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WLARS: Workload-Aware Recharge Scheduling
Mechanism for Improving Surveillance Quality in

Wireless Rechargeable Sensor Networks
Bhargavi Dande , Chih-Yung Chang , Member, IEEE, Shih-Jung Wu, and Diptendu Sinha Roy

Abstract—With radio frequency (RF), the mobile charger
(MC) can wirelessly transmit energy to the sensor nodes
in the network. The wireless energy transfer enhances the
lifetime of sensor nodes in wireless rechargeable sensor
networks (WRSNs). Most of the studies improved the effi-
ciency of MC or perpetuated the lifetime of WRSNs. At the
same time, none of the studies focused on considering the
spatial and temporal surveillance qualities (STSQs) of each
sensor recharged. Therefore, this article proposed an effi-
cient energy recharge scheduling for MC, aiming to maximize
the STSQ of the given network. Initially, sensor routing load
(RL) is considered to partition the network to distribute the
charging load of the MCs evenly. Second, the busy level of
the MC is considered to send the recharging requests to the
MC. Based on the busy level of MC, the sensors adjust the
sensing rate frequency to manage their energy. Finally, cooperation between the neighboring MCs is proposed to reduce
the waiting time for recharging requested sensors. The simulation results present that the proposed work yields the
literature in terms of STSQ, traveling distance, average waiting time (AWT), and energy usage efficiency.

Index Terms— Mobile charger (MC), recharging, routing load (RL), spatial and temporal qualities, wireless rechargeable
sensor networks (WRSNs).

I. INTRODUCTION

W IRELESS sensor networks (WSNs) are comprised of
tiny sensors used in many applications, such as smart

homes [1], industries [2], and transportation [3]. However,
sensors bounded battery capacity constraints the development
of WSNs. Therefore, recharging the sensors is one of the
critical issues in WSNs. Many algorithms were proposed to
recharge the sensors in the literature [4], [5], [6], [7]. In the
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literature, these algorithms were prorated into two categories,
including offline and online recharging architectures. In the
offline architecture [8], [9], [10], [11], [12], [13], the mobile
charger (MC) moves to each sensor to recharge them. This type
of architecture did not consider the dynamic recharging sched-
ule for the old requests that have been made. It leads to an
inefficient recharging schedule for the new requests since some
sensors that sent the new requests might be very close to the
recharging path of the old requests. If the recharging path can
be dynamically reconstructed according to the new requests,
some new requests can be satisfied using only a little overhead.

A few researchers proposed online recharging architec-
tures [15], [16], [17], [18], [19], [20], [21], [22] to overcome
the limitations of offline recharging architecture. These archi-
tectures consider the real-time energy consumption (EC) of
sensors and dynamically change the path based on the sensor
requests. The sensors in the online recharging architecture
send a recharging request to the MC based on the threshold
value, that is, the real-time EC of sensors is considered.
In addition, assume that there is a sensor closer to the MC
path, and it sends the recharging request. The MC includes
the newly requested sensor in its path, reducing the MCs
moving length and energy consumed. These online recharg-
ing architectures are suitable for high-demand applications.
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Fig. 1. Example to illustrate the STSQs representation.

Designing the threshold value in this type of architecture is
very important. Our previous works [23], [24], [25], [26]
considered the MCs recharging and moving times to determine
the charging threshold value of sensors. As an extension of our
previous study [26], this article designed the threshold value
based on the queuing theory (QT).

A study [21] investigated the MC schedule based on the
energy needed by each cluster in the network. In addition,
this study also considered multicharger cooperation based on
the distance between the clusters. Study [22] considered the
mean waiting time and charging tours. This study adopted
the fuzzy logic to schedule the MC. The cooperation between
MCs is considered in this study based on remaining energy,
sensor density, and critical node degree parameters to sched-
ule the MC. However, these studies did not consider the
network’s spatial and temporal surveillance quality (STSQ).
Different from the above-related works [21], [22], [23], [24],
[25], and [26], this article considered the STSQ provided
by each recharging requested sensor. Although the existing
studies [27], [28], [29], and [30] considered the STSQ, the pro-
posed workload-aware recharge scheduling (WLARS) algo-
rithm measured STSQ based on the ant pheromone algorithm,
which is different from the abovementioned studies.

A detailed description of STSQ calculation is presented in
the following. The sensors in wireless rechargeable sensor
networks (WRSNs) sense data according to the schedule and
forward the sensed data to the base station (BS). For example,
any user wants to calculate the “spatial surveillance quality
(SSQ) in location X at 11:00 A.M.” As shown in Fig. 1, there
is no sensor deployed in location X , but the sensors s j and sk
are closer to location X . Compared to the sensor sk , we have
d(X, s j ) < d(X, sk). Therefore, the BS will use the data
collected by the closest sensor s j at 11:00 A.M. for better
SSQ accuracy.

Similarly, the temporal SQ is presented in the following.
For instance, any user wants to know the “temporal SQ
in location Y at time 10:35 A.M.?” As shown in Fig. 1,
there is a sensor si deployed at location Y , but it is not
sensing at 10:35 A.M. Therefore, the closest sensing time
slot, i.e., 10:30 A.M. compared to 10:45 A.M., will represent
location Y ’s temporal SQ for better temporal SQ, as shown

in the database table. From the spatial and temporal quality
calculation examples, it should be noted that SQ will be
lower if the spatial and temporal distances are larger, which
is like the concept of ant pheromone algorithm. This article
proposed a WLARS mechanism for improving SQ in WRSNs,
called WLARS. In this study, the network is partitioned based
on the sensor’s routing load (RL).

When the MC receives many recharging requests from
sensors, it calculates the spatial surveillance contribution of
each requested sensor. Then, it recharges the sensors with
higher SSQ, aiming to improve the spatial quality. Then, the
threshold value is determined based on the QT concept, and
the sensor battery is constrained based on the MC busy level.
In addition, this study also considered that MC could choose
adaptive buffers such as offline and online recharging paths
(i.e., hybrid mechanisms). Cooperation between neighboring
MCs is also proposed, aiming to reduce the latency of the
recharging sensors, which can improve both the STSQs.
The contributions of the proposed WLARS are presented as
follows.

A. Designing the Threshold Value Based on the
QT Concept

In our previous work [26], the charging and moving times of
the sensors on the path are considered to estimate the threshold
value. However, it is not suitable for large-scale networks.
Therefore, this study adopted the QT concept to determine
the threshold value of sensors in large-scale networks.

B. Considering the Busy Levels of MC
This study considered the busy levels of MC to send the

recharging request, that is to say, the sensor’s battery is
adjusted according to the busy level of MC by adjusting
its sensing frequency. It will reduce the recharging requests
received by the MC, reducing the network traffic and saving
the EC for packet forwarding.

C. Considering the STSQs of the Network
Unlike the existing studies [21] and [22], this study con-

sidered the network’s STSQ. In this study, the sensors with
higher SSQ will be given higher priority for recharging, and
sensors will adjust their sensing rate frequency to maximize
the temporal SQ.

D. Considering the Adaptive Buffer and Cooperation
(ABC) Between MCs

In this article, the hybrid (online and offline) mechanism,
i.e., adaptive buffer for MC, is designed. The MC can choose
its path according to the application type. The cooperation
between the MCs is considered to reduce the charging latency
of the recharging requested sensors.

The remainder of this article is organized as follows.
Section II reviews the offline and online recharging architec-
tures. The system model and problem statement are detailed in
Section III. Sections IV and V present the proposed WLARS
algorithm and the performance evaluations. Finally, Section VI
presents the conclusion and future work of this study.
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II. RELATED WORKS

In the literature, the recharging architectures of WRSNs
were divided into two types: offline [8], [9], [10], [11],
[12], [13], [14] and online [15], [16], [17], [18], [19], [20],
[21], [22], [23], [24], [25], [26]. Some of the related works
will be reviewed in the following.

A. Offline Recharging Architectures
In the offline recharging architecture, the MC constructs the

predetermined charging schedule and recharges the sensors
periodically, aiming to extend the lifetime of sensor nodes.
Study [8] considered the MCs tour planning and depot posi-
tioning. In addition, this study aimed to reduce the number
of MCs used. Study [9] proposed periodic charging and path
planning of MC with time slot scheduling. This study aimed to
reduce the unnecessary roaming of the MC based on the fine-
grained node classification scheme. Similar to the study [9],
periodic charging planning for MC considering the limited
traveling energy is proposed in [10]. Another study [11]
adopted a genetic algorithm to propose the charging scheme,
where sensors were partially charged at each round. This study
aimed to reduce the dead nodes and the charging time of the
sensor.

A study [12] proposed a periodic recharging algorithm to
maximize the recharging benefit. In addition, this study aimed
at reducing the dead nodes and maximizing the energy effi-
ciency of MC based on the distributed scheduling algorithm.
Another study [13] proposed an intelligent charging scheme to
select the appropriate charging node. This study constructed
the path of MC and aimed to optimize the system utility.
A study [14] proposed a recharging scheduling algorithm by
considering the weight of the grid. This study prioritized
the sensors with higher coverage contributions and recharged
them to achieve higher SQ. Although the studies mentioned
above [8], [9], [10], [11], [12], [13], [14] proposed periodic
charging mechanisms, these architectures are unsuitable for
on-demand applications.

B. Online Recharging Architectures
In these architectures, the MC considered the real-time

requests from the sensors. The sensors can send the recharging
request to the MC according to their current energy profiles.
Then, the MC will dynamically change the recharging sched-
ule and construct a new recharging path. A study [15] pro-
posed a hybrid recharging mechanism by adapting the EC of
the sensors in the online mode and optimizing the path of the
MC in the offline mode. This study investigated reducing the
charging duration of the sensors to minimize the charging
latency and waiting time. Another study [16] proposed MC
scheduling by reducing the path cost and the dead nodes
while optimizing the charging time of each node. Study [17]
proposed MC scheduling by prioritizing the sensor’s con-
tribution. In addition, this study also investigated on node
deletion scheme to remove the nodes from the path, which
did not enhance the charging performance. All the studies [15],
[16], [17] designed the single MC scheduling.

TABLE I
COMPARISON OF THE PROPOSED AND RELATED WORKS

Few works [18], [19], [20], [21], [22], and [25] proposed
multiple MC scheduling for large-scale WSNs. Study [18]
proposed a multiple MC scheduling algorithm by considering
the preemption in WRSNs to maximize the charging through-
put. Besides, this study determined the threshold value of
sensors by considering the speed of the MC, remaining energy,
and queue length. The network is divided into clusters using
the mean shift algorithm [19]. The clusters were prioritized
by considering the number of nodes and their remaining
energies. In addition, it assumed that the threshold value of
all the sensors was fixed and predetermined. Similar to [19],
study [20] proposed the charging schedule of MC with mean
drift clustering by considering the density of sensor nodes in
the network. Another study [21] investigated two threshold
values: charging and waiting time thresholds. It proposed
a multi-MCs cooperation algorithm for nonuniform network
clustering. Besides, the number of MCs is determined accord-
ing to the number of recharging requests received from the
sensor nodes. Study [22] adopted fuzzy logic and proposed
a charging schedule of MCs by considering the MCs sensor
energy and density and location of MC. It considered the MCs
remaining energy and average traveling time to determine the
charging threshold value.

However, most studies [15], [16], [17], [18], [19], [20], [21]
assumed that the charging threshold value is fixed. In the
proposed WLARS algorithm, the sensor’s STSQs are consid-
ered before MC makes the charging decision. In addition, this
article determines the charging threshold values according to
the QT concept. Furthermore, the busy levels and adaptive
buffers of MCs are also considered in the proposed WLARS
algorithm, while the studies [21] and [22] ignored them.
Table I gives a comparison between the proposed and related
works.

III. SYSTEM MODEL AND PROBLEM STATEMENT

This section presents the considered environment and for-
mulates the problem statement of the proposed work.
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Fig. 2. Network environment of the proposed work.

A. Network Environment
LetR represent the circular monitoring region with radius r .

There are n static sensors, S = {s1, s2, . . . , sn}, which have
been randomly deployed in R. Each sensor is equipped with
a rechargeable battery and is responsible for sensing the
environment and transmitting its readings to the BS based on
the routing path. Each sensor consumes energy for performing
sensing and communication tasks. Therefore, every sensor
needs to be recharged before its energy is entirely exhausted.
There is m (>1) homogeneous MC in the network, aiming
to move to sensors and recharge them. However, the energy
of MC is also limited. One stationary BS in the network
collects the sensor data and recharges the MCs. Each MC
should go to the BS before its energy exhaustion. All the
MCs are initially located at the BS. When the BS receives
the recharging request from the sensors, it will dispatch the
MCs to provide the requested sensor with the charging service.
To efficiently construct the path for MC to recharge the
sensors, the BS might dispatch the MC after receiving a set
of requests. If any sensor switches to a sleeping state due to
energy exhaustion, the network will lead to coverage loss. This
article aims to develop a workload-aware energy-recharging
schedule for MCs to achieve maximal SQ and maintain a
sustainable lifetime.

B. Recharging Model
Let Emax

S denote the maximum battery capacity of each
sensor node. Due to uneven forwarding load, each sen-
sor si in the network might have different energy discharging
rates edisch

i . In this article, two threshold values are designed
for each sensor, namely, the recharging threshold ereq

th,i and
sleep threshold emin. When the remaining energy of any
sensor reaches ereq

th,i , it will send out the recharging request.
On the other hand, when the remaining energy of any sensor
reaches emin, it will switch to a sleep state. Let ζ denote the
buffer of the MC for maintaining the requests from all sensors.
The network model of this work is shown in Fig. 2.

Let T denote the total time, which is further divided into
h time slots T = {t1, t2, . . . t j , . . . th} where the length of
each time slot ti is denoted by tunit. Let d(li ,lM ) denote the
distance between the sensor si and MC. Let rcrg denote the
charging radius of MC. Let φcrg

i, j denote the Boolean variable
to represent whether or not the MC is located in the charging

range of si at time slot t j . The value of φcrg
i, j is determined

according to the following:

φ
crg
i, j =

{
1 d (li , lM ) ≤ rcrg

0 d (li ,lM ) > rcrg.
(1)

This article uses the Friis transmission equation [31] as the
wireless charging model. Let Ecrg

i denote the total recharged
energy of the sensor si . Let P tx

crg denote the transmission power
of MC. Let ztx

crg and zrx
crg denote the transmitter and receiver

antenna gains, respectively. If φcrg
i, j = 1, the value of Ecrg

i is
calculated according to the following:

Ecrg
i = P tx

crg ×

(
λcrg

4π (d (li , lcurrent))+ βcrg
))2

×
ztx

crg × zrx
crg × σcrg

ψcrg

(2)

where λcrg represents the wavelength of the radio frequency
(RF) wave and σcrg and ψcrg denote the rectifier efficiency
and the polarization loss, respectively. Once the sensor si
is recharged, it has the energy to be consumed for sensing
and transmission. Let ES, j denote the EC for performing the
sensing task at the time slot t j . The value of ES, j is given in
the following:

ES, j = esλi, j ∗ κ (3)

where es denotes the energy consumed by perceiving unit
bit data (J/bit), λi, j denotes the data perception rate of the
sensor si at time slot t j , and κ represents the number of bits
in a packet.

Let sender si and receiver s j be a communication pair.
Assume that si sends κ bits to s j and di, j is the distance
between si and s j . Let ET, j represent the EC of si for
transmitting κ bits to s j at t j

ET, j = κε1 + κdγi, jε2 (4)

where ε1 and ε2 denote the EC per bit for the transmitting
and amplifier circuit, respectively, and γ denotes the path loss
exponent. Let ER, j denote the EC of si for receiving κ bits
from s j at t j . Let Econ

i, j be the total energy consumed by the
sensor si at time slot t j

Econ
i, j = ES, j + ET, j + ER, j . (5)

Let ξi, j be the Boolean variable representing the sensor si
that is sensing at t j

ξi, j =

{
1 if sensor si sensing at time t j

0 otherwise.
(6)

Let E rem
i, j denote the remaining energy of the sensor si at t j .

The value of E rem
i, j can be evaluated according to the following:

E rem
i, j = E rem

i, j−1 + Ecrg
i, j ∗ φ

crg
i, j − Econ

i, j ∗ ξi, j . (7)

The problem statement is presented in Section III-C.
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Fig. 3. Surveillance quality representation from space and time point of
view.

C. Problem Statement
This section presents the definition of SQ. Then, the prob-

lem formulation, goal, and related constraints will be proposed.
As shown in Fig. 3, the SQ can be examined from both space
and time points of view. Let P = {p1, . . . , pk . . . , p|P|} be the
set of points in the monitoring region R, where 1 ≤ k ≤ |P|.
Fig. 3 shows an example of calculating the SQ of any point
pk in R. The green and sky-blue dotted lines represent the
sensing range of the sensor si at t and t1 time slots. Let λpk ,i
be the Boolean variable representing the point pk that falls in
the sensing range of the sensor si . The notation λpk ,i is given
in the following:

λpk ,i =

{
1, if pk falls in the sensing range of si

0, otherwise.
(8)

This article adopts the ant pheromone algorithm to calculate
the STSQs of all points in the network. Initially, the SSQ of
point pk is presented. If point pk falls in the sensing range of
the sensor si (λpk ,i = 1), the SSQ of pk is one. Similarly,
if the point pk does not fall in the sensing range of the
sensor si , (λpk ,i ̸= 1), the SSQ is calculated based on the
distance between the point pk and sensor si . Let d(pk, si ) be
the spatial distance between point pk and sensor si . According
to the ant pheromone algorithm, the SSQ of point pk , which
does not belong to the sensing range of si , is (1−ρspace)d(pk ,si ),
where ρspace be the loss rate of SSQ per unit distance.

The following presents the temporal surveillance quality
(TSQ) calculation of point pk . If it is the case (ξi,t = 1),
the TSQ of point pk is one. On the other hand, if si is not
sensing at time t (ξi,t ̸= 1), the TSQ is calculated based on the

most recent sensing of si . Assume that the most recent sensing
time of si is t1, (ξi,t1 = 1). Then, the TSQ of the point pk
is based on the distance between the time slots t and t1. Let
d(t, t1) be the time difference between t and t1 in terms of
time slots, that is to say, the TSQ of pk is (1 − ρtime)

d(t,t1),
where ρtime denotes the loss rate of TSQ per unit of time.

Let δpk ,t be the STSQ of point pk at t . The four possible
cases of δpk ,t are shown in the following (9), as shown at the
bottom of the page.

According to (9), the STSQ of all the points in R can be
derived, that is to say, the total SQ of the network can be
calculated based on the STSQ of all the points in R overall
time instants t ∈ T . Let x be a schedule. Let Qx denote the
total SQ of the network. The value of Qx is given in the
following:

Qx
=

∑
pk∈R

∑
t∈T

δpk ,t . (10)

Let 8 denote the set of all possible schedules. Given a
schedule x ∈ 8, the proposed algorithm aims to maximize the
STSQ of all the points p ∈ R overall time instants t ∈ T . Let
Qbest be the best schedule with maximal STSQ. The objective
function is given in (11).

1) Objective Function:

Qbest
= max

x∈8

∑
pk∈R

∑
t∈T

δpk ,t . (11)

Expression (11) should be achieved under the following
constraints. Let �req

i, j be a Boolean variable to represent the
sensor si requested a charging request at t j

�
req
i, j =

{
1, E rem

i, j < ereq
th,i

0, E rem
i, j > ereq

th,i .
(12)

Let �wrk
i, j be a Boolean variable denoting that the sensor si is

awake/sleep at t j . We have

�wrk
i, j =

{
1, E rem

i, j > emin
i (working)

0, E rem
i, j < emin

i (sleeping) .
(13)

The first constraint is to ensure that each sensor si must
send the recharging request to MC. The recharging request
constraint is given in (14).

2) Recharging Request Constraint:

�
req
i, j ≥ �wrk

i, j ∀si∈S ∀t j ∈ T . (14)

The second constraint is the sensor energy recharging
constraint. This constraint ensures that each sensor battery
is fully recharged when the MC visits. Recall that Emax

S
denotes the maximum battery capacity of each sensor node.
Let Ti = [t1

i , th
i ] be the time period that MC is located in the

δpk ,t =


1, if λpk,i = 1, ξi,t = 1(
1 − ρtime)d(t,t1) , if λpk,i = 1, ξi,t ̸= 1
(1 − ρspace)d(pk ,si ) , if λpk,i ̸= 1, ξi,t = 1

(1 − ρspace)d(pk ,si ) ×
(
1 − ρtime)d(t,t1), if λpk,i ̸= 1, ξi,t ̸= 1

(9)

Authorized licensed use limited to: Tamkang Univ.. Downloaded on June 02,2023 at 09:44:54 UTC from IEEE Xplore.  Restrictions apply. 



12242 IEEE SENSORS JOURNAL, VOL. 23, NO. 11, 1 JUNE 2023

Fig. 4. (a) Equally partitioned subregions. (b) BS calculates RL of each
subregion. (c) BS compares the neighboring RL values, i.e., Ψi with Ψj
and Ψk. (d) Adjusted partitions based on RL.

charging range of si . Recall that Ecrg
i,t denote the total obtained

energy of si from the MC at t . The sensor energy recharging
constraint guarantees that each sensor can be fully recharged,
given in (15).

3) Sensor Energy Recharging Constraint:∫ th
i

t1
i

Ecrg
i,t dt ≥ Emax

S where 0 ≤ i ≤ n. (15)

IV. ALGORITHM DESCRIPTION

A WLARS mechanism is proposed in this article. The pro-
posed three phases are network planning (NP) phase, recharg-
ing request determination (RRD) phase, and ABC phase. The
NP phase partitions the network into many subregions based
on the sensor’s RL, aiming to distribute the charging load of
the MCs evenly. Each sensor determines its threshold value
based on the QT in the RRD phase. In the final phase,
the adaptive buffer of the MC and cooperation between the
neighboring MCs will be presented.

A. Network Planning (NP) Phase
This phase evenly partitions the sensors into fan-shaped

subregions such that the charging load of each MC is balanced.
Assume that the number of MCs in the network is m. In the
network initialization, the BS partitions the region into equal-
sized m subregions according to the base axis. Assuming
that m = 5, the region is partitioned into five equal-sized
subregions, as shown in Fig. 4(a).

In WSN, sensor nodes continuously execute sensing and
data forwarding operations in each round. Sensor nodes may
have different ECs due to their uneven RLs. By applying

any standard routing algorithm, the RL of all sensors in the
network can be known. The density of sensors increases more
data, which should be forwarded. It leads to the sensors with
low remaining energy.

Let 9 i denote the RL of the i th subregion. After partitioning
the region into m subregions, the RL of each partition is
calculated by BS, as shown in Fig. 4(b). Then, the RL of each
subregion is compared with the RL of neighboring subregions
in a clockwise direction.

Let 9 i , 9 j , and 9m denote RL values of three neighbors,
as shown in Fig. 4(b). The BS will compare 9 i with 9 j .
If 9 i < 9 j , the i th subregion will include some sensors
that belong to the j th subregion. Similarly, if 9 i > 9 j , the
j th subregion will include some sensors that belong to the
i th subregion. The scenario of 9 j < 9k is shown in Fig. 4(c).
All the above operations are similar when comparing 9 i
and 9m . The BS repeats the above process for all the remain-
ing subregions (i.e., from 9 j to 9m). The adjusted partitions
are shown in Fig. 4(d).

B. Recharging Request Determination (RRD) Phase
The discharging rate of each sensor highly depends on its

forwarding load. Therefore, the on-demand charging policy is
developed in this article. The value of emin is used for basic
operations, which are predetermined. In this phase, the value
of ereq,t

th,i is calculated in detail.
All the requests from the sensors in each subregion are

stored in the queue of the corresponding MC. This concept
is similar to the concept of QT. This article considers the
MCs as servers and the sensors as the clients. In this article,
M/G/1:/N/N QT model is adopted to calculate ereq,t

th,i . Let
λ and µ denote the arrival and service rates of the requested
sensors in the network, respectively. The number of servers
assigned to each subregion is one. The queue length is N ,
while the population of the network is N sensors. There-
fore, the Kendall–Lee notation (M/G/1:/N/N ) is denoted as
λ/µ/1:/N/N . Let Lq and Ls denote the average lengths of
the queue and system, respectively. Let Wq and Ws denote
the average waiting times (AWTs) in queue and system,
respectively. Assume that each MC knows all the parameters
Lq , Ls , Wq , and Ws . Let Mk denote the kth MC. The
following calculates the threshold value of sensors that belongs
to Mk .

Let L t,k
q be the queue size of kth MC at current time t .

During the network initialization, each Mk broadcasts its
schedule L t,k

q = {∅} to its corresponding region. Let sk
i be

the sensor si belonging to Mk . Assume that sensor sk
i wants

to send the request to Mk . Let r denote the radius of the whole
network. Let v denote the speed of the MC. Let T max denote
the time required for MC to travel from one location to another
in its region. The notation T max is calculated in the following:

T max
=

2r
v
. (16)

Let edisch
i,t be the discharging rate of sk

i at time t and
ereq,t

th,i denote the threshold value of sk
i at time t . The value
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Fig. 5. Example of path construction and scheduling of Mk. (a) Example
path of Mk at time t1 and t2. (b) Timeline schedule of Mk.

of ereq,t
th,i is shown in the following:

ereq,t
th,i =emin

+

(
T max

∗ L t,k
q + W t,k

q

)
∗ edisch

i,t (17)

where W t,k
q denotes the AWT of the kth MC at current time t .

The value of W t,k
q will be determined according to (22) of

phase III. Fig. 5 presents an example to illustrate the above-
discussed operation. Fig. 5(a) and (b) shows an example of
the recharging path and the timeline schedule of Mk . Fig. 5(b)
shows that during the network initialization, L t,k

q = {∅}. Let
℘k

current and ℘k
updated denote the current and updated paths of

Mk , respectively. Assume that Mk receives the recharging
requests from the sensors ŝk

23, ŝk
12, ŝk

19, and ŝk
6 at time t1. Then,

Mk forms the shortest Hamiltonian cycle for ŝk
23, ŝk

12, ŝk
19,

and ŝk
6 . Whenever Mk moves to each sensor, L t1,k

q and W t1,k
q

at a corresponding time will be broadcasted using a quorum
system. Assume that Mk is charging ŝk

23 at time t2 and sensor
ŝk

26 sends the recharging request to Mk at t2. Mk will update
its path by inserting ŝk

26 to the path. Assume that Mk cannot
support its energy for recharging the sensor ŝk

6 . Thus, ŝk
6 will

be the dropped-out sensor. How to recharge the dropped-
out sensor will be shown in phase III. After recharging each
sensor, Mk will check its queue to know whether any new
requests have been received in the local networks, aiming to
utilize the path of Mk .

According to (17), after a specific system running time,
the value of ereq,t

th,i will be equal to Emax, i.e., ereq,t
th,i = Emax.

This situation makes every sensor send the recharging request,
leading to the bad situation that Mk is very busy. In this
article, the sensors will utilize their battery according to the
status of Mk . Let αk

i denote the i th value of α, which belongs
to Mk . In this article, αk

i is used to control the sensor battery.
The busy level of MC is introduced to design the operations
of this phase. The busy level of an MC refers to the level
of demand for MC charging services from the sensor nodes
in the network. It can be defined as the ratio of the time
the MC spends charging the sensor nodes to the total time
it spends within the network. In other words, the busy level of

Fig. 6. (a) Busy levels of Mk and (b) duration check of sk
i .

the MC indicates how occupied it is with providing charging
services to the sensor nodes.

In QT, the busy level of an MC can be defined as the
utilization rate of the charger. The utilization rate is the fraction
of the time the charger is busy serving requests to charge
sensor nodes. In QT, the utilization rate can be calculated
by dividing the time the charger is busy for charging sensor
nodes by the total time period considered. The busy level or
utilization rate is an important parameter in QT as it impacts
the performance of the system, including the AWT and queue
length.

Let Bt,k
i denote the i th busy level of Mk at time t . The

higher value of i in Bt,k
i , the busier Mk is, which is shown

in Fig. 6(a). All the sensors in the corresponding region of
Mk are assumed to know its busy level, and the value of α is
adjusted by them according to Bt,k

i .
Let ζ k denote the queue of Mk . Mk stays in initialization

status (Mk with a white flag), as shown in Fig. 6(a). Once
the network is initialized, the status of Mk will be changed.
If Mk is in status Bt,k

1 , this means that Mk status is free, and
there are no requested sensors in ζ k . Based on the quorum,
each sensor can know the busy level of Mk (Bt,k

1 ) along
with L t1,k

q and W t1,k
q . Based on the busy level of Mk (Bt,k

1 ),
the sensor knows the value of αk

i . For instance, if Mk is in
Bt,k

1 , Bt,k
2 , and Bt,k

3 , the values of αk
1 , αk

2, and αk
3 are 50,

40, and 30 J, respectively. Then, each sensor sk
i calculates its

threshold value ereq,t
th,i . If ereq,t

th,i ≥ αk
i , according to the current

status of Mk , then the sensor will not send the recharging
request. Thus, we restrict the sensor’s battery for sending the
recharging request, aiming to reduce the number of requests
sent to Mk . In the worst case, at some time point, there might
be sensors that send the recharging request to Mk when its
ereq,t

th,i = 100 J, where Emax = 100 J. To solve this issue,
we assume that any sensor sk

i whose ereq,t
th,i ≥ αk

1 (50 J) will not
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send out its recharging request. Each sensor will perform the
duration check. The procedure of duration check is detailed in
the following. The duration check is divided into two types:
physical check (PC) and virtual check (VC). The PC uses the
quorum to know the waiting time of Mk at the corresponding
time (W t,k

q ). Let τ t,k
i denote the remaining lifetime of sk

i at
time t . The sensor sk

i should VC use its energy to know its
remaining lifetime (τ t,k

i ). To know its τ t,k
i , the sensor sk

i should
estimate its EC rate. The value of τ t,k

i depends on its EC rate,
while the EC rate may always vary because the forwarding
load of sk

i changes with time. Let βcon,k
i denote the EC rate

of the sensor sk
i . The calculation of βcon,k

i is based on the
prediction formula as shown in (18).

The prediction formula is divided into two parts, including
historical and recent EC rates. Let � denote the fixed time
period to calculate βcon,k

i . Recall that E rem
i,t denotes the remain-

ing energy of the sensor si at time t . Similarly, E rem,k
i,t and

E rem,k
i,t−� denote the remaining energy of the sensor sk

i at time t
and t −�, respectively. Therefore, the recent EC rate during
the time period [t, t −�] is ((ρ ∗ (E rem,k

i,t−� − E rem,k
i,t ))/�). The

historical EC rate of sk
i is expressed by βcon,k

i [t −�], where
ρ is the coefficient to adjust the historical and recent EC rates.
When the value of ρ is larger, βcon,k

i is more dependent on the
recent EC rate. Let βcon,k

i [t] denote the EC rate of the sensor
sk

i from the initial time t0 to time t . The value of βcon,k
i [t] can

be determined by applying as follows:

β
con,k
i [t] = (1 − ρ) β

con,k
i [t −�] +

ρ ∗

(
E rem,k

i,t−� − E rem,k
i,t

)
�

.

(18)

According to (18), assume that βcon,k
i [t] is 1 J/h. Assume

that Mk stays in Bt,k
1 level and ereq,t

th,i ≥ αk
3 (i.e., 60 J > 50

J), which means 10 J greater than αk
3 as denoted by (1) in

Fig. 6(b). Therefore, the energy of the sensor sk
i (10 J) will

support for 10 h since βcon,k
i [t] is 1 J/h. Then, the sensor sk

i
will perform a duration check, denoted by (2) in Fig. 6(b).
Let ωk

i denote the time duration (10 h), where the energy
of the sensor sk

i will support. The value of ωk
i is known

based on βcon,k
i [t]. As shown in Fig. 6(b), ωk

i = 10 h. The
sensor performs PC and VC at ωk

i /2 and ωk
i h, respectively.

At ωk
i /2 h, the sensor sk

i will perform PC to know W t−1,k
q and

Bt−1,k
i and VC its τ t−1,k

i . Then, the sensor will check whether
or not Bt−2,k

i = Bt−1,k
i and W t−1,k

q = τ
t−1,k
i , denoted by (3)

in Fig. 6(b). If Bt−2,k
i = Bt−1,k

i and W t−1,k
q ̸= τ

t−1,k
i , the

sensor sk
i will again perform PC to know W t,k

q , Bt,k
i , and VC

its τ t,k
i at ωk

i h. After performing the duration check, three
cases may occur at ωk

i h, as shown in the following.

1) Best Case Criterion:
At ωk

i h, if Bt−1,k
i = Bt,k

i and W t,k
q = τ

t,k
i , the sensor

sk
i will send the recharging request to Mk .

2) Average Case Criterion: At ωk
i h, if Bt−1,k

i = Bt,k
i and

W t,k
q < τ

t,k
i , the sensor sk

i will increase its sensing rate
frequency.

3) Worst Case Criterion: At ωk
i h, if Bt−1,k

i = Bt,k
i and

W t,k
q > τ

t,k
i , the sensor sk

i will decrease its sensing rate
frequency.

On the other hand, if Bt−2,k
i ̸= Bt−1,k

i or Bt−1,k
i ̸= Bt,k

i at
ωk

i /2 or ωk
i h, the value of αk

i is adjusted according to Bt,k
i at

the corresponding time.
The determination of sensing rate frequency and its adjust-

ment are shown. Let Sfreq,k
i,t be the sensing rate frequency

of the sensor sk
i at time t . Recall that E rem,k

i,t denotes the
remaining energy of sk

i at time t . Recall that βcon,k
i,t and W t,k

q

are the EC rate of sk
i and waiting time of Mk at time t ,

respectively

Sfreq,k
i,t =

E rem,k
i,t

βcon
i,t ∗ W t,k

q
. (19)

The following presents an example of decreasing Sfreq,k
i,t if

the worst case occurs, i.e., W t,k
q > τ

t,k
i . Assume that E rem,k

i,t =

2 J, βcon
i,t = 1 J/h, and W t,k

q = 4 h. Since its Sfreq,k
i,t = 1 J/1 h,

regardless of W t,k
q , sk

i is scheduled in the first two time slots,
as shown in the upper part of Fig. 7(a), that is to say, the
sensor sk

i is scheduled without adjusting its Sfreq,k
i,t . Assume

that E rem,k
i,t = 2 J, βcon

i,t = 1 J/h, and W t,k
q = 4 h. Substituting

these parameters in (19), Sfreq,k
i,t = 1 J/2h. The lower part

of Fig. 7(a) shows the updated schedule of sk
i . At the current

time t , once Sfreq,k
i,t is finished, sk

i will check the busy level
of Mk , i.e., (Bt−1,k

i = Bt,k
i ). If Bt−1,k

i = Bt,k
i , sk

i will send
the recharging request to Mk . Otherwise, the value of αk

i is
adjusted according to Bt,k

i .
The above procedure is similar to increase Sfreq,k

i,t if the
average case occurs, i.e., W t,k

q < τ
t,k
i . Fig. 7(b) presents an

example when sk
i increases its Sfreq,k

i,t . Therefore, the sensor sk
i

can increase/decrease its sensing frequency according to the
waiting time of Mk , aiming to reduce the number of recharging
requests sent to Mk .

In phase II, the sensors can utilize their battery based on
the busy level of MC. During the execution of phase II, the
sensor state is not static. To clearly illustrate the sensor states,
the sensor state diagram of a sensor sk

i is shown in Fig. 8. The
MC adaptive buffer and recharging scheduling are discussed
in the following phase.

C. Adaptive Buffer and Cooperation (ABC) Phase
This article uses the recharging path construction proposed

in our previous work [26], named multiple passer-by update
(MPU) strategies for scheduling the MC. In this phase, the
SSQ benefit (SSQB) is considered for executing the recharging
operation. Although the sensor battery is constrained by the
value of αk

i and the recharging requests are sent according to
Bt,k

i , at a certain time point t , there might be many recharging
requests stored in the buffer of MC, considering the scalability
of the network. This situation causes some sensors to exhaust
their energy because of the higher charging latency. This article
assumes that MC has an adaptive buffer to solve this issue.
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Fig. 7. Sensing rate frequency adjustment of the sensor sk
i . (a)

Reducing and (b) increasing the sensing rate frequency.

The following discusses the adaptive buffer of Mk . It is
assumed that Mk buffer has two priority queues.

Let ζ
Q,k
1 denote the queue for the offline recharging

mechanism. Let ŝk
i denote that sensor sk

i has already sent
the recharging request to Mk and has a lower chance
of recharging for a long time; it stays in the starvation
state. Let ω̂k

i denote the starvation state of ŝk
i . Let C Q,k

1,1
denote the first cycle of Mk when adopting ζ

Q,k
1 . In ζ

Q,k
1 ,

while inserting the new requests of sensors that have higher
SSQB, if any sensor switches to starvation state (ω̂k

i ),
Mk will close its buffer (i.e., C Q,k

1,1 ) and all the new
requests are stored in the second buffer C Q,k

1,2 , as shown
in Fig. 9.

Let ζ Q,k
2 denote the queue for the online recharging mech-

anism. In this ζ Q,k
2 , although sensor ŝk

i ∈ Mk sends the
recharging request very late, if it is closer to the path of Mk ,
based on SSQB, it could be inserted to ℘k

current, aiming to
optimize ℘k

current. Since each sensor forwarding load dynamic
changes, the charging load of each MC might be different.
The energy of Mk might not support recharging all the sensors
in C Q,k

2,1 . Therefore, there is cooperation between neighboring
MCs. An example of the adaptive buffer of Mk is shown
in Fig. 9.

Initially, all the sensors are stored in sequence in the input
queue. Based on the SSQB, the sensor requests are rearranged

Fig. 8. State diagram of a sensor sk
i .

Fig. 9. Adaptive buffer of Mk.

in ζ Q,k
1 and ζ Q,k

2 , as shown in Fig. 9. In the offline path (ζ Q,k
1 ),

assume that ŝk
26 switches to the starvation state in C Q,k

1,1 . Mk

closes its buffer and the new sensor requests, such as ŝk
28 and

ŝk
16 that are stored in C Q,k

1,2 . On the other hand, in the online
path (ζ Q,k

2 ), ŝk
26 and ŝk

28 are inserted to C Q,k
2,1 , while ŝk

19 and ŝk
16

are deleted from C Q,k
2,1 by considering the SSQB. Besides, Mk

might not support recharging a few sensors, which are stored
at the last position of the buffer, although their SSQB is higher.
Let �̂k

i denote the i th dropped out the sensor of Mk . As shown
in Fig. 9, �̂k

6 is the dropped-out sensor. There is cooperation
between the neighboring MCs to recharge the dropped-out
sensor (�̂k

6).
In the following, the cooperation between the neighboring

MCs is discussed. The MCs can share the charging load with
neighbors to achieve more charging efficiency. As shown in
Fig. 10, assume that Mk can communicate with neighboring
Mk−1 and Mk+1 to recharge �̂k

i . Both Mk−1 and Mk+1

include �̂k
i to their schedule and checks the following two

conditions. Let W t,k−1
q,i denote the waiting time of Mk−1 for

executing the recharging of ŝk−1
i at time t . Let tcrg

i denote the
recharging time of the sensor si . Let qcrg

M be the rate at which
the MC recharges. Let tmov

i be the moving time of the sensor
si . Recall that edisch

i denotes the discharging rate of sensor si .
The values of tcrg

i and tmov
i are calculated in the following

equations:

tcrg
i =

Emax
S −

(
E rem

i − edisch
i ∗ tmov

i
)

qcrg
M

1 ≤ i ≤ n (20)

tmov
i = tmov

i−1 + tcrg
i−1 +

di−1,i

v
, 1 ≤ i ≤ n (21)
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Fig. 10. Collaborative schedule between the neighboring MCs.

where di−1,i denotes the distance between si−1 and si and
s0 is BS. The following illustrates the procedure of Mk−1 to
include �̂k

i to its schedule.
1) Waiting Time Criterion: Mk−1 checks the waiting time

criterion of �̂
k
i , i.e.,

W t,k−1
q,i =

{
tmov
i , i = 1
W t,k−1

q,i−1 + tcrg
i−1 + tmov

i , 2 ≤ i ≤ n.
(22)

2) Remaining Energy Criterion: The sensors �̂k
i should

satisfy

E rem
i,k − edisch

i,k ∗W t,k−1
q,i > 0. (23)

The first condition is to check whether the waiting time of
Mk−1 satisfies, and the second condition is to check whether
�̂k

i is alive until Mk−1 comes to recharge it. All the above
procedure is similar for Mk+1 to include �̂k

i to its schedule.
According to the above two conditions shown in (22) and (23),
there might be three kinds of outcomes.

The first one is that only Mk−1 satisfies the above two con-
ditions, and therefore, Mk−1 will include �̂k

i to its schedule
and recharge it. The second outcome is both Mk−1 and Mk+1

is too busy and does not satisfy the two conditions; then, �̂k
i

request will be abandoned. The third outcome is both Mk−1

and Mk+1 that satisfy the above two conditions. In this case,
M∗, which has a shorter waiting time to recharge �̂k

i , will
include it in its schedule. Let Sbest

�̂k
i

denote the best schedule

for �̂k
i to recharge

Sbest
�̂k

i
=

{
Mk−1, if W t,k+1

q,i > W t,k−1
q,i

Mk+1, otherwise.
(24)

As shown in Fig. 10, Mk is not able to recharge ŝk
6 . There-

fore, the dropped-out sensor is �̂k
6. Mk communicates with the

neighboring Mk−1 and Mk+1 to include �̂k
6 to their schedules

to recharge it. Both Mk−1 and Mk+1 include �̂k
6 to its schedule

and check the two conditions shown in (22) and (23). Assume
that W t,k+1

q,6 > W t,k−1
q,6 . Therefore, Sbest

�̂k
6

= Mk−1. Thus, the

TABLE II
SIMULATION PARAMETERS

cooperative scheduling increases the probability that a sensor
with the highest SSQB is successfully recharged.

V. PERFORMANCE EVALUATIONS

The WLARS algorithm is compared with the recharge
scheduling algorithm for maximizing spatial and temporal
qualities (RS-STQ) [26], multi-charger cooperation algorithm
(MCCA) [21] and fuzzy logic-based charging schedule deter-
mination (FLCSD) [22] algorithms in terms of the analytic
results. The RS-STQ considered the SSQ and TSQ of the
sensors and constructed the path of the MC. The MCCA
algorithm proposed a charging schedule based on the energy
required by each cluster. The FLCSD algorithm scheduled the
multiple MCs based on fuzzy logic by considering parameters,
such as remaining energy, distance, node density, and EC rate.

A. Simulation Environment
The size of the considered monitoring region is 600×400 m.

The sensors are randomly deployed in the given area. The
sensors deployed in the region are 300–700. Table II presents
the parameter settings of the simulation.

B. Simulation Results
Fig. 11 evaluates the STSQ for the proposed WLARS

(MPU) and the existing three algorithms. The terms WLARS
(MPU) and RS-STQ (MPU) mean that the simulation is
conducted by adopting the MPU strategy for WLARS (MPU)
and RS-STQ algorithms. In Fig. 11, the STSQ is measured
by changing the deployed sensor nodes and emin. The value
of emin varies from 0.3 to 0.7 J. As shown in Fig. 11, the STSQ
increases with sensors. It is because the distance between
the sensors is decreased. Thus, the MC spends most of its
energy recharging the sensors instead of its movement. On the
other hand, the STSQ of four algorithms decreases with emin.
It occurs because a higher emin makes the sensor send the
recharging request very quickly. Therefore, the charging load
of each MC increases, leading to a lower value of STSQ.
The proposed WLARS (MPU) performance is higher than the
existing algorithms. It occurs because the proposed WLARS
(MPU) is considered the SSQ. Besides, the sensing frequency
of sensors is adjusted according to the busy level of MC,
improving the TSQ. Therefore, the STSQ of the proposed
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Fig. 11. Performance comparison of STSQ for the proposed WLARS
(MPU) and existing RS-STQ (MPU), FLCSD, and MCCA algorithms.

Fig. 12. Comparison of AWT for the proposed WLARS (MPU) and
existing RS-STQ (MPU), FLCSD, and MCCA algorithms.

WLARS (MPU) is higher than those of the other three
algorithms.

Fig. 12 compares the AWT of the proposed WLARS (MPU)
with the existing three algorithms by varying the number of
sensor nodes and the value of. Let ŝk

p denote the p̂ number
of recharging requests received by Mk . Then, the AWT of all
the sensors, which are waiting to recharge by Mk at time t ,
denoted by W wait,k

q,t is shown in the following:

W wait,k
q,t =

∑| p̂|

i=1 W t,k
q,i

| p̂|
. (25)

As shown in Fig. 12, the AWT increases with sensor nodes.
It occurs because the number of recharging requested sensors
increases with the number of deployed sensors, leading to
the increase of AWT. On the other hand, the AWT decreases
with α. It is due to higher α making the sensors send recharge

Fig. 13. Performance comparison of STSQ and EUE for the pro-
posed WLARS (MPU) and existing RS-STQ (MPU), FLCSD, and MCCA
algorithms. (a) Charging rate of MC versus STSQ. (b) Elapsed time
versus EUE.

requests to the MC frequently. Thus, MC might receive many
requests, leading to a higher AWT. The AWT of WLARS
(MPU) is very low because it considers the MCs cooperation
based on the charging load.

Fig. 13(a) compares the STSQ by varying the charging rate
of MC. The charging rate ranges from 3 to 15 J/s. As shown
in Fig. 13(a), the STSQ of four algorithms increases with
the charging rate of MC. It occurs because if the charging
rate increases, the MC can recharge more sensors, leading
to a higher STSQ. The proposed WLARS (MPU) considers
the busy levels of MC and adjusts the sensing frequency of
the sensors accordingly, leading to higher performance. This
strategy controls the sensor’s battery to send the recharging
request. Therefore, all the requests of the other sensors will
be recharged timely because of the less charging load.

Fig. 13(b) compares the energy usage effectiveness (EUE)
by varying the elapsed time for the proposed WLARS (MPU),
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Fig. 14. Comparison of traveling distance of MC for the proposed
WLARS (MPU) algorithm. Traveling distance of MC when the value of
α is (a) 50 J and (b) 20 J.

RS-STQ (MPU), FLCSD, and MCCA algorithms. Let Ek
crg

and Ek
mov denote the energies of Mk , which are consumed

for charging and moving, respectively. The EUE of all four
algorithms increases with the elapsed time. It occurs because
as the elapsed time increases, the MC can recharge a greater
number of sensors, leading to a higher EUE

EUE =
Ek

crg

Ek
crg + Ek

mov
. (26)

The MC recharges the closest sensors with higher STSQ,
and the neighboring MCs will recharge the farthest sensors,
leading to higher WLARS (MPU) performance. The MC will
travel a shorter distance to recharge more sensors as time
passes.

Fig. 14 compares the traveling distance of MC. The requests
vary, ranging from 5 to 30. The value of emin is set
at 0.3–0.6 J. In Fig. 14(a) and (b), the value of α is set at
50 and 20 J, respectively. As shown in Fig. 14(a) and (b), if the

Fig. 15. Performance comparison of recharged sensors SSQB and
STSQ by varying the speed of the MC.

Fig. 16. Performance comparison of STSQ for the proposed WLARS
(MPU) and existing RS-STQ (MPU), FLCSD, and MCCA algorithms.

MC receives more recharging requests, it will travel a long
distance to recharge all the requested sensors. The traveling
distance of MC increases with the value of emin. It occurs
because a higher value of emin leads the sensor to send
the recharging request to the MC very quickly. Comparing
Fig. 14(a) and (b), the traveling distance of MC in Fig. 14(b)
is very small. It occurs because the lower value of α means
that the MC might receive fewer recharging requests compared
to Fig. 14(a), leading to a smaller traveling distance.

Fig. 15 compares the SSQB and STSQ. Let �i be the length
of the working time slot of si . Let cx

i denote the SSQB of ŝi
at time slot tx ∈ T , i.e.,

SSQB =

∑n
i=1

∑th
j=t1

(
φ

crg
i, j ×

∑t+�i
x=t cx

i

))
R

. (27)

Let WLARS (MPU700) and WLARS (MPU600) denote
different simulation environments that the sensors are deployed
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Fig. 17. Performance comparison of STSQ for the proposed WLARS
(MPU) algorithm. (a) Comparison of STSQ without considering the busy
levels of MC. (b) Comparison of STSQ with considering the busy levels
of MC.

as 700 and 600 for the WLARS (MPU) algorithm, respectively.
The speed of MC is varied, ranging from 1 to 8 m/s.

As shown in Fig. 15, the SSQB of the recharged sensors
increases with the speed of MC for the WLARS (MPU)
algorithm. This is due to the high speed of MC recharges
more sensors, leading to a higher SSQB. The SSQB of the
recharged sensors for the existing RS-STQ (MPU) is slightly
increasing. Besides, the performances of the FLCSD and
MCCA are not very stable. It occurs because they did not
consider the SSQB of the recharged sensors. On the other
hand, the STSQ decreases with the speed of the MC. It is
due to the lower speed of MC reducing the number of sensors
recharged, leading to a lower STSQ.

Fig. 16 compares the STSQ of WLARS. As shown in
Fig. 16, the STSQ increases with the sensor nodes. It is due to
the sensor density, which might lead to many sensors sending
recharging requests to the MC. Thus, recharge many sensors,

leading to a higher STSQ. The STSQ decreases with the
sensing range. It occurs because a higher sensing range will
contribute more to the spatial quality.

Fig. 17(a) evaluates the STSQ without considering the busy
levels of MC, that is to say, the sensor’s battery is not
constrained with α. Similarly, Fig. 17(b) evaluates the STSQ
of the monitoring region with the busy levels of MC, that
is, the sensor battery is constrained with α, where sensors send
the request according to the busy levels of MC. In Fig. 17(b),
the value of α is set at 40 J.

The STSQ in Fig. 17(a) is very unstable compared to
Fig. 17(b). It occurs without considering the busy levels of
MC. This situation made the MC very busy, where some
sensors were not recharged, leading to the unstable STSQ.
On the other hand, when the busy levels are considered, the
STSQ is very stable. It occurs because the sensor’s battery
is constrained by the value of α, and the MC receives very
few recharging requests according to its busy level. Therefore,
the MC can timely recharge all the sensors, leading to a
stable STSQ.

VI. CONCLUSION

This article proposed a WLARS for MC to maximize the
STSQ of the network. The three phases of the proposed
work are NP, RRD, and ABC. The first phase partitioned
the network, aiming to distribute the MCs charging load
evenly. The second phase determines the sensor’s threshold
and considers the busy level of MC. Finally, the third phase
considers the adaptive buffer of the MC and the cooperation
between the neighboring MCs. The analytical results show that
WLARS achieves a higher STSQ than the existing works. The
future work of this study is that the BS dispatches the MCs
based on the prediction of the arrival rate of the recharging
requests of the sensors.
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