobile charger by comprehensively considering the
multipath effects to maximize the overall charging utility. To this
end, we first establish a charging model with environmental objects
to investigate the impact of multipath effects on power distribution.
Then, we propose a charging scheduling scheme that not only
selects a series of sojourn locations for the MC (Mobile Charger)
to maximize the total power received by nearby sensors but also
construct a charging path that avoids environmental objects. We
conduct extensive simulations as well as indoor and outdoor field
experiments to evaluate the performance of our scheme. The results
demonstrate that, on average, our scheme outperforms baseline
algorithms by 48.87% .

Index Terms—Wireless power transfer, multipath effects,
charging scheduling, wireless rechargeable sensor networks.

I. INTRODUCTION

R ECENTLY, Wireless Power Transfer (WPT) [1] has
emerged as a transformative technology for enabling wire-

less power supply. The Wireless Power Consortium (WPC),
an organization committed to standardizing WPT, has garnered
active participation from leading companies such as Microsoft,
Qualcomm, Samsung, and Google [2]. As reported in [3], the
global wireless charging market, valued at 21.44 billion in 2023,
is projected to grow significantly, reaching 71.47 billion by 2030.

Among the diverse applications of WPT, Wireless Recharge-
able Sensor Networks (WRSNs) have gained prominence in
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various domains, including smart homes, industrial automation,
healthcare, and other fields [4], [5], [6], [7], [8], [9], [10].
In a typical WRSN, a Mobile Charger (MC) equipped with
antennas and batteries is scheduled to traverse a pre-determined
charging path comprising a series of sojourn locations. At each
sojourn location, the MC wirelessly transmits radio waves to
charge surrounding sensors, thereby extending their operational
lifetimes [11], [12], [13], [14].

Much effort has been devoted to optimizing the charging
scheduling of the MC to achieve efficient wireless charging.
Traditional scheduling methods typically focus on selecting
appropriate sojourn locations [15], [16], [17], [18] or shortening
charging path [19], [20], [21], [22], [23] to ensure that sensors
receive sufficient power in an ideal and open environment.
However, in practical applications, environmental objects with
arbitrary shapes, materials, and sizes are ubiquitous. For in-
stance, in outdoor scenarios, environmental objects such as trees,
walls, and electric poles reflect the radio waves from the MC,
leading to significant multipath effects. As a result, the actual
power received by the sensors can differ substantially from the
theoretical value that disregards environmental factors. Simi-
larly, in indoor charging scenarios, radio waves emitted by the
MC are reflected by furniture, walls, and electrical appliances,
also bringing multipath effects and altering the power received
by the sensors. Therefore, we can see that traditional charging
scheduling methods ignore environmental objects, making it
difficult for them to adapt to real-world environments.

Recently, a few pioneering researchers have begun to focus
on the impacts of environmental objects on charging efficiency
in practice. For example, Wang et al. [24] and You et al. [25]
revealed that environmental objects can block the propagation of
radio waves, while Lin et al. [26] observed the diffraction phe-
nomenon caused by such objects. Additionally, Yang et al. [27]
explored the utilization of wave reflection for non-line-of-sight
charging. However, these studies share a common problem: they
overlook the multipath effects caused by wave reflections from
environmental objects. The waves transmitted via the reflected
path interfere with the direct path waves, leading to a discrepancy
between the theoretical and practical power received by the
sensors.

Fig. 1 illustrates the multipath effects caused by environ-
mental objects in a typical indoor charging scenario. It can
be seen that two sensors are located near two walls, and an
MC is situated between them for recharging. The radio waves
emitted by the MC travel along direct paths (i.e., blue solid
lines) and then reach the sensors. Moreover, reflected waves
from two walls also propagate along the reflected paths (i.e.,
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Fig. 1. A typical indoor charging scenario.

Fig. 2. A field experiment on power distribution with two perpendicular walls.
The vertical distance between the charger and each wall was 60 cm. The 1 m ×
1 m experimental area was divided into 2 cm × 2 cm grids and the sensor was
sequentially placed at the center of each grid to record the received power. Both
the charger and the sensor are produced by Powercast [28].

orange solid lines) to the sensors. Since interference occurs as
these waves from different paths converge, the power received
by the sensors differs significantly from the value without envi-
ronmental objects. We conducted a field experiment to explore
the power distribution near two walls, as shown in Fig. 2. It can
be observed that the reflections from the walls create a complex
power distribution around the charger, resulting in alternating
high-power and low-power regions.

In this paper, we explore the impact of multipath effects
caused by ubiquitous environmental objects on the power re-
ceived by sensors in practical scenarios. Specifically, we aim
to utilize the multipath effects to enhance the power received
by sensors. Thus, we state the problem of charGing schEduling
with mulTipath effectS (GETS) as follows: given a set of sensors
and a number of environmental objects, how to schedule the MC
to maximize the overall charging utility of the entire network.

Generally, there are three major challenges in our problem.
The first challenge is the power distribution caused by the

multipath effects is very complex. The complexity results from
(i) the charging power is nonlinear with distance; (ii) the in-
terference caused by multipath propagation is also nonlinear.
Additionally, the number, size, material, and position of objects

in the environment are arbitrary, which further increases the
complexity of power distribution.

The second challenge lies in that the network space is con-
tinuous, resulting in infinite feasible sojourn locations for MC.
This also leads to an infinite number of positional relationships
between the MC and environmental objects, which determine
the nonlinear power distribution.

The third challenge is how to design an effective scheduling
algorithm for MC. As the battery capacity of MC is limited,
scheduling the charging path for MC is similar to solving an
NP-hard Traveling Salesman Problem (TSP). Besides that, the
charging path should avoid all environmental objects in WRSNs.

To address the first challenge, we develop a practical charging
model that integrates multipath effects resulting from environ-
mental objects, enabling us to analyze patterns of high power
distribution influenced by these effects.

To tackle the second challenge, the underlying mechanism
of our method is network dividing and area discretization
techniques. Specifically, network dividing involves identifying
potential sojourn areas for the MC based on the spatial dis-
tribution of sensors and further subdividing these areas into
multiple subregions by considering the spatial relationships be-
tween sensors and environmental objects. Discretization refers
to approximating the nonlinear charging power distribution with
piecewise constant segments, effectively dividing the subregions
into a finite number of fine-grained regions, thereby reducing the
infinite solution space to a finite solution space.

As for the third challenge, we transform the GETS problem
into a submodular function maximization problem with energy
constraints. Then, we propose a greedy-based charging path
planning algorithm to select a series of sojourn locations, con-
structing a shortest charging path that can avoid environmental
objects.

The main contributions of this work are summarized below.
� To the best of our knowledge, we are the first to lever-

age the multipath effects caused by environmental ob-
jects to enhance charging efficiency. To investigate the
impact of multipath effects on power distribution, we es-
tablish a practical charging model that incorporates these
objects.

� To solve the GETS problem, we first identify candidate
sojourn locations that could maximize the total power
received by nearby sensors, then we construct a shortest
charging path that avoids obstacles, achieving an approxi-
mation ratio of 1

2 (1− e−1) with a slightly relaxed budget.
� To evaluate our scheme, extensive simulations as well as

indoor and outdoor field experiments are conducted. The
results show that, on average, our scheme outperforms the
baseline by 48.87% .

The remainder of the paper is organized as follows. Section II
introduces the network model, charging model with environ-
mental objects, and problem formulation. Section III explains
how multipath effects are leveraged to maximize the overall
charging utility. Sections IV and V evaluate the performance of
our proposed scheme through simulations and field experiments.
Section VI reviews the related work. Finally, we conclude our
work in Section VII.
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TABLE I
MAJOR NOTATIONS

II. PRELIMINARIES

In this section, we present the network model, charging model
with environmental objects, cost model, charging utility model,
and problem formulation. We list the major notations in this
paper in Table I.

A. Network Model

We consider a 2D plane network Ω, consisting of a Base
Station (BS), a Mobile Charger (MC) with a battery capacity
denoted by B, and N stationary sensors denoted by the set
S. Each sensor si ∈ S is powered by a battery with an energy
capacity b. To simplify the model, we use si and C to represent
the location of sensor si and MC, respectively.

During each charging cycle, the MC departs from BS with
full energy, follows a pre-designed charging path, and visits a
series of sojourn locations to charge the nearby sensors. For
any sojourn location lj , the sensors located within the charging
range of lj are denoted by the set Slj . Before the MC’s energy is
depleted, it returns to the BS to get fully recharged for the next
charging cycle.

There are also M fixed environmental objects O =
{o1, o2, . . ., oM} distributed in the network. Let Γg denote the
reflection coefficient of og , which represents the ratio between
the amplitudes of the reflected wave as it leaves the environ-
mental object and the incident wave as it reaches the object,
thereby quantifying the attenuation of signal strength caused by
the environmental object during the reflection of the radio wave.
og can still be used to denote the location of the environmental

object og. Leveraging existing localization and sensing technol-
ogy [29], [30], [31], [32], we can acquire the location, shape,
and material of each environmental object in advance. We also
assume each sojourn location lj and sensor si cannot be located
inside these environmental objects.

B. Charging Model With Environmental Objects

To investigate the power distribution in practical charging
scenarios, we develop a charging model in this subsection that
accounts for the influence of environmental objects on radio
waves. Specifically, we first derive the amplitude of the direct
wave transmitted from the MC to the sensor and calculate the
corresponding power received from this direct wave. Next, we
obtain the amplitude of the wave after reflection by environmen-
tal objects based on wave reflection properties. Furthermore, we
give the amplitude and power of the combined wave received by
the sensor when one or more reflected waves from the environ-
mental objects propagate to the sensor. Finally, we quantify the
power received by sensors that are partially or fully obstructed
by environmental objects.

We begin by expressing the amplitude of the wave emitted
from the MC as:

AC(t) = A0 cos(φ0 + 2πft), (1)

where A0, f and φ0 are denoted as the amplitude, frequency,
and initial phase of the wave from MC, respectively.

Since the amplitude attenuates with increasing distance, the
amplitude of the wave received by si can be expressed as:

AC,si(t) =
A0

d̂C,si

cos

(
φ0 + 2πft− 2π

λ
dC,si

)
. (2)

In this equation, d̂C,si =
dC,si

+β√
α

is the attenuation factor
in the propagation of the wave from MC to sensor si, where
β is a parameter to adjust the Friis’ free space equation for
short distance transmission. α = GsGrη

LP
( λ
4π )

2, where Gs and
Gr are the antenna gains of MC and sensor, respectively, η is
the rectifier efficiency, Lp is the polarization loss, and λ is the
wavelength [33]. Assuming that the period of the radio wave is
T , the average power at sensor si can be written as:

PC,si =
1

T

∫ T
2

−T
2

[AC,si(t)]
2dt

=
1

T

∫ T
2

−T
2

[
A0

d̂C,si

cos

(
φ0 + 2π(ft− dC,si

λ
)

)]2
dt

=
A2

0

2d̂2C,si

. (3)

The waves reflected by environmental objects exhibit two
distinct characteristics. First, the amplitude of the reflected
wave attenuates due to surface reflections on the environmental
objects [34], which possess varying materials. For instance, the
oscillation of free electrons induced by radio waves on a metal
surface will reflect the incident waves with very low attenu-
ation [34]. Conversely, for the non-conductive materials, the

Authorized licensed use limited to: Shaanxi Normal University. Downloaded on April 14,2026 at 12:17:39 UTC from IEEE Xplore.  Restrictions apply. 



GAO et al.: UTILIZING MULTIPATH EFFECTS FOR MOBILE CHARGING 8671

attenuation will be much greater. To quantify this attenuation, we
represent the attenuation of the reflected wave using Γg , which
signifies the reflection coefficient of the environmental object
og . Second, the reflected wave undergoes a 180◦ phase change
upon reflection, a phenomenon known as half-wave loss [35].
This means that when the incident wave reflects off a denser
medium, crests become troughs and vice versa.

Taking these two characteristics into account, we can deter-
mine the amplitude of the reflected wave from og using the
following expression:

Aog (t) =
ΓgA0

d̂C,og
cos

(
φ0 + 2πft− 2π

λ
dC,og − π

)

= −ΓgA0

d̂C,og
cos

(
φ0 + 2π

(
ft− dC,og

λ

))
, (4)

where dC,og represents the distance between the MC and the
reflection point on og , which can be calculated based on the
reflection theorem.

Assuming that the combined power received by sensor si
comprises the direct wave from the MC and a single reflected
wave from environmental object og , the amplitude of the com-
bined wave can be expressed as:

Asi(t) = AC,si(t) +Aog,si(t)

=
A0

d̂C,si

cos

(
φ0 + 2π

(
ft− dC,si

λ

))

− ΓgA0

d̂C,og d̂og,si
cos

(
φ0 + 2π

(
ft− (dC,og + dog,si)

λ

))
,

(5)

where dog,si is the distance between the reflection point on
environmental object og and sensor si. Since the average power
is determined as the ratio of the integral of the amplitude over
one period to the duration of the period, the average combined
power Psi received by si can be calculated as:

Psi =
1

T

∫ T
2

−T
2

[Asi(t)]
2dt

=
1

T

∫ T
2

−T
2

[AC,si(t) +Aog,si(t)]
2 dt

=
−ΓgA2

0

d̂C,si d̂C,og d̂og,si
cos

2π

λ
(dC,og + dog,si − dC,si)

+
A2

0

2d̂2C,si

+
Γg2A2

0

2d̂2C,og d̂
2
og,si

. (6)

From (6), we observe that the power distribution around
environmental object og is complex, and certain conditions in
the distance relationship between the MC, si, and og either
enhance or weaken the power at si. Specifically, when dC,og +
dog,si − dC,si = (k + 1

2 )λ, where k ∈ N, the combined power
is enhanced. Conversely, when dC,og + dog,si − dC,si = kλ,
where k ∈ N, the combined power at sensor si is weakened.

Fig. 3. An illustration of the MC’s different location areas.

Since the sensors and environmental objects in the network are
fixed, we can only adjust the sojourn location to alter the distance
relationship between the MC, si, and og. To clearly illustrate the
influence of the MC’s locations on the power received by si, we
refer to Fig. 3. In this figure, we can see a group of orange
constructive curves between si and og. If the MC stays at any
point on a constructive curve, the direct wave from MC and the
reflected wave from og will completely constructively interfere
at si, significantly enhancing its received power. Surrounding
each constructive curve is a constructive area. When the MC
stays within it, the power obtained by si can also be enhanced
to a certain extent. Conversely, there is another group of blue
destructive curves between si and og . If the MC is scheduled
to any point on these curves, the multipath effects will notably
weaken the power at si.

For the scenario where the combined power received by sensor
si comprises direct waves from the MC and reflected waves from
m environmental objects, we can express the amplitude of the
combined power received by si as:

Asi(t) = AC,si(t) +
∑

1≤g≤m

Aog,si(t)

=
A0

d̂C,si

cos(φ0 + 2π(ft− dC,si

λ
))

−
∑

1≤g≤m

ΓgA0

d̂C,og d̂og,si
cos

(
φ0+2π

(
ft− (dC,og+dog,si)

λ

))
.

(7)

Similar to (6), the average combined power received by si
is also obtained by calculating the ratio of the amplitude of the
combined wave at si over one period to the duration of the period.
Thus, the average combined power at si is:

Psi =
1

T

∫ T
2

−T
2

[Asi(t)]
2dt

=
A2

0

2d̂2C,si

+
∑

1≤g,q≤m

(
− ΓgA2

0

d̂C,si d̂C,og d̂og,si
cos

2π

λ
(�d1)

+
ΓgΓqA2

0

2d̂C,og d̂og,si d̂C,oq d̂oq,si
cos

2π

λ
(�d2)

)
. (8)

For simplicity, we use �d1 to represent the path difference
between the direct wave from MC and the reflected wave from
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object og (i.e., �d1 = dC,og + dog,si − dC,si), and �d2 to rep-
resent the path difference between the reflected wave fromog and
the reflected wave from another environmental object oq (i.e.,
�d2 = dC,og + dog,si − dC,oq − doq,si ). From (8), it is obvious
that the power distribution involving multiple environmental
objects is highly complex. Specifically, the relationships among
the distances between the environmental objects, the MC, and
si, along with the reflection coefficients of the environmental
objects, collectively determine the power received by si.

In scenarios where an environmental object og is positioned
between the MC and si, part of the waves emitted by the MC
will be reflected by og while the remainder passes through it
with attenuation, emerging on the opposite side with reduced
amplitude. In this work, we introduce shadow fading [36] to
characterize the blocking effect of environmental objects on
radio waves. The following formula gives the power of a wave
after penetrating an environmental object [25]:

Psi =
αP0

(dC,si + β)2
× (1− e

−∑G
g=1

1
kog

(1−ηog )), (9)

where P0 represents the transmission power of the MC. kog
denotes the traveling distance of the radio wave in the envi-
ronmental object og, which depends on the relative positions
of MC, sensor, and og . The coefficient ηog represents the wave
penetration coefficient of the og . A value of ηog = 1 indicates
that radio waves cannot penetrate the object, while ηog < 1
suggests partial penetration.

C. Cost Model

In one charging cycle, the energy consumption of the MC in-
cludes two parts: charging cost and traveling cost. SinceP0 is the
transmission power of the MC, the charging cost isP0

∑
lj∈L τlj ,

whereL is the set of sojourn location, τlj is the charging duration
at sojourn location lj . Assuming that etr and γ are the energy
cost of the MC per unit distance and the total traveling distance in
one charging cycle, respectively, the traveling cost is expressed
as etrγ.

Thus, the total cost of the MC in one charging cycle is:

C = P0

∑
lj∈L

τlj + etrγ. (10)

D. Charging Utility Model

Limited by the sensor’s electric circuits and the number of
antenna coils, the power of radio waves received by sensors
typically reaches a saturation state. This implies that the received
power cannot exceed a certain threshold [24], [37]. We assume
that there is a power threshold Pth. Then, we calculate the
charging utility for a single sensor si as follows:

u(Psi) =

{
1

Pth
· Psi , Psi < Pth,

1, Psi ≥ Pth.
(11)

It can be seen that the normalized charging utility of si is
initially proportional to its received power and then stabilizes at
a constant value once the received power exceedsPth. Then, for a
sojourn location set H (which also represents the charging path)

containing a limited number of sojourn locations, the overall
charging utility is:

U(H) =
∑
lj∈H

u(lj), (12)

where, u(lj) =
∑

si∈Slj
u(Psi).

E. Problem Formulation

In this paper, we aim to design a charging scheduling scheme
that utilizes the multipath effects resulting from the environ-
mental objects to maximize the overall charging utility for all
sensors in practical scenarios. Formally, we define the problem
of charGing schEduling with mulTipath effectS (GETS) as
follows:

(P1) maximize U(H) =
∑
lj∈H

u(lj),

s.t. si ∈ S, lj ∈ Ω, si, lj /∈ og, C ≤ B. (13)

III. SOLUTION

In this section, to tackle the GETS problem, we first extract
the Maximal Covering Sets (MCS) to determine the potential
sojourn areas for the MC. Then, we divide each potential sojourn
area into several subareas. Subsequently, by finding a local op-
timal position for each subarea, we identify a candidate sojourn
location within each potential sojourn area. Finally, based on
these candidate sojourn locations, we construct a shortest charg-
ing path that avoids environmental objects. Detailed methods for
these processes are presented in the subsequent subsections.

A. Extracting Maximal Covering Sets and Corresponding
Potential Sojourn Areas

In order to maximize the overall charging utility, the sojourn
locations for MC should enable it to charge as many sensors as
possible simultaneously. Due to geometric symmetry, no matter
where the MC is located within a circle centered at a sensor
with a radius equal to the longest charging distance D, the MC
can charge the sensor. We extend this principle to all sensors in
the network by drawing circles centered at sensors with a radius
equal to D. If these circles overlap, it indicates that once the MC
stays within the overlap, it can charge the corresponding sensors
simultaneously.

Based on the sensor distribution in the network, we propose
the following definition:

Definition 1: Maximal Covering Set (MCS): given a set of
sensors Slj covered by the MC staying at sojourn location lj ,
if there does not exist a sojourn location lh where MC stays at
such that Slh ⊃ Slj , Slj is called Maximal Covering Set.

Definition 2: Potential Sojourn Area: given an MCS, if there
is an area, no matter where the MC stays within it, all sensors in
the MCS can be charged by the MC, we refer to this area as the
potential sojourn area of the MCS.

Fig. 4 depicts an example with two sensors, s1 and s2, along
with an environmental object, og . It can be seen that the circles of
s1 and s2 deformed due to the presence of og. When MC stays at
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Fig. 4. Extracting MCS and corresponding potential sojourn area.

Fig. 5. Dividing the potential sojourn area.

any location within the overlap γ of these two deformed circles,
it can simultaneously charge both sensors, s1, s2. Therefore, in
Fig. 4, the MCS is s1, s2, and the corresponding potential sojourn
area is γ.

B. Dividing the Potential Sojourn Areas

By extracting the MCSs, we can find out all the potential
sojourn areas in the network. However, slight changes in the
MC’s location within each potential sojourn area may alter
the number of the reflected waves received by each sensor in
the corresponding MCS, resulting in variations in the number of
constructive curves between sensors and environmental objects.
This is due to the changes in the positional relationships between
the MC and each sensor, as well as between the MC and nearby
environmental objects. This variability in wave reception com-
plicates the determination of a certain candidate sojourn location
for the MC within each potential sojourn area. To address this
challenge, we aim to divide each potential sojourn area into
several types of subareas based on the positions of both the
sensors and environmental objects. This division ensures that
the number of constructive curve groups within each type of
subarea is different.

In particular, based on the positional relationships between
sensors and objects, potential sojourn area can be divided into
the following four types of subareas:

Non-reflection Subarea is the subarea where no constructive
curves exist. When the MC stays within a non-reflection sub-
area, all sensors in the corresponding MCS can not receive any
reflected waves from environmental objects, only direct waves
from the MC. For example, γ∅ in Fig. 5 is a non-reflection
subarea. If the MC is scheduled to stay within it, sensors s1 and
s2 can not receive any reflected wave from og .

1-Reflection Subarea is the subarea that contains at most
one group of constructive curves. When the MC stays within

a 1-reflection subarea, only one sensor in the corresponding
MCS can receive a reflected wave from an environmental object.
For instance, γg

1 in Fig. 5 is a 1-reflection subareas. If the MC
is scheduled to stay within it, only s2 can receive a reflected
wave from og, which means that, at most, only one group of
constructive curves may exist within this subarea. Similarly, γg

2

is also a 1-reflection subarea.
2-Reflection Subarea is the subarea that contains at most two

groups of constructive curves. There are two possible situations
when the MC stays within a 2-reflection subarea: one situation
is that only one sensor in the corresponding MCS can receive
reflected waves from two environmental objects, and the other
situation is that two sensors in the corresponding MCS can
receive reflected waves from one environmental object. For
example, γg

1,2 in Fig. 5 is a 2-reflection subarea. If the MC is
scheduled to stay within it, both sensors s1 and s2 can receive
the reflected waves from og . This means that, at most, two groups
of constructive curves exist within γg

1,2.
m-Reflection Subarea is the subarea that may containm (m >

2) groups of constructive curves. For example, consider a sub-
area where the MC stays, and two sensors in the corresponding
MCS can receive reflected waves from two nearby environmen-
tal objects. This subarea may contain at most four groups of
constructive curves, making it a 4-reflection subarea.

For any MCS in the network, after dividing its potential
sojourn area into four types of subareas, we aim to find the
local optimal position within each subarea where the MC can
maximize the overall power received by the sensors in the MCS.
Then, we select the one among all local optimal positions as the
candidate sojourn location of the MCS. The specific method for
finding local optimal positions is detailed in the next subsection.

C. Finding the Candidate Sojourn Locations Within the
Potential Sojourn Areas

After dividing a potential sojourn area, we obtain four types
of subarea that contain corresponding groups of constructive
curves. Considering the greater the number of groups of con-
structive curves, the more complex the power distribution within
each subarea, we start by finding the local optimal position in
the non-reflection subarea where no constructive curves exist.
Then, we further explore the subareas that may contain different
numbers of groups of constructive curves to identify the local
optimal position within each subarea.

Case 1. Subarea is non-reflection Subarea:
In this case, we aim to find a local optimal position within

a continuous non-reflection subarea, which implies an infinite
number of positions. Therefore, we use multiple constant seg-
ments P̄ (d) to approximate the direct power function P (d). We
properly control the number of the constant segments Q and the
endpoints z(0), . . ., z(Q) (z(0) = 0, z(Q) = D), ensuring that
the approximation error for each constant segment is less than a
given value. P̄ (d) is defined as:

P̄ (d) =

⎧⎨
⎩
P (z(1)), d = z(0),
P (z(q)), z(q − 1) < d ≤ z(q)(q = 1, 2, . . ., Q),
0, d > z(Q),

(14)
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Fig. 6. Power approximation.

Fig. 7. Dividing non-reflection subarea γ∅ into four fine-grained regions.

where z(0) = 0, z(Q) = D, and z(q) = β((1 + ε)
q
2 − 1), q =

1, . . ., Q− 1 (Q = 	 ln [((D+β)/β)2]
ln (1+ε) 
), ε is the predetermined ap-

proximation error threshold. Furthermore, we have the following
theorem to bound ε.

Theorem 1: The approximation error ε in using P̄ (d) to
approximate P (d) is subject to:

1 ≤ P (d)

P̄ (d)
≤ 1 + ε, d ≤ D. (15)

Fig. 6 illustrates the fundamental concept of approximating
the power function received by the sensor from the MC. In
this figure, the number of discrete levels Q is set to 3, z(0),
z(1), z(2), and z(3) represent the endpoints of the Q constant
segments. The charging range of the MC is discretized into
three subareas, subarea 1, subarea 2, and subarea 3. Within
each subarea, the received power is approximated as constants
P (z(1)), P (z(2)), and P (z(3)), respectively, regardless of the
sensor’s exact position. It is evident that increasing Q results
in a finer discretization of the charging region into a greater
number of subareas, thereby reducing the approximation error
and improving the accuracy of the power approximation.

After discretization, we select the fine-grained region that the
MC stays could yield the maximum total charging power re-
ceived by surrounding sensors, and randomly choose a position
within as the local optimal position. As depicted in Fig. 7, sub-
area γ∅ is discretized into four fine-grained regions: a1, a2, a3
and a4, according to the piecewise constant function P̄ (d).
Within each fine-grained region, the powers from the MC at
sensors s1 and s2 remain approximately constant, regardless of
the MC’s exact location. Obviously, the fine-grained region a2,
where the MC stays, could yield the maximum total received
charging power, indicating that the MC’s stay at a2 would result
in the maximal total charging utility. Therefore, we randomly
choose a position within it as the local optimal position of γ∅.

Fig. 8. Dividing 1-reflection subarea γg
1 into three fine-grained regions.

Fig. 9. Finding local optimal position within regions of 1-reflection subarea.

Case 2. Subarea is a 1-Reflection Subarea:
In this case, the MC staying within a 1-reflection subarea only

enables one sensor in the MCS to receive reflected waves from
one environmental object. To find the local optimal positions in
1-reflection subareas, we need to jointly consider the power of
the combined wave received by this sensor and the power of the
direct waves received by the other sensors.

Similar to the non-reflection subarea, we first use the piece-
wise constant function P̄ (d) to discretize the 1-reflection subar-
eas into several fine-grained regions. Thus, for each fine-grained
region, the power of the direct waves from the MC received
by the sensors in the corresponding MCS can be regarded as
constant within a predetermined error threshold ε. For instance,
in Fig. 8, 1-reflection subarea γg

1 is discretized into three fine-
grained regions b1, b2 and b3, where the MC staying within each
region, the powers of the direct waves at s1 and s2 are constant,
respectively

Moreover, for the only sensor that receives reflected wave
from the environmental object, the specific location of the MC
within each fine-grained region determines the power of the
combined wave at it. Therefore, we focus on finding the local
optimal position on the constructive curves that will enhance
the combined power at the sensor. Depending on whether there
is a constructive curve in each fine-grained region, there are
2 different situations to consider in finding the candidate local
position: (1) the fine-grained regions contain constructive curves
(see b1 and b2 in Fig. 9(a)); (2) the fine-grained regions do not
contain constructive curves (see b3 in Fig. 9(a)).

For the fine-grained regions that contain constructive curves,
the position closest to the environmental object on the curves
is the candidate local position (see the red dot in Fig. 9(b)).
The rationale is that the higher the power of the reflected wave
involved in the interference, the higher the combined power
received by the sensor.
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Fig. 10. Finding local optimal position within regions of 2-reflection subarea.

For the fine-grained regions that contain no constructive
curves, the position closest to the nearest constructive curve
within the subarea is the candidate local position (see the red
dot in Fig. 9(c)). This is because it is the most likely position
for constructive interference between reflected waves and direct
waves at the sensor.

After identifying all candidate local positions within the
1-reflection subarea, we calculate the total charging utility at
each position. Among these candidates, we select the position
that yields the maximum charging utility as the local optimal
position.

Case 3. Subarea is 2-Reflection Subarea:
In this case, we also first discretize the subarea into several

fine-grained regions where the MC staying enables sensors in
the corresponding MCS to receive a constant power of the direct
waves from it.

Before presenting our approach to finding the candidate local
position in each fine-grained region, we would like to point out
that two scenarios can form the 2-reflection subareas: (1) one
environmental object is near two sensors (see γg

1 in Fig. 5);
(2) two environmental objects are near one sensor (see γ1,2

3

Fig. 10(a)). Intuitively, finding the local optimal position within
a 2-reflection subarea is more challenging than within a 1-
reflection subarea, especially in scenarios with two environmen-
tal objects. In such a scenario involving multiple environmental
objects, the wave emitted by the MC may undergo multiple re-
flections between these objects. However, with each propagation
and reflection, the intensity of the wave attenuates significantly
and becomes very weak after multiple reflections. Taking this
into account and following [38], we ignore the waves that are
reflected multiple times between environmental objects.

Thus, the core concept behind determining the local optimal
position within the 2-reflection subareas is to concentrate on the
intersections of the constructive interference curves generated
by the waves from the MC and the primary reflected waves. For
clarity, the term “reflected wave” in the subsequent discussion
specifically refers to the primary reflected wave.

The reason behind this is that when the MC stays at an
intersection of constructive curves, for the scenario with one
environmental object, the direct waves and the reflected waves
constructively interfere at the two sensors simultaneously; for
the scenario with two environmental objects, the direct waves
and the reflected waves from different objects constructively
interfere at the sensor at the same time.

In particular, based on whether there is an intersection of
constructive curves in each fine-grained region, there are 2

different situations to consider in finding the candidate local
positions: (1) the fine-grained regions contain the intersection of
constructive curves; (2) the fine-grained regions do not contain
the intersection of constructive curves;

In the first situation, we need to compare all intersections,
and the one that can yield the maximum total power received
by surrounding sensors will be identified as the candidate local
position (see red dots in Fig. 10(b)).

In the second situation, we choose the position closest to the
nearest intersection as the candidate local position within it (see
red dot in Fig. 10(c)). The reason behind this is the closer the
MC is to the intersection, the more likely the direct waves will
completely constructively interfere with the reflected waves at
the corresponding sensors.

After identifying all the candidate local positions in the 2-
reflection subarea, we select the one with the maximum total
charging utility among them as the local optimal position.

Case 4. Subarea is m -Reflection Subarea:
In scenarios where multiple environmental objects are lo-

cated near several sensors, m-reflection subareas (m > 2) may
emerge. Notably, a large number of environmental objects will
yield a series of different m-reflection subareas and there are
many constructive curves within each m-reflection subarea.
Consequently, identifying each local optimal position from the
intersections of the constructive curves within each m-reflection
subarea will result in very high computational complexity.

Note that, in real-world scenarios, the distance between each
environmental object and each sensor, as well as the reflection
coefficient of each object, will be various. As a result, the
intensity of the reflected waves propagating at each sensor will
be different. Obviously, reflected waves with lower intensities
have a diminished impact on the combined power received by
the sensor. To address the computational challenges posed by
complex environments, a more efficient strategy is to priori-
tize high-intensity reflected waves. Specifically, we select the
strongest n reflected waves and determine the local optimal
position of the m-reflection subareas by finding the intersection
points of the corresponding constructive curves. It is evident that
a larger value of n allows for the constructive interference of
more reflected waves with the waves from the MC at the sensor,
enhancing the overall charging utility. However, this comes at the
cost of higher computational complexity. Conversely, a smaller
value of n improves computational efficiency but may not fully
capture the benefits of all reflected waves. In Section V-D,
we conduct field experiments in the scenario with multiple
environmental objects to validate the effectiveness of our ap-
proach. The results verify that only considering the reflected
waves from 2 or 3 environmental objects could significantly
improve the charging performance while considering more en-
vironmental objects has a minimal effect on further performance
improvement.

After determining the local optimal position within each
subarea of a potential sojourn area, we select the position with
the highest total charging utility as the candidate sojourn location
for the corresponding MCS. This position is then added to
the candidate sojourn location set L to construct the charging
path.
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D. Constructing Charging Path With Environmental Objects

Since the battery capacity B of the MC is limited, it may
not be able to visit all candidate sojourn locations. Additionally,
environmental objects may obstruct the paths between certain
sojourn locations. Therefore, we reformulate our GETS problem
as: how to select a subset of candidate sojourn locations to
construct the shortest charging path H to maximize the overall
charging utility U(H), under the constraint of limited battery
capacity of the MC.

(P2) maximize U(H) =
∑
lj∈H

u(lj),

s.t. si ∈ S, lj ∈ H, si, lj /∈ og,

H ⊆ L, C ≤ B. (16)

Definition 3: (Nonnegativity, Monotonicity, and Submodu-
larity). Given a non-empty finite set S, and a function f defined
on the power set 2S ofS with real values. f is called nonnegative,
monotone, and submodular if and only if it satisfies the following
conditions, respectively:
� Nonnegativity: f(∅) = 0 and for any X ⊆ S, f(X) ≥ 0.
� Monotonicity: for all X ⊆ Y ⊆ S, f(X) ≤ f(Y ); or for

any X ⊆ S and e ∈ S\X , f(X ∩ e)− f(X) ≥ 0.
� Submodularity: for anyX ⊆ Y ⊆ S and e ∈ S\Y , f(X ∩
{e})− f(X) ≥ f(Y ∩ {e} − f(Y ).

Theorem 2: The objective function U(H) is nonnegative,
monotone, and submodular.

Proof: To verify whether the U(H) is a submodular func-
tion, we need to prove that U(H) satisfies the conditions in
Definition 3.

1. According to (11) and (12), it is evident that U(∅) = 0,
as there are no sojourn locations for the MC to stop and
charge the sensors. Only when there is at least one sojourn
location for the MC to charge the sensors does the charging
utility become greater than zero. Therefore, for X ′ �= ∅,
U(X ′) > 0, indicating that U(H) is nonnegative.

2. It is also evident that adding a new sojourn location to
the charging path increases the overall charging utility, as
defined by U(H) in (12). Given a virtual charging path
X ′ ⊆ X , we have:

U(X ′) ≤ U(X), (17)

which confirms that the function U(H) is monotone.
3. For any sojourn location sets X ′ ⊆ X ⊆ S, we aim to

prove that

U(X ′ ∪ l)− U(X ′) ≥ U(X ∪ l)− U(X), l ∈ S\X.
(18)

From (12), we observe thatU(H) is an increasing function
because adding more sojourn locations provides higher
charging utility. Therefore, we have:

U(X ′ ∪ l)− U(X ′) = U(X ∪ l)− U(X) = U(l).
(19)

Thus, the function U(H) is submodular.
Then, U(H) is proved to be nonnegative, monotone, and

submodular. �

Due to the properties of our objective function, we adopt a
greedy-based strategy to construct the charging path. The basic
idea is: we greedily select a candidate sojourn location belonging
to the candidate sojourn location set that can maximize the
utility-cost ratio in each iteration:

l∗j = arg max
lj∈L\H

U(H ∪ {lj})− U(H)

C(H ∪ {lj})− C(H)
, (20)

where L is the set of the candidate sojourn locations that have
not been added to the charging path, and H represents the set of
sojourn locations in the path. U(H ∪ {lj})− U(H) represents
the charging utility benefit gained by adding lj , C(H ∪ {lj})−
C(H) the corresponding increase in battery consumption.

After a new sojourn location is selected, we use the Obstacle
Avoidance (OA) algorithm [26] to calculate the distance between
it and other sojourn locations as well as the BS without crossing
any environmental objects. Then, we construct an initial shortest
charging path that includes the selected sojourn locations by
using the nearest neighbor rule [39] to approximate the travel
cost. Through continuous iteration, until the residual battery
of the MC cannot support serving more sojourn locations, the
shortest charging path that can avoid obstacles can be obtained.

Theorem 3: With a slightly relaxed budget, our scheme is
better than 1

2 (1− e−1) of the optimal solution to the GETS
problem.

Proof: First, in Algorithm 1, we use discretization to discrete
the sojourn area for MC, according to Theorem 1, (11) and (12),
the P2 problem can be reformulated as:

(P3) maximize U(H) =
∑
lj∈H

u(lj) =
∑
lj∈H

∑
si∈Slj

P̄ (d),

s.t. si ∈ S, lj ∈ Ω, si, lj /∈ og, C ≤ B. (21)

Suppose the optimal solution achieves the maximum power,
then we have Popt = P (d), according to Theorem 1. Thus, we
derive P̄ (d) ≥ P (d) · 1

1+ε , indicating that the total charging
time for our scheme is no longer than 1

1+ε times the optimal
charging time. Consequently, the charging cost incurred by our
scheme does not exceed 1

1+ε of the optimal charging cost.
Since the nearest-neighbor strategy is used to construct the

charging path and it has been proven to yield a path length
shorter than 1

2	lg(n)
+ 1
2 times the optimal path length [39].

As the traveling cost is proportional to the charging path length,
the traveling cost of our scheme is guaranteed to be lower than
1
2	lg(n)
+ 1

2 times the optimal traveling cost.
Therefore, the overall approximation ratio of our scheme is

max{(1 + ε)−1, 1
2	lg(n)
+ 1

2}.
According to [40], with a slightly relaxed budget
α(1+α(Kc−1)(1−kc))

max (1+ε)−1, 1
2 	lg(n)
+ 1

2Kc
B, our scheme achieves an approxi-

mation ratio of 1
2 (1− e−1) of the optimal solution.

Here, α is defined as α = minx minA,B:A⊆B
C(x|A)
C(x|B) , where

kc represents the total curvature of a submodular function,
given by kc = 1−minlj∈H

C(lj |H\lj)
C(lj)

, and Kc is the maximum
cardinality of H satisfying C ≤ B. �

Authorized licensed use limited to: Shaanxi Normal University. Downloaded on April 14,2026 at 12:17:39 UTC from IEEE Xplore.  Restrictions apply. 



GAO et al.: UTILIZING MULTIPATH EFFECTS FOR MOBILE CHARGING 8677

TABLE II
SIMULATION PARAMETERS

IV. SIMULATIONS

In this section, we conduct simulations to evaluate the perfor-
mance of our GETS scheme on different sojourn locations with
various environmental objects.

A. Simulation Setup

In simulations, we randomly deploy 2-5 sensors around a
PoI (Point of Interest), each with a battery capacity of 50J .
Additionally, 1-4 environmental objects made of different ma-
terials (i.e., wood, brick, and metal) and shapes (i.e., cylindrical
and rectangular) are randomly distributed around the sensors.
The reflection coefficients of wood, brick, and metal are set to
0.1, 0.5, and 0.98, respectively [41]. The MC’s transmission
power P0 is set to 3 W, and its wavelength is set as 32.8 cm,
according to the commodity off-the-shelf TX91501 wireless
charger produced by Powercast [28]. The other parameters used
in our simulations are set as α = 9.5, β = 6, ε = 0.2, and
Pth = 20 mW. All simulation results are the average values
from 100 trials with random sensor deployments and environ-
mental object distributions. Table II lists the parameters used
in the simulation, which will be applied as the default settings
unless stated otherwise.

To evaluate the effectiveness of the GETS scheme, we com-
pare it with the following three charging algorithms:

Maximized charging utility with Constructive Curves (MCC)
is a charging algorithm that considers the multipath effects. After
discretizing the potential charging area into several subareas,
MCC selects the subarea that could maximize the additive power
of the surrounding sensors then identifies the position on the
constructive curves that can generate the strongest reflection
wave and schedules the MC to stay at this position.

Maximized charging utility with Blocking Esffects (MBE) [25]
is a charging algorithm that considers the blocking effects of
environmental objects on waves but does not account for the
multipath effects.

Maximized charging utility with Wave Reflection (MWR) [27]
is a charging algorithm that leverages wave reflection to extend
the charging range of the MC, enabling both line-of-sight and
non-line-of-sight charging. It is important to note that MWR
does not account for the multipath effects induced by wave
reflection during the charging process.

Randomized Sojourn Location (RSL) randomly chooses a
position within the potential sojourn area as the sojourn location
of the MC.

B. Performance Comparisons

In this subsection, the default number of sensors is set to 2,
and the default number of environmental objects is set to 1, with
the material being metal.

Impact of number of sensors N : The simulation results show
that, on average, GETS outperforms MCC, MBE, MWR, and
RSL by 13.62% , 23.18% , 22.92% , and 95.72% , respectively,
in terms of N. As shown in Fig. 11(a), GETS achieves the highest
overall charging utility. This is because it carefully selects the
sojourn location for the MC to ensure that the reflected waves and
the direct waves constructively interfere at sensors. Furthermore,
since the MCC algorithm considers the multipath effects, it
performs better than MBE, MWR and RSL.

Impact of number of environmental objects M : The simula-
tion results show that, on average, GETS outperforms MCC,
MBE, MWR, and RSL by 10.05% , 19.96% , 20.26% , and
92.78% , respectively, in terms of M. As illustrated in Fig. 11(b),
the overall charging utility achieved by GETS slightly increases
with the number of environmental objects. This demonstrates
that our GETS scheme can effectively leverage varying numbers
of environmental objects to enhance charging performance and
remain robust across different charging environments.

Impact of object’s materials: The simulation results show
that, on average, GETS outperforms MCC, MBE, MWR, and
RSL by 9.4% , 22.7% , 21.25% , and 98.21% , respectively,
in terms of the materials of the objects. From Fig. 11(c), we
can observe that since the environmental objects with higher
reflection coefficients generate stronger reflected waves, our
GETS scheme performs better when the environmental object
is made of metal compared to other materials, and its advantage
over the other three algorithms is even greater.

Impact of transmission powerP0: The simulation results show
that, on average, our algorithm GETS outperforms MCC, MBE,
MWR, and RSL by 20.21% , 41.94% , 42.69% , and 108.19%
, respectively, in terms of P0. It can be seen from Fig. 11(d)
that the overall charging utilities achieved by all the algorithms
increase with P0. Our GETS scheme consistently demonstrates
superior performance, which verifies its suitability to WRSNs
employed with different chargers.

V. FIELD EXPERIMENTS

To further verify the effectiveness of our GETS scheme in
practical applications, we first conduct outdoor field experi-
ments, followed by indoor field experiments. Finally, we verify
the adaptability of our scheme to complex environments in
scenarios involving multiple environmental objects.

A. Testbed

Our testbed consists of an MC equipped with a TX91501
wireless power transmitter and a battery with a capacity of
2,000 KJ [11], 8 rechargeable sensors with a capacity of 50J ,
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Fig. 11. Simulation results.

Fig. 12. Testbed.

TABLE III
FIELD EXPERIMENT PARAMETERS

Fig. 13. Diagram of indoor experimental fields.

an AP connected to a laptop to collect information delivered
by the sensors, as shown in Fig. 12. The moving cost of the
MC is 50 J/m [11]. All the power transmitters, sensors, and AP
are produced by Powercast [28]. We list all the parameters in
Table III, which will be applied as the default settings unless
stated otherwise.

B. Indoor Experiments

We conduct indoor experiments in the hall of a teaching
building, with dimensions of 5 m ∗ 7 m. As shown in Fig. 13,

Fig. 14. 4 PoIs of indoor experiments.

Fig. 15. The indoor experiment results.

the charging path includes four Points of Interests (PoIs), and
the total length of the path is 9.4 m. For each PoI, we placed
two sensors to monitor temperature, humidity, and other envi-
ronmental information. These PoIs are located as follows: PoI-1
is near a wooden bookshelf. PoI-2 is near a metal board. PoI-3
is situated adjacent to a wall. PoI-4 is placed next to a metal
ashcan and a wall, as depicted in Fig. 14.

Fig. 15(a) shows the results of the charging utility achieved by
the four algorithms at each PoI. On average, GETS outperforms
MCC, MBE, MWR, and RSL by 8.38% , 52.19% , 50.88% , and
124.04% , respectively. It also can be seen that the GETS and
MCC, which consider multipath effects, have relatively greater
advantages at PoI-2 and PoI-4, where metal environmental ob-
jects are distributed.

Fig. 15(b) presents the results of the charging duration for
each PoI obtained by the four algorithms. On average, the GETS
scheme reduces charging duration by 30.48% , 48.67% , 48.81%
, and 72.19% , respectively, compared to MCC, MBE, MWR,
and RSL. This verifies that using our GETS scheme in indoor
scenarios can effectively reduce the charging duration.
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Fig. 16. Diagram of outdoor experimental fields.

Fig. 17. 4 PoIs of outdoor experiments.

Fig. 18. The outdoor experiment results.

C. Outdoor Experiments

We also conduct outdoor experiments in various scenarios
across a university campus. As shown in Fig. 16, an MC starts
from a Base Station (BS) to visit the four PoIs to charge
surrounding sensors sequentially, then return to the BS before
exhausting its energy. Similar to indoor experiments, we placed
two sensors around each PoI, the specific situations of these four
PoIs are shown in Fig. 17: PoI-1 is positioned adjacent to a metal
lamp post. PoI-2 is near a cylinder pillar and stairs. PoI-3 is on
an empty playground. PoI-4 is near a square pillar. The total
length of the charging path is 2.46 km.

Fig. 18(a) compares the charging utility yielded by the four
algorithms. On average, GETS outperforms MCC, MBE, MWR,
and RSL by 18.16% , 45.71% , 46.61% , and 132.02% , respec-
tively. It can be seen that, except for the PoI-3, which has no
environmental objects nearby, the GETS scheme achieves the
best performance regardless of the number of environmental

Fig. 19. Multiple objects experiment.

objects (whether 1 or 2), their material, or their size near the
other PoIs.

Fig. 18(b) compares the charging duration obtained by the
four algorithms at each PoI. On average, compared to MCC,
MBE, MWR, and RSL, GETS reduces the charging duration by
31.57% , 40.64% , 41.71% , and 75.08% , respectively. Similar to
indoor experiments, our GETS scheme still achieved the shortest
charging duration.

D. Multiple Environmental Objects Experiments

To validate the proposed method for determining the can-
didate sojourn location in scenarios where multiple environ-
mental objects are located near several sensors (see Case 4 in
Section III-C), a field experiment is conducted.

As shown in Fig. 19, a PoI with two sensors is surrounded by
various environmental objects, including a metal garbage can,
a metal fire extinguisher, a plastic paper shredder, a wooden
stool, and a wooden desk. Two sensors are positioned near the
PoI to monitor environmental parameters such as temperature,
humidity, and other related data.

First, we determine the MC’s sojourn location without con-
sidering any environmental objects as a baseline. Next, we
include the metal garbage can, which has the highest reflection
coefficient and is positioned closer to the sensors than the other
environmental objects, to refine the sojourn location. Finally, we
incrementally add one environmental object at a time, prioritiz-
ing those with higher reflection coefficients and closer proximity
to the sensors, until all environmental objects are considered.

The results of the charging utility under varying numbers of
considered environmental objects are shown in Fig. 20. It can
be observed that the overall charging utility increases rapidly
at the beginning and gradually stabilizes. This confirms that, in
this experimental scenario, considering two environmental ob-
jects that generate strong reflected waves (e.g., a metal garbage
can and a metal fire extinguisher) can significantly enhance
the power intensity received by sensors, while taking more
environmental objects into account and contribute very little to
further improving charging efficiency. Thus, we can conclude
that applying our GETS scheme in complex scenarios can
achieve satisfactory charging performance while maintaining
low computational complexity.
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Fig. 20. The multiple objects experiment.

VI. RELATED WORK

In this section, we provide a review of the existing literature on
charging scheduling strategies and wireless charging techniques
in the presence of environmental objects.

A. Charging Scheduling

In the field of mobile charging, many scheduling schemes
have been proposed. Lin et al. [42] developed a directional
charging scheme aimed at minimizing charging delays. They
enhanced the energy transfer model by introducing linear con-
straints and designed an approximation algorithm to address
the problem of charging delay minimization. In [6], Liu et al.
devised a charging scheduling algorithm based on reinforce-
ment learning to charge mobile devices with non-deterministic
mobility. Ren et al. [11] observed energy leaking behind the
directional charger. To make full use of this part of the energy,
the authors built a charging model considering the back lobe
of the charger and proposed a charging scheduling scheme to
minimize the number of dead sensors and maximize energy
usage effectiveness. Sun et al. [17] investigated the impact of
dynamic environments where sensor locations drift randomly
within a certain range. Recognizing that location deviations
exhibit distinct behaviors over short and long terms, they noted
that relying solely on long-term expectations could significantly
reduce charging efficiency in the short term. Huang et al. [21]
considered the unpredictable events in dynamic networks and
designed an adaptive charging scheme with a rapid data-sharing
protocol for the network with varying energy consumption. To
avoid the unpredictable events-induced cumulative change that
may cause the deaths of some sensors, they designed a mobile
adaptive charging scheme with a rapid data-sharing protocol
for WRNs with varying energy consumption. In [43], Wu et
al. explored cooperative scheduling for directional charging
considering spatial occupation and proposed an approximation
algorithm to minimize the overall charging cost. Lin et al. [44]
proposed a cost-efficient approximation algorithm to maximize
charged energy in a 3-D WRSN with energy constraints where
a UAV is employed for energy replenishment. In [45], Sun et
al. jointly scheduled the MCs freeloading or executing charging
tasks to improve the energy efficiency of the whole network.

Although these studies have explored efficient mobile charg-
ing strategies across various scenarios, they have overlooked the

multipath effects induced by ubiquitous environmental objects in
real-world applications. This omission leads to two limitations.
First, the absence of multipath considerations results in a sig-
nificant discrepancy between the theoretically expected power
received by the sensor and the actual power it obtains when
the proposed charging scheduling schemes are deployed. This
discrepancy can degrade charging efficiency and overall network
performance. Second, existing approaches fail to leverage the
constructive interference of waves propagating along multiple
paths, which could otherwise be exploited to enhance the charg-
ing utility of the network.

B. Environmental Objects Issue in Wireless Charging

Recently, a few pioneering researchers have begun to focus
on the impact of environmental objects on the charging pro-
cess. In [24], Wang et al. noticed that objects can block the
transmission of radio waves so that sensors located between
objects and chargers can not receive any power. Based on this
premise, they proposed a charger deployment scheme aimed
at maximizing charging utility. You et al. [25], demonstrated
that radio waves can penetrate various objects with different
attenuation coefficients. They designed a charger deployment
scheme to maximize overall charging utility in scenarios where
sensors are distributed on a 2D plane with obstacles of arbi-
trary shapes and materials. In [46], [47], Lin et al. concen-
trated on how to utilize the wave diffraction caused by en-
vironmental objects. They proposed a charging scheme based
on the Fresnel model to maximize charging utility. Yang et
al. [27], considered wave reflection on environmental objects
and proposed a charging scheduling scheme that adapts to both
line-of-sight and non-line-of-sight charging by leveraging wave
reflections.

While these studies have begun to consider environmental
objects, their understanding of their impact on the actual power
received by sensors remains incomplete. They overlooked the
multipath effects resulting from wave reflections by environ-
mental objects, which hinder the sensors from achieving the
maximum possible charging utility through constructive wave
interference. This oversight has prevented them from fully uti-
lizing ubiquitous environmental objects to improve charging
performance.

VII. CONCLUSION

In this paper, we focus on designing a charging schedul-
ing scheme that leverages the multipath effects induced by
environmental objects. First, we build a charging model that
considers multipath effects to investigate power distribution
within a practical charging scenario. Then, based on this model,
we propose a scheme that determines the sojourn locations
and constructs a charging tour avoiding obstacles, achieving a
1
2 (1− e−1) approximation ratio to the optimal solution with a
slightly relaxed budget. Extensive simulations and field exper-
iments demonstrate the superior performance of our scheme in
several real-world scenarios.
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