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JMLA: Joint Monitoring Quality and Network
Lifetime for Range-Adjustable

Sensors in WRSNs
Pei Xu, Xiaofeng Wang, Chih-Yung Chang , Member, IEEE, Youxi Li , and Diptendu Sinha Roy

Abstract—Area coverage is a critical issue in wireless
sensor networks (WSNs). Existing studies mainly used the
Boolean sensing model (BSM) and battery-powered sensors
with fixed sensing radius, potentially reducing network life-
time and monitoring quality. This article proposes an area
coverage algorithm called joint monitoring quality and net-
work lifetime with adjustable sensing radii (JMLA), which
employs rechargeable sensors with adjustable sensing radii
and utilizes the probabilistic sensing model (PSM) to enhance
monitoring quality and perpetuate network lifetime. This
will encounter several challenges: 1) more complex sen-
sor scheduling due to the unstable of solar power; 2)
more complex energy allocation because of different power
consumption rates for different sensing radii; and 3) the
cooperative detection between neighboring sensors result-
ing in different monitoring contribution when applying the
PSM. To tackle these challenges, JMLA first estimates the
potential solar energy available for the upcoming day. Based on this forecast, it partitions the day into multiple
time slots and cycles. Sensors are scheduled to activate in different slots to balance energy consumption with the
energy harvested. In addition, JMLA divides the area into several identical grids and forms multiple space–time points
with each time slot. Then, sensors are scheduled to cooperatively monitor the bottleneck space–time point with the
weakest cooperative detection probability, aiming to maximize the monitoring quality. Performance results show that the
proposed JMLA outperforms the existing algorithms in terms of monitoring quality, stability of monitoring quality, and
solar energy utilization (SEU).

Index Terms— Area coverage, monitoring quality, network lifetime, range-adjustable sensor, wireless rechargeable
sensor networks (WRSNs).

NOMENCLATURE

R Monitoring region.
S Set of deployed sensors, S = {s1, s2, . . . , sn}.
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R Set of selectable sensing radii of each sensor,
R = {r1, r2, . . . , rm}

p(si , v) Detection probability of sensor si to point v.
udis

i,k Discharging rate of the sensor si when its
sensing radius is rk .

Tc Length of one cycle.
τ Length of one time slot.
tact
i,k Active time of the sensor si when it selects the

sensing radius rk .
c(t) Boolean variables represent whether the channel

state is idle or busy at time t .
T w

i Random backoff waiting time for the sensor si

when the channel state is busy.
Bunit Backoff time unit.
Q(S) Monitoring quality of the area coverage achieved

by the algorithm S.
pPV(t) PV power function.
Econ

tot Total amount of consumed energy of each sensor
in one day.

g(x,y) Grid with the coordinates (x , y) in R.
Mhist

met Set of historical daily meteorological data matri-
ces Mhist

met = {M1-hist
met , M2-hist

met , . . . , M365-hist
met }.
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M j-fore
met Forecast meteorological data matrix for the next

day.
Eacq-est

tot Estimated total amount of energy that can be
acquired from solar power in the next day.

Ed
j Energy allocated for each sensor during daytime.

En
j Energy allocated for each sensor during night-

time.
α Number of cycles in the daytime.
β Number of cycles in the nighttime.
8cov

(x,y) Set of active sensors that fully covers the grid
g(x,y).

LMRst
i Local monitoring space–time region of sensor

si .
Ssch

(x,y),h Set of sensors that can fully cover g(x,y) and are
scheduled to be active at the time slot th .

obott
i,loc Local bottleneck space–time points in LMRst

i .
N(si ) Set of neighboring sensors of sensor si .
M sch

i,loc Matrix stores the local current sensor scheduling
results.

MQoM
i,loc Matrix stores the local monitoring quality in

LMRst
i .

Sbott
i Set of feasible task schedules for Si , Sbott

i =

{S1
i , S2

i , . . . , Sm
i }.

bbott(Sk
i ) Benefit of si monitoring the local space–time

point by adopting the feasible task schedule Sk
i ∈

Sbott
i .

Sbest
i Best task schedule for sensor si .

Twait
i Waiting time for si before initiating its monitor-

ing task according to its task schedule.

I. INTRODUCTION

W IRELESS sensor networks (WSNs) have been
deployed for automation of various tasks, such as

environmental monitoring, intrusion detection, and intelligent
farming [1], [2], [3]. The coverage problem is one of the
important issues that draw a lot of attention in WSNs. It is
noticed that the detection capacity and energy of each sensor
are both limited, and therefore, the surveillance quality
and network lifetime are two core indicators to assess the
performance of the coverage problem [4] and most studies
are concerned with these two issues. The coverage problem
can be categorized into target coverage [5], [6], barrier
coverage [7], [8], and area coverage [9], [10]. Target coverage
aims usually to monitor a set of given objects, such as some
important exhibition in museums and warehouses. Barrier
coverage aims to surveil the boundary and detect illegal
intruders. Unlike them, area coverage aims to monitor a
given region, such as an agricultural test field or a chemical
plant [28], without any coverage holes. This article aims to
address the network lifetime and monitoring quality issues in
area coverage scenarios.

The monitoring quality mainly depends on the sensing
model of the sensor and the scheduling algorithm that sched-
ules all the sensors to effectively monitor the given area. Most
existing studies employed the Boolean sensing model (BSM)
to design the area coverage algorithm due to its simplicity and
ease of analysis, which aims to guarantee that every point in
the monitoring region is covered by no fewer than the required

number of sensors [10], [11]. The BSM is a deterministic
model that considers the detection capability of a sensor as
perfect, guaranteeing that any event occurring within its sens-
ing region will be detected. It is noted that the sensing signal
of any kind of sensor decreases with distance. The scheduling
algorithm designed based on BSM may not be accurate enough
because the BSM cannot reflect the physical features of
sensing. Different from BSM, the probabilistic sensing model
(PSM) posits that a sensor’s sensing ability decreases with the
increasing distance from the event, a relationship quantified by
the detection probability. These studies designed algorithms
based on PSM that addressed the area coverage problem and
aimed to detect any point within the monitoring region with a
probability greater than the predefined requirement [12], [13].
The PSM is more practical compared with the BSM because
it matches real sensing behavior. In the PSM, the detection
probability of a certain point, which is monitored by multiple
sensors, is greater than that which is monitored by one sensor.
Therefore, an effective scheduling algorithm that adopts PSM
should facilitate sensor cooperation.

However, most previous studies employed sensors with
fixed sensing radii. According to the PSM model, the detection
capability of a sensor is enhanced as its sensing radius
expands. Therefore, scheduling algorithms designed with fixed
sensing radii might not be flexible enough to fully exploit
the detection capacity of each sensor. In recent years, the
usage of sensors with adjustable sensing radii has become
more prevalent [5], [14], [15]. This poses new challenges to
the sensor scheduling algorithm. With an adjustable sensing
radius, sensors with different sensing radii consume different
amounts of energy for the same length of time, which makes
energy allocation more complex.

The network lifetime is another core indicator of cover-
age issue. A lot of previous studies assumed that sensors
are battery-powered and developed efficient sleep-active
scheduling algorithms for sensors to maximize the network
lifetime [16], [17], [18]. However, the algorithms designed
for extending the network lifetime of the WSNs still have
the energy constraint. To overcome the energy limitation
and perpetuate the network lifetime, wireless rechargeable
sensor networks (WRSNs) have been widely applied, and
plenty of energy-replenishing algorithms have been proposed.
These algorithms can be classified into two types, including
mobile charger charging [19], [20] and environmental energy
harvesting [14], [21]. Although mobile chargers can provide
stable and sufficient electrical energy. Area coverage is usually
applied in a large outdoor area, and in some application scenar-
ios, the terrain can present considerable complexity, leading to
substantial difficulties in deploying mobile chargers for area
coverage. In addition, planning paths for a large number of
mobile chargers are highly complex. Therefore, environmental
energy harvesting is more suitable for area coverage.

The environmental energy harvesting technology primarily
derives energy from wind and solar sources. Compared to solar
energy, wind energy is more unstable, and the locations with
sufficient wind resources are fewer. Most existing studies have
overlooked the time variation of solar power and the impact of
different weather conditions on solar energy while assuming
solar energy to be a constant value. Under such assumptions,
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there may be significant discrepancies between the energy
consumption of each sensor and the actual amount of energy
obtained from solar power, leading to low energy utilization
efficiency or sensor failure due to battery depletion.

As discussed above, the adoption of solar-powered sensors
with adjustable sensing radii poses some new challenges:
1) solar power energy is a dynamic energy resource and is
affected by weather conditions, making the scheduling of
sensor operations more complex; 2) sensors with different
sensing radii consume varying amounts of power, complicating
energy allocation due to the multiple possible schedules;
and 3) the collaborative detection between sensors must be
considered, as the monitoring contribution of each sensor
varies with and without cooperation with neighboring sensors
under the PSM. Despite these pioneering efforts, an effective
and efficient algorithm for area coverage to maximize the
monitoring quality while maintaining the perpetual network
lifetime is still lacking.

To address these challenges and achieve the objectives of
maximizing the monitoring quality while perpetuating the
network lifetime, this article proposed a novel area coverage
algorithm, termed joint monitoring quality and network life-
time with adjustable sensing radii (JMLA) for area coverage.
The proposed JMLA algorithm utilizes solar-powered sensors
with adjustable sensing radii and PSM. To address the first
challenge, the JMLA initially utilizes the similarity-based
calculation to select the day from the previous year that most
closely matches the expected weather conditions of the next
day. The algorithm then applies the photovoltaic (PV) power
function from that selected day previously provided to estimate
the PV power for the upcoming day, aiming to achieve an
accurate estimation of potential acquired energy from solar
power.

To tackle the second challenge, JMLA partitions one day
into several equal-length cycles that consist of a fixed number
of identical time slots. Based on the estimated acquired energy,
JMLA allocates the equal available energy for each cycle. The
active time of each cycle can be determined according to the
corresponding sensing radius. To guarantee stable monitoring
quality, each sensor has the same task schedule in every
cycle.

To address the third challenge, the JMLA partitions the
monitoring region into several identical grids, and the detection
probability of each sensor to all points within the same
grid is considered to be identical. These grids and time
slots form multiple space–time points. The calculation of the
cooperative detection probability of active sensors at each
space–time point is straightforward. In addition, this parti-
tioning facilitates consideration of monitoring quality in both
spatial and temporal dimensions. Initially, the JMLA algorithm
identifies the bottleneck space–time point with the lowest
detection probability. The algorithm then prioritizes scheduling
the sensor with the highest monitoring contribution among
its neighbors to the bottleneck space–time point. Under this
approach, the monitoring quality can be enhanced through
cooperative detection.

The principle contributions of this article are itemized as
follows.

1) Considering the Variation of PV Power: The PV power
derived from solar energy is subject to instability and
influenced by weather conditions. To allocate energy
accurately to each sensor, the proposed JMLA algorithm
utilizes weather forecast data. It identifies the day from
the previous year most similar to the forecast conditions
of the next day. JMLA then uses the PV power function
from that selected day to estimate the solar power for
the upcoming day. Based on this scheme, the algorithm
can design better task schedules for each sensor with
high solar power utilization.

2) Balancing Consumed and Acquired Energy in Each
Sensor: The proposed JMLA algorithm optimizes the
management of each sensor’s energy by accurately
calculating its available energy. Subsequently, each sen-
sor calculates its active time under different sensing
radii based on the accurately allocated available energy.
Consequently, it ensures a daily balance between the
total energy acquired from solar power and the total
energy consumed by each sensor, thereby prolonging the
network lifetime.

3) Developing the Contribution-Based Strategy for Coop-
erative Sensing: Considering the PSM, the JMLA
algorithm acknowledges varying contributions of each
sensor, with or without cooperation. If multiple neigh-
boring sensors are scheduled to activate simultaneously,
they are treated as a combined set. The algorithm
calculates the cooperative detection probability for each
sensor at each space–time point and identifies the point
with the weakest detection probability. Subsequently,
the sensor with the highest contribution is scheduled
to monitor this bottleneck point, aiming to enhance the
area’s monitoring quality according to the cooperative
detection between neighboring sensors.

4) Enhancing Monitoring Quality Through Sensors With
Adjustable Sensing Radii: Given that sensors are often
randomly deployed in monitoring area, sensor den-
sity varies across different areas. Areas with high
deployment density may have redundant detection capa-
bilities. To leverage this redundancy, the proposed JMLA
algorithm dynamically adjusts the sensing radius and
activation time for each sensor through a tailored task
schedule, enhancing the utilization of detection capabil-
ity. As a result, the JMLA algorithm achieves superior
monitoring quality compared to existing algorithms that
utilize sensors with a fixed sensing radius.

The remainder of this article is organized as follows.
Section II summarizes the related work. Section III formalizes
the assumptions and problem statement of the investigated
issue. In Section IV, the JMLA algorithm is introduced.
Section V presents the performance study and Section VI gives
conclusions and future work of this article.

II. RELATED WORK

In literature, several area coverage algorithms have been
proposed in recent years. In general, these studies can be
partitioned into four categories: WSNs with fixed sensing radii
sensors, WSNs with adjustable sensing radii sensors, WSNs
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with battery-powered sensors, and WSNs with rechargeable
sensors. The following reviews these studies and compares
them with our work.

A. WSNs With Fixed Sensing Radii Sensors
Because the fixed sensing radius sensor is comparatively

easier to analyze and design the coverage algorithm, several
studies applied the fixed sensing radius to investigate the
barrier coverage issue, several studies applied the fixed sensing
radius to investigate the barrier coverage issue. Tossa et al. [10]
proposed a genetic algorithm-based strategy, called genetic
algorithm for area coverage maximization (GAFACM), for
optimal sensor node placement in WSNs, aimed at maximizing
both coverage and connectivity. The approach began with a
linear programming (LP) formulation of the problem, followed
by detailed descriptions of genetic procedures such as chro-
mosome representation, selection, crossover, and mutation.
In addition, it developed a comprehensive fitness function
derived from the percentage of coverage and connectivity
metrics between sensors. However, the algorithm proposed
in this study is the centralized algorithm, which leads to a
high control overhead. Gao et al. [11] addressed the coverage
problem in mobile sensor networks, aiming to minimize sensor
movement while ensuring continuous target coverage in an
Euclidean space. Initially, sensors were stationed at k base
stations, termed k-sink minimum movement target coverage.
A polynomial-time approximation scheme, energy effective
movement algorithm (EEMA), was proposed, with an approx-
imation ratio of 1 + ε and a time complexity of nO(1/ε2).
In addition, a distributed version (D-EEMA) was introduced
for large-scale networks. Both of the abovementioned studies
adopted the BSM, which might not be accurate in real appli-
cations. Some other studies adopted the PSM to design the
barrier coverage algorithm.

Tossa et al. [10] first defined the concept of the safe cell and
then designed algorithms to find safe cells and barrier gaps.
Second, they designed an algorithm to improve the barrier
coverage with the minimum number of mobile sensors. Finally,
they applied the Kuhn–Munkres (KM) algorithm to solve the
minimum movement of mobile sensors problem in the general
case. The abovementioned studies assumed that the sensors
are densely deployed. Yang et al. [13] investigated the full
area coverage issue by using the PSM in sensor networks.
They investigated the mathematical relation between the two
adjacent points in the given area. According to this assumption,
the desired area coverage is transformed into a point cover-
age. Thereby, they designed the area coverage algorithm by
dynamically selecting a group of sensors. Although sensors
with a fixed sensing radius are easier to analyze, the fixed
sensing radius lacks flexibility, which limits the full utilization
of each sensor’s detection capabilities, especially when sensors
are randomly deployed.

B. WSNs With Adjustable Sensing Radii Sensors
To further improve the performance of WSNs, some studies

adopted sensors with adjustable sensing radii. Chen et al. [5]
addressed the coverage problem of WSNs by considering the
range-adjustable sensors. Based on the BSM, they proposed
a neighborhood-based estimation of distribution algorithm

(NEDA) to address it in a recursive manner. In NEDA, each
individual represented a coverage scheme in which the sensors
were selectively activated to monitor all the targets. An LP
model was built to assign activation time so that the network
lifetime can be maximized, while the surveillance quality can
be guaranteed. However, this study is a centralized algorithm.
Fan et al. [14] investigated the coverage problem in directional
sensor networks (DSNs), considering the nodes’ capability to
adjust their working directions and sensing ranges. This article
proposed a barrier construction scheme that schedules nodes
to collaboratively form multiple coverages, determining their
optimal working directions and sensing ranges, which extends
the service lifetime of the network. However, directional
sensors, such as cameras, represent a specialized category of
sensors. As they are not universally prevalent, the scheme
proposed in this article may not be suitable for the majority of
scenarios. Dande et al. [15] presented a decentralized area cov-
erage algorithm, called maximizing the surveillance quality of
area coverage (MSQAC), integrating rechargeable sensors with
solar energy to enhance surveillance quality. It tackled energy
utilization imbalances and sensor cooperation challenges using
the PSM. MSQAC optimized sensor scheduling to maximize
monitoring quality by balancing energy availability and coop-
eration among neighboring sensors. However, this study did
not consider the time variation of solar power and the impact
of weather conditions on solar power. However, this study did
not consider the time variation of solar power and the effect
of weather conditions on solar power.

C. WSNs With Battery-Powered Sensors
For the WSNs with battery-powered sensors, the energy is

limited, and therefore, most of the studies aim to develop
energy conservation or energy-efficient schemes to extend
the network lifetime. Mostafaei et al. [16] focused on the
problem of partial coverage, crucial for scenarios where
continuous monitoring of a limited area was sufficient. This
study introduced a novel algorithm, partial coverage with
learning automata (PCLA), which utilized learning automata
to manage sensor sleep scheduling. The primary goal was to
minimize sensor activation while ensuring connectivity among
the sensors to cover the desired area effectively. Building
on the advancements in partial coverage, Yu et al. [17]
addressed the more complex k-coverage problem. The aim
was to select a minimal subset of nodes such that each point
in a target region was covered by at least k nodes. This
study developed both centralized and distributed protocols,
grounded in the innovative concept of coverage contribution
area. This approach not only facilitated a reduction in sensor
spatial density but also incorporated the residual energies
of the sensors. Consequently, these protocols significantly
extended the network’s lifetime, a critical advancement given
the energy constraints and recharging challenges inherent to
WSNs. Further expanding on these concepts, another aspect
of [18] tackled the maximum coverage set scheduling problem.
This involved finding feasible scheduling for the coverage set
collection to maximize network lifetime. The problem was
formulated as an integer LP problem, and an approximation
algorithm with a theoretical performance guarantee was pro-
posed. This study also highlighted the potential enhancements
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brought by mobile sensors in improving the performance
of barrier coverage, although the persistent issue of energy
limitations continued to constrain the overall performance of
WSNs. With the development of mobile sensors, some other
studies further designed algorithms by adopting mobile sensors
to improve the performance of the barrier coverage. However,
the energy constraint still limits the performance of WSNs.

D. WSNs With Rechargeable Sensors
To address the power limitations in WSNs, various studies

developed recharging algorithms for mobile chargers in WSNs.
These kinds of studies are typically categorized into two
main types: offline and online. For the offline type, mobile
chargers operate on a planned recharging route, determined
by the recharge requests from sensors with low energy levels.
Kan et al. [19] proposed an energy recharging mechanism,
called energy charging mechanism for surveillance qual-
ity, network connectivity and perpetual lifetime in WRSNs
(CSCP), which adopted the mobile charger to recharge the
sensors according to the recharging requests. The proposed
CSCP considered the contribution of each grid in terms of
network connectivity, surveillance quality, as well as path cost,
aiming to recharge the grids where the sensors could maximize
the surveillance quality. Different from the offline recharging
algorithms, the online ones dynamically adjusted the recharg-
ing schedule based on the received recharging requests from
sensors in real time. Shang et al. [20] proposed a novel rein-
forcement learning strategy, reinforcement learning recharging
(RLR), for optimizing sensor coverage in WRSNs. It employed
reinforcement learning to analyze energy trends, recharging
costs, and coverage benefits. The mobile charger priori-
tized sensors with high independent coverage and proximity,
enhancing overall network efficiency. However, the large-scale
deployment of mobile chargers leads to a very high cost, and
the charging path scheduling of mobile chargers is complex.

Environmental energy harvesting is another category of
energy replenishing algorithm. Chen et al. [21] proposed a
reinforcement learning-based sleep scheduling for coverage
(RLSSC) algorithm for solar-powered WSNs. It combined a
two-stage sleep scheduling algorithm integrating precedence
operator-based group formation and Q learning-based active
node selection. Factors, such as precedence operator, resid-
ual energy, node recharging frequency, and environmental
states, were considered. However, this study did not consider
the monitoring quality of area coverage. Dande et al. [15]
proposed an area coverage algorithm called MSQAC, which
considers the rechargeable sensors and utilizes solar-powered
energy. The proposed mechanism aims to maximize the
surveillance quality for a given monitoring area by applying
the PSM. However, the time variation of solar power and
the effect of weather conditions on solar power were not
considered in this study.

Table I gives a comparison of the main characteristics of
the proposed JMLA algorithm and the existing works.

III. PRELIMINARY AND SYSTEM MOLDE

The considered network model for the WRSNs and the
problem statement of this article are discussed in this section.

Fig. 1. Scenario of the considered WRSNs.

A. Network Environment
This article considers a rectangle region R with the size

L × W , where L and W are the length and width of R, respec-
tively. A set of solar-powered sensors S = {s1, s2, . . . , sn}

are randomly deployed in R. The sensing radius of each
sensor is identical and adjustable with several fixed levels.
Let R = {r1, r2, . . . , rm} denote the set of selectable sensing
radii of each sensor, where ri < r j if i < j . The power
consumption rate and detection capability of each sensor will
be increased with its sensing radius. Each sensor has a unique
ID and is aware of its location, remaining energy, and the
boundaries of R. Let (xi , yi ) represent the coordinate of the
sensor si . The communication radius of each sensor is denoted
by rc. In general, the communication radius is at least twice
the maximum sensing radius, that is, rc ≥ 2rm .

In the considered WRSNs, channel characteristics signifi-
cantly impact the overall network performance. Among these,
the packet drop rate is one of the key factors affecting the
overall performance of WRSNs, especially in area coverage
algorithms designed for long-term monitoring such as the
proposed JMLA algorithm. A high packet drop rate can
significantly degrade monitoring quality as crucial monitor-
ing data may fail to be transmitted reliably [26]. For the
JMLA algorithm, which relies on cooperative detection among
multiple sensors to enhance monitoring quality, packet drop
reduces the network’s collaborative detection probability at
various space–time points, ultimately decreasing the overall
monitoring quality. In addition, a high packet drop rate leads
to repeated transmission attempts and increased communica-
tion energy consumption, which reduces the energy available
for sensing operations. This further diminishes the sensors’
detection capabilities.

Fig. 1 gives a scenario of the considered network.

B. Sensing Model
As shown in Fig. 2, the coverage area of the sensor si can

be divided into two subareas, the inner area is the guaranteed
detecting area, and the outer area is the probabilistic detecting
area. Let Ag

i and Ap
i denote the guaranteed detecting area and

probabilistic detecting area, respectively. The radii of Ag
i and

Ap
i are rg and rm , respectively. If a point v falls in Ag

i , the
detection probability of si to v is 100%. In contrast, if a point
v falls in Ap

i , the detection probability of si to v is reduced
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TABLE I
COMPARISONS OF THE PROPOSED JMLA AND RELATED WORKS

Fig. 2. Logic view of the PSM.

based on the distance between them, ranging from 100% to
0%.

Let p(si , v) denote the detection probability of si to v. The
value of p(si , v) can be calculated by applying the following
equation:

p(si , v) =


1, d(si , v) ≤ rg

e−λ(d(si ,v)−rg)
γ

, rg < d(si , v) ≤ rm

0, d(si , v) > rm

(1)

where λ and γ represent the path loss exponents of the sensing
signal strength of the sensor, respectively.

In the considered WRSNs, path loss is another crucial chan-
nel characteristic that impacts the overall performance of the
proposed algorithm. Path loss refers to the attenuation of signal
energy as it propagates through space, which directly affects
the communication range and quality between sensors. Higher
path loss requires sensors to use increased transmission power
or to attempt communications more frequently, both of which
can lead to higher energy consumption [27]. Consequently, this
reduces the amount of energy available for sensing, thereby
degrading monitoring quality. The PSM utilized in the JMLA
algorithm depends on (1), in which the parameters λ and γ

are key to impact the attenuation model of path loss. The
parameter λ impacts the rate at which signal strength decreases
with distance; γ impacts the shape of the attenuation function,
further refining the dynamic range of signal attenuation.

To specifically investigate the impact of channel char-
acteristics on area coverage performance in the considered

WRSNs, this article extensively discusses the effects of packet
drop rate and path loss on the overall performance of the
JMLA algorithm according to the simulation experiments in
Section V.

C. Charging and Discharging Model
In the considered WRSNs, all sensors are solar-powered,

which has four possible states. During the daytime, each sensor
can stay in one of two states: charging and sensing state or
charging-only state. Because there is no solar energy during
nighttime, each sensor can stay in either sensing-only state or
sleeping state.

Sensors consume energy when they are in either charging
and sensing state or sensing-only state. Sensors operating
in these two states are referred to as active sensors. In the
charging and sensing state, each sensor can perform charging
and sensing operations simultaneously. In addition, sensors can
be charged in both the charging and sensing state and the
charging-only state. Conversely, sensors in the sleeping state
do not perform any operation or consume energy.

Let E denote total battery capacity, which is the maxi-
mum available energy for each sensor. Let udis

i,k denote the
discharging rate of the sensor si when its sensing radius is rk .
According to [22], the relationship between the sensing radius
and the discharging rate can be quantified by the following
equation:

udis
i,k = udis

i,m × (rk/rm)2 (2)

where udis
i,m is the discharging rate of si when it selects the

maximum sensing radius rm . The value of udis
i,m , which is given

in advance, is dependent on the basic features of the sensor.
Recall that the proposed algorithm partitions one day into

several equal-length cycles, denoted by Tc, and each cycle
consists of a fixed number of identical time slots. Then,
the algorithm allocates the equal available energy for each
cycle based on the estimated acquired energy. Given that the
discharging rate of a sensor reaches its maximum when the
sensor selects the maximum sensing radius rm , it is assumed
that the energy allocated for each cycle is only sufficient to
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Fig. 3. Example of the daytime and nighttime cycle and the charging
and discharging model.

sustain the sensor being activated at rm for one time slot per
cycle. This time slot, denoted by τ , serves as the fundamental
time unit in each cycle for task scheduling. The lengths of one
time slot and one cycle are further discussed in Section IV.

For ease of calculation, assume that the relation between
any sensing radius rk and the maximum sensing radius rm is
given by the following equation:

rm

rk
=

√
m − k + 1. (3)

Let tact
i,k denote the active time of the sensor si when it

selects the sensing radius rk , where the active time refers to
the maximum duration that the energy allocated for each cycle
allows the sensor to perform sensing operations. According
to (2) and (3), the value of tact

i,k can be calculated by applying
the following equation:

tact
i,k = (m − k + 1) · τ. (4)

Fig. 3 gives an example of daytime and nighttime cycle,
which reflects the considered charging and discharging model.
In this example, we have R = {r1, r2, . . . , rm}. According
to (3), we have

rk =
rm

√
m−k + 1

, r1 =
rm
√

m
.

As shown in Fig. 3, the sensor si can be activated in one
time slot when it adopts the maximum sensing radius rm . The
active time of si selecting sensing radii rk and r1 is (m−k+1)·τ

and m · τ , respectively.

D. Channel Selection and Transmission Scheduling
Protocol

In the considered WRSNs, the channel is assumed to be a
quasi-static fading channel. This channel model presumes that
the channel remains unchanged over a short period but under-
goes changes over a longer duration. The primary reasons for
assuming the channel to be a quasi-static fading channel are
given as follows. First, although the sensors are solar-powered,
the daily harvested energy is still limited. The quasi-static
fading channel assumption reduces the need for frequent
channel state updates, which helps conserve energy and pro-
longs the lifespan of the nodes. Second, under a quasi-static
fading channel, the channel remains relatively stable over a

short period, and sensor nodes do not require frequent chan-
nel estimation. This simplifies the algorithm implementation,
reduces computational overhead, and is suitable for resource-
constrained WRSNs. Finally, area coverage is mainly applied
in long-term monitoring of large areas, such as environmental
and industrial facility monitoring. These application scenarios
typically have stable environments. In this study, the sensors
are static with fixed deployment locations, resulting in slow
channel condition changes, that is, the channel remains stable
over a longer period and only undergoes significant changes
overextended durations. The quasi-static fading channel model
can better reflect the channel characteristics in actual environ-
ments, enhancing the practical application effectiveness of the
algorithm.

Under this assumption, the carrier sense multiple access
with collision avoidance (CSMA/CA) protocol is selected to
optimize communication efficiency and reduce data collisions.
This is primarily because, in a quasi-static fading channel, the
channel remains stable over a short period, making it well
suited for the collision avoidance mechanism of CSMA/CA.
Moreover, the implementation of the CSMA/CA protocol is
relatively simple, requiring sensor nodes to perform chan-
nel listening and basic random backoff calculations, which
incurs low computational overhead. In addition, CSMA/CA
reduces energy consumption by minimizing packet collisions
and retransmissions through its collision avoidance mecha-
nism. On the other hand, compared to time division multiple
access (TDMA) and code division multiple access (CDMA),
CSMA/CA does not require global clock synchronization or
complex code allocation. The proposed JMLA is a distributed
algorithm, and CSMA/CA can operate efficiently without
a central control node, aligning well with the distributed
algorithm application scenarios proposed in this article.

Let Boolean variables c(t) represent whether the channel
state is idle or busy at time t , that is,

c(t) =

{
1, if the channel state is idle at time t
0, if the channel state is busy at time t.

Each sensor si initial checks the current channel state c(t)
before attempting to transmit data. If the channel is idle
(c(t) = 1), si proceeds to the transmission preparation phase.
If the channel is busy (c(t)= 0), si enters the backoff phase.
Let T w

i denote the random backoff waiting time for the sensor
si when c(t)= 0. In the backoff phase, the sensor si initially
calculates the backoff time T w

i using an exponential backoff
algorithm controlled by the backoff stage k, that is,

T w
i = Random(0, 2k

− 1) × Bunit

where Bunit is the backoff time unit, which represents the
fundamental unit of time that a network node must wait before
attempting to retransmit data after detecting that the channel
is busy.

After the backoff time ends, si rechecks the channel status.
Upon confirming that the channel is idle, it sends a request
to send (RTS) signal, requesting data transmission. When the
receiver receives the RTS frame, it checks if the channel
is currently idle and if it is ready to receive data. If both
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conditions are met, it sends a clear-to-send (CTS) frame back
to si , indicating that it is CTS transmission. After receiving
the CTS response, si begins data transmission operation. Once
the transmission is completed, si receives an acknowledgment
signal (ACK), confirming that the data have successfully
reached the receiver.

E. Problem Statement
This article considers the area coverage problem in the

WRSNs that adopt the adjustable sensing radii sensors. The
proposed JMLA algorithm schedules sensors to cooperatively
detect the monitoring region R in a distributed manner, aiming
to maximize the monitoring quality while perpetuating the
network lifetime.

Let S denote a possible scheduling algorithm to construct an
area coverage. The following initially discusses the monitoring
quality under the scheduling algorithm S. It is noticed that
sensors are activated sequentially, and sensors in the sensing
state vary at different times. Therefore, the monitoring quality
should be considered in both spatial and temporal dimensions.
Let Sact

v,h(S) denote the set of sensors that can cover the point
v ∈ R and are scheduled to be activated at the time th by
applying algorithm S. Consider a space–time point (v, th),
where v ∈ R and th ∈ Tc. Let pS

v,h denote the cooperative
detection probability of all sensors in Sact

v,h(S) to the space–time
point (v, th), that is,

pS
v,h = 1 −

∏
si ∈Sact

v,h(S)

(1 − p(si , v)) (5)

where the term
∏

si ∈Sact
v,h(S)(1 − p(si , v)) represents the proba-

bility that all sensors in Sact
v,h(S) cooperatively monitor point v

but fail to detect an occurred event.
Let qS

v denote the monitoring quality to point v achieved
by applying algorithm S. To guarantee the monitoring quality,
this article defines qS

v as the weakest cooperative detection
probability to point v across all the time slots in one cycle,
that is,

qS
v = min

th∈Tc

pS
v,h .

Let Q(S) denote the monitoring quality of the area coverage
achieved by the algorithm S. To ensure that the monitoring
quality can be maximized to any point at any time, that is,
to any space–time point, Q(S) is represented by the weakest
monitoring quality among all active sensors to any point, that
is,

Q(S) = min
v∈R

qS
v. (6)

However, there are infinite points within monitoring region
R. This article applies the grid-based approach to cope with
this problem. The detail of this approach is presented in
Section IV.

The proposed JMLA algorithm aims to maximize the mon-
itoring quality of the constructed area barrier while balancing
energy consumption and acquisition to perpetuate the network
lifetime of deployed WRSNs. The object function of this
article is given as follows:

Objective Function:

Max
[

Q(S) = min
v∈R

qS
v

]
. (7)

Equation (7) should be achieved under some constraints,
which are presented in the following.

Let Boolean variables Mcha&sen
i,h , Mcha-only

i,h , M sen-only
i,h , and

M slp
i,h represent whether sensor si stays in charging and sensing,

charging-only, sensing-only, or sleeping states at th , respec-
tively, that is,

Mcha&sen
i,h =

{
1, if si stay in charging and sensing state at th

0, otherwise

Mcha-only
i,h =

{
1, if si stay in charging-only state at th

0, otherwise

M sen-only
i,h =

{
1, if si stay in sensing-only state at th

0, otherwise

M slp
i,h =

{
1, if si stay in sleeping state at th

0, otherwise.

Equation (8) gives the state constraint, which ensures that
each sensor can only stay in one of these four states at any
given time.

1) State Constraint:

Mcha&sen
i,h + Mcha-only

i,h + M sen-only
i,h + M slp

i,h = 1. (8)

The second constraint guarantees that each scheduled sensor
should be activated at least one time slot within each cycle
such that all sensors will participate in the monitoring task.
Equation (9) reflects this constraint.

2) Working Constraint:

⌈
Tc
τ ⌉∑

h=1

Mcha&sen
i,h + M sen-only

i,h ≥ 1 ∀si . (9)

Let pPV(t) denote the PV power function, which reflects the
real-time solar power. The total amount of energy that can
be obtained from solar power in one day is

∫ te
ts

pPV(t)dt ,
where ts and te are the starting and ending times of daytime,
respectively. Recall that the active time of the sensor when
it selects the sensing radius rk in one cycle is t sen

i,k , and each
sensor is activated in the same time slot within each cycle
to maintain equal monitoring quality across cycles. Therefore,
the total amount consumed energy of each sensor in one day,
denoted by Econ

tot , can be calculated by applying the following
equation:

Econ
tot =

(
udis

i,k · t sen
i,k

)
·

⌈
T
Tc

⌉
(10)

where T and Tc are the length of one day and one cycle,
respectively. To guarantee the perpetual network lifetime, the
acquired energy and the consumed energy of each sensor must
be balanced each day. Equation (11) reflects this constraint.
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3) Perpetual Lifetime Constraint:∫ te

ts
pPV(t)dt =

(
udis

i,k · t sen
i,k

)
·

⌈
T
Tc

⌉
. (11)

Nomenclature summarizes the parameters used in this arti-
cle. Then, Section IV presents the proposed JMLA algorithm,
which aims to achieve the objective function shown in (7)
while satisfying constraints given in (8), (9), and (11).

IV. PROPOSED JMLA ALGORITHM

This article proposed a novel area coverage algorithm,
called JMLA for area coverage. The JMLA algorithm aims to
efficiently schedule each sensor to perform sensing, charging,
and sleeping operations in different time slots according to
its sensing radius to cooperatively monitor the given region,
which helps maximize the monitoring quality while perpetu-
ating the network lifetime.

The JMLA algorithm mainly consists of three phases,
including the space–time partitioning phase, the monitoring
contribution computation phase, and the scheduling phase.

Initially, the monitoring region R is divided into several
grids with equal size. Moreover, considering the variability of
solar power and its susceptibility to weather conditions, the
JMLA utilizes calculations based on similarity to pinpoint the
day from the previous year that best matches the expected
meteorological conditions of the forthcoming day. Then, the
PV power function of that day is applied to predict the actual
PV power for the forthcoming day, thus estimating potential
solar energy availability. Following this, the JMLA segments
the continuous time into multiple time slots of uniform length.
Each cycle consists of a fixed number of time slots. The
duration of each slot and cycle is determined by the predicted
PV power for the next day and the discharging rate of sensors
to ensure a balance between energy consumption and supply.
These organized time slots and uniformly sized grids form
a structured series of space–time points, enabling straightfor-
ward assessment of monitoring quality for each grid during
each time interval. The second phase involves calculating the
detection probability of each sensor for each grid, representing
the monitoring contribution of each sensor.

In the last phase, the algorithm identifies the bottleneck
space–time point that has the weakest cooperative detection
probability. Then, it designs the task schedule in a distributed
manner, prioritizing the sensors with the maximum contribu-
tion to the bottleneck space–time point, aiming to maximize
monitoring quality for area coverage.

A. Space–Time Partitioning Phase
The primary objective of the proposed algorithm is to

initially identify the bottleneck space–time point, consisting
of a specific time point (when) within a cycle and a loca-
tion (where) in monitoring region R, where the cooperative
detection probability is the weakest. Subsequently, the JMLA
schedules the sensor with the maximum monitoring contri-
bution to enhance the cooperative detection probability of
bottleneck space–time point, aiming to maximize the moni-
toring quality of area coverage. However, both the time points
and locations in R are infinite. To simplify the investigated

Fig. 4. Scenario of partitioned region R monitored by three active
sensors.

issue and reduce the computation complexity, this phase first
partitions the R into several identical grids by applying a grid-
based approach. The detection probability of each sensor to
any point in one grid is considered to be identical. A grid with
the coordinates (x , y) represented by g(x,y). The top-left grid is
labeled g(1,1). When the grid is shifted one position to the right,
the value of x increases by one, and when it is shifted down,
the value of y increases by one. Fig. 4 shows an example of a
monitoring region R, partitioned into 14 × 9 identical grids,
monitored by three active sensors s1–s3.

Based on the same considerations for space partitioning,
the time axis then will be partitioned into several equal-length
cycles and each cycle consists of several equal-length time
slots. Sensors will be scheduled to operate in different states
across various time slots within one cycle, and their task
schedules will be consistent across all cycles, ensuring uniform
monitoring quality at all times. The length of each time
slot and cycle is determined by evaluating the potential for
energy acquisition of the next day and the discharging rate of
each sensor with the corresponding sensing radius, where the
potential for energy acquisition can be derived from the PV
power of the next day. However, the PV power of the next
day is unknown, which needs to be forecast.

The operation of this phase consists of two steps. The first
step is to employ the similarity-based calculation to identify
the day in the previous year that most closely resembles the
meteorological scenario of the next day. It then uses the PV
power function from that day to estimate the PV power for
the next day. The second step is to calculate the length of one
time slot and one cycle in both daytime and nighttime, based
on the assessment of the PV power and the discharging rate
of each sensor, aiming to balance the acquired and consumed
energy.

Step 1 (PV Power Evaluation for the Next Day): The total
amount of solar energy in a certain period is the integral
of the PV power function [23]. Therefore, the future PV
power function should be forecast in advance. Most existing
studies adopt deep learning algorithms to forecast PV power,
which requires a high-performance computing device to train
the forecasting model. However, since most devices in the
WRSNs have limited power and computing capabilities, it is
impractical to forecast future PV power using deep learning
algorithms.

To forecast the next day’s PV power within an acceptable
error margin, while conserving computational resources, the
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JMLA algorithm first stores the previous year’s daily PV
power and related meteorological data at the base station,
followed by the acquisition of the next day’s meteorologi-
cal data forecasts through the network. The main weather
factors that influence PV power generation include horizon-
tal radiation, land surface temperature, surface wind speed,
relative humidity, and total cloud cover [24]. JMLA then
creates two matrices to systematically record historical and
future meteorological data. This structured approach provides
an organized framework that ensures effective storage and
access to meteorological data across various time intervals.
Assume that meteorological data are recorded n times per day,
with equal time intervals between each recording point. The
i th recording time point is represented by fi . Let m1–m5
represent the identifiers for horizontal radiation, land surface
temperature, surface wind speed, relative humidity, and total
cloud cover, respectively. Let Mi-his

met denote the historical daily
meteorological data matrix that records the meteorological
data for i th day of the previous year, which is shown as
follows:

Mi-hist
met =

di-hist
m1,f1

· · · di-hist
m1,fn

...
. . .

...

di-hist
m5,f1

· · · di-hist
m5,fn

 (12)

where di-hist
mp,fq

represents the corresponding meteorological
data at the qth recording time point on the i th day of the
previous year.

Because there are 365 days in one year, let Mhist
met denote the

set of historical daily meteorological data matrices, which is
defined as

Mhist
met =

{
M1-hist

met , M2-hist
met , . . . , M365-hist

met

}
.

Let M j-fore
met denote the forecast meteorological data matrix

that records the meteorological data for the next day, which is
the j th day of this year, that is,

Mi-fore
met =


d

j-fore
m1,f1

· · · d
j-fore
m1,fn

...
. . .

...

d
j-fore
m5,f1

· · · d
j-fore
m5,fn

 (13)

where d
j-fore
mp,fq

represents the corresponding meteorological
data at the qth time point in the next day.

Subsequently, the JLMA algorithm aims to identify the day
in the previous year that most closely matches the meteorolog-
ical conditions expected for the next day. For convenience, this
day is referred to as the “template day” for the next day. It then
selects the PV power function from this template day to serve
as the template PV power function for the next day. To achieve
this, JMLA first calculates the difference between M j-fore

met and
each matrix Mi-hist

met ∈ Mhist
met by applying the Frobenius norm,

or F-norm in short [25]. Let Mmet-hist
i, j denote the difference

matrix between M j-fore
met and Mi-hist

met , that is,

Mmet-hist
i, j = M j-fore

met − Mi-hist
met

=


d

j-fore
m1,f1

− di-hist
m1,f1

· · · d
j-fore
m1,fn

− di-hist
m1,fn

...
. . .

...

d
j-fore
m5f1

− di-hist
m5f1

· · · d
j-fore
m5fn

− di-hist.
m5fn

.

(14)

The F-norm of Mmet-hist
i, j can be calculated by applying the

following equation:

∥∥Mmet-hist
i, j

∥∥
F

=

√√√√ 5∑
p=1

n∑
q=1

∣∣∣dj-fore
mp,fq

− di-hist
mp,fq

∣∣∣2. (15)

Let Mtem-hist
met denote the matrix that records the meteorolog-

ical data from the template day, that is,

Mtem-hist
met = arg min

M1-hist
met ∈Mhist

met

∥∥Mmet-hist
i, j

∥∥
F
. (16)

The PV power function of the template day, provided in
advance, is used to approximate the actual PV power function
of the next day. This function serves to estimate the potential
for solar energy acquisition on the next day.

Step 2 (Calculating the Length of One Time Slot and Cycle):
Based on the template PV power function for the next day,
this step involves calculating the lengths of each time slot
and cycle to maintain a balance between the acquired energy
and consumed energy of each sensor during both daytime and
nighttime periods.

It is noticed that the solar power is available only during the
daytime. Recall that ts and te are the starting and ending times
of daytime, respectively. Let pPV

j-tem(t) denote the template PV
power function of the next day, which is the j th day of this
year. Let Eacq-est

tot denote the estimated total amount of energy
that can be acquired from solar power in the next day, and the
value of Eacq-est

tot is

Eacq-est
tot =

∫ te

ts
pPV

j-tem(t)dt . (17)

By considering the sensing operation of each sensor during
the nighttime, the JMLA algorithm reserves enough energy
for each sensor in advance to support each sensor performing
sensing operation during nighttime. Let Ed

j and En
j denote the

energy allocated for each sensor during daytime and nighttime,
respectively. To achieve the balance between the obtained
energy and consumed energy throughout the day, the following
equation should be satisfied:

Ed
j + En

j =

∫ te

ts
pPV

j-tem(t)dt . (18)

Since each sensor can be continuously charged from solar
power during the daytime, the balance between the obtained
energy and consumed energy through the daytime can be
achieved if this balance is maintained in each cycle. Therefore,
the energy allocated for each sensor consumed in each cycle is
Ed

j . Recall the charging and discharging model, and the energy
allocated for each cycle is only sufficient to sustain the sensor
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being activated with the maximum sensing radius rm for one
time slot per cycle. Therefore, the length of each cycle is

τ =
Ed

j

udis
i,m

(19)

where udis
i,m is the discharging rate of the sensor si when its

sensing radius is rm .
The following further discusses the length of one cycle.

As shown in Fig. 3, there are αcha
day and αcha

night time slots that
are allocated to charge the energy for each sensor consuming
during daytime and nighttime, respectively. The length of each
cycle can be calculated once the values of αcha

day and αcha
night

are determined. To achieve the balance between the obtained
energy and consumed energy in each cycle, the following
equation should be satisfied:∫ te

ts
pPV

j-tem(t)dt

(te − ts)
× τ × αcha

day = udis
i,m × τ (20)

where ((
∫ te

ts
pPV

j-tem(t)dt)/(te − ts)) is the average PV power
during the daytime. Based on (20), the value of αcha

day can be
calculated, that is,

αcha
day =

udis
i,m(te − ts)∫ te

ts
pPV

j-tem(t)dt
. (21)

The following further calculated the value of αcha
night.

As shown in Fig. 3, there are β
cyc
day cycles during the nighttime.

Therefore, the total amount of energy charged from solar
power to support each sensor performing sensing operations
during nighttime is given as follows:

En
j = β

cyc
day × αcha

night × τ ×

∫ te
ts

pPV
j-tem(t)dt

(te − ts)
(22)

where the value of β
cyc
day is

β
cyc
day =

te − ts(
αcha

day + αcha
night

)
× τ

. (23)

As shown in Fig. 3, there are β
cyc
night cycles during the

nighttime, that is,

β
cyc
night =

T − te + ts((
α

cha
day + αcha

night

)
× τ

) (24)

where T is the length of one day.
Since the task schedules for each sensor are identical across

different cycles, each sensor consumes the same amount of
energy in every cycle. Based on the number of cycles during
the nighttime, the total amount of consumed energy of each
sensor during the nighttime is β

cyc
night × τ × udis

i,m . To balance
the charged energy to support each sensor performing sensing
operations during nighttime and the consumed energy during
the nighttime, the following equation should be satisfied:

β
cyc
day × αcha

night × τ ×

∫ te
ts

pPV
j-tem(t)dt

(te − ts)
= β

cyc
night × τ × udis

i,m . (25)

According to (25), the value of αcha
night is

αcha
night =

udis
i,m(T − te + ts)∫ te

ts
pPV

j-tem(t)dt
. (26)

Consequently, the length of one cycle Tc is

Tc =

(
T × udis

i,m

)∫ te
ts

pPV
j-tem(t)dt

× τ. (27)

Until now, the continuous time can be partitioned into
several equal-length time slots, with the length of one time
slot provided in (19). Each cycle consists of (T × udis

i,m)/time
slots consists.

In the next phase, the detection probability of each sensor
to each covered grid is calculated, representing the monitoring
contribution of each sensor.

B. Monitoring Contribution Computation Phase
The detection probability of each sensor to each grid is

calculated in this phase. Assume that grid g(x,y) is covered by
the sensor si , and the detection probability of si g(x,y) depends
on whether or not g(x,y) is completely covered by si and the
positions of g(x,y) and si . In case that g(x,y) is partially covered
by g(x,y), events occurring within the uncovered part in g(x,y)

will not be detected by si . Therefore, the detection probability
of si to g(x,y) is 0 to ensure the monitoring quality.

In case that g(x,y) is completely covered by si , the detection
probability of si to g(x,y) depends on the distance between si

and g(x,y). Let vfar
i,(x,y) denote the farthest point in g(x,y) to si ,

that is,

vfar
i,(x,y) = arg max

v∈g(x,y)

d(v,si ). (28)

To ensure the monitoring quality, the point vfar
i,(x,y) is selected

as the representative point of the grid g(x,y). Therefore, the
detection probability of si to g(x,y) can be calculated by
applying the following equation:

p
(
si , g(x,y)

)
= p

(
si , v

far
i,(x,y)

)
. (29)

The following further discusses the case that two or more
active sensors can completely cover the grid g(x,y). Let
8cov

(x,y) = {scov
(x,y),1, scov

(x,y),2, . . . , scov
(x,y),n} denote the set of active

sensors that fully covers the grid g(x,y). Let p(8cov
(x,y), g(x,y))

denote the cooperative detection probability of all sensors in
8act

x,y to g(x,y). The value of p(8cov
(x,y), g(x,y)) can be calculated

by applying the following equation:

p
(
8cov

(x,y), g(x,y)

)
= 1 −

n∏
i=1

[
1 − p

(
scov
(x,y),i , g(x,y)

)]
. (30)

As shown in Fig. 4, g(2,2) is only partially covered by s1,
and we have p(s1, g(2,2)) = 0. The grid g(3,8) is completely
covered by the sensor s2, and the farthest point in g(3,8) to s2
is marked by the red point, as shown in Fig. 4. The detection
probability of s2 to g(3,8) depends on the distance between s2
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and vfar
2,(3,8). By applying (1), the value of p(s2, g(3,8)) is

p
(
s2, g(3,8)

)
= p

(
s2, v

far
2,(3,8)

)
=

{
100%, d

(
s2, v

far
2,(3,8)

)
≤ rg

e−λ(d(s2,v
far
2,(3,8))−rg)

γ

, rg < d
(
s2, v

far
2,(3,8)

)
≤ rm .

Furthermore, the grid g(6,5) is completely covered by s1–
s3, that is, 8cov

(6,5) = {s1, s2, s3}. The cooperative detection
probability of all the sensors in 8cov

(6,5) to g(6,5) is

p
(
8cov

(6,5), g(6,5)

)
= 1 −

3∏
i=1

[
1 − p

(
si , g(6,5)

)]
.

In this phase, the detection probability of each sensor to
each grid is calculated, which is considered as the monitoring
contribution of each sensor to each grid. If the detection of a
sensor to a grid is 0, it is considered to have no monitoring
contribution to this grid.

The next phase aims to first identify the bottleneck
space–time point that has the weakest cooperative detection
probability and then schedule the sensor with the largest
monitoring contribution to the bottleneck space–time point,
aiming to maximize the monitoring quality.

C. Scheduling Phase
The main task of this phase is to schedule a set of active

sensors to be activated in different time slots to monitor the
given area R, aiming to maximize the monitoring quality
of constructed area coverage while perpetuating the network
lifetime. To achieve this, the scheduling phase consists of
three steps. The first step is to initially identify the bottleneck
space–time point that has the weakest cooperative detection
probability based on the current schedule of all sensors. In the
second step, the sensor with the maximum monitoring contri-
bution is scheduled to participate in monitoring the bottleneck
space–time point in a distributed manner while satisfying the
constraints given in (8), (9), and (11). In the last step, each
sensor cooperates with its neighbors, aiming to achieve the
maximal monitoring quality.

The operations mentioned above are performed repeatedly
until all sensors are scheduled, and the area coverage is
achieved.

Step 1 (Finding the “bottleneck space–time point”): In
the space–time partitioning phase, the continuous time has
been partitioned into several identical time slots and a fixed
number of time slots consist of each cycle. These time
slots and partitioned grids in monitoring region R can form
multiple space–time points. Each space–time point is a 2-D
data structure and can be represented by (g(x,y), th), which
corresponds to the grid g(x,y) at time slot th . Based on this
scheme, the cooperative detection probability of all active
sensors to g(x,y) at time slot th can be easily represented by
the cooperative detection probability to (g(x,y), th). This allows
for the evaluation of monitoring quality in both spatial and
temporal dimensions.

This step is to initially calculate the cooperative detection
probability of current active sensors to each space–time point

and then identify the bottleneck space–time point that has
the weakest cooperative detection probability, which is the
point that needs to be monitored by more sensors. Because
the proposed JMLA algorithm schedules all the sensors in
a distributed manner, each sensor is responsible for its local
monitoring region (LMR), which consists of the grids located
within its sensing radius. Let LMRi denote the LMR of si ,
that is,

LMRi = {g(x,y)|d
(
si , g(x,y)

)
≤ rm} ∀g(x,y) ∈ R (31)

where rm is the maximum sensing radius of each sensor.
Considering the space–time points, let LMRst

i denote the
local monitoring space–time region of si , which expands the
LMRst

i into two dimensions. This means that each sensor si

only focuses on the monitoring quality of its LMR in the
spatial dimension and the time slots within one cycle in the
temporal dimension. LMRst

i is given as follows:

LMRst
i = {(g(x,y), th)|g(x,y) ∈ LMRi ,th ∈ Tc} (32)

where Tc is one cycle.
Let p(x,y),h denote the cooperative detection probability of

all the active sensors to the space–time point (g(x,y), th), which
reflects the cooperative detection probability contributed by the
set of active sensors that can fully cover the grid g(x,y) at time
slot th . The value of p(x,y),h can be calculated by applying the
following equation:

p(x,y),h = 1 −

∏
s j ∈Ssch

(x,y),h

[1 − p(s j , g(x,y))] (33)

where Ssch
(x,y),h is the set of sensors that can fully cover g(x,y)

and are scheduled to be active at the time slot th .
Let obott

i,loc denote the local bottleneck space–time points in
LMRst

i , that is,

obott
i,loc = arg min

(g(x,y),th)∈LMRst
i

p(x,y),h . (34)

To obtain the details of Ssch
(x,y),h , the matrices M sch

i,loc and
MQoM

i,loc are adopted to store the local current sensor scheduling
results and local monitoring quality in LMRst

i , respectively.
Both of these two matrices are maintained by si . M sch

i,loc is
applied to store the current task schedule of all the neighboring
sensors of si . A sensor s j is considered the neighboring sensors
of si if the Euclidean distance between si and s j is less
than their communication radius, which is twice the maximum
sensing radius. Let N(si ) denote the set of neighboring sensors
of si , and we have

N(si ) =
{
s j | d

(
si , s j

)
≤ 2rm

}
.

Assume that each cycle has n time slots, and the structure
of M sch

i,loc is

M sch
i,loc =

 Ssch
(x1,y1),1 · · · Ssch

(x1,y1),n
...

. . .
...

Ssch
(xm ,ym),1 · · · Ssch

(xm ,ym),n

. (35)

The matrix MQoM
i,loc is applied to store the cooperative detec-

tion probability of all the space–time points in LMRst
i . The
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Fig. 5. Example of finding the bottleneck space–time point and sensor
scheduling.

structure of MQoM
i,loc is

MQoM
i,loc =

 p(x1,y1),1 · · · p(x1,y1),n
...

. . .
...

p(xm ,ym ),1 · · · p(xm ,ym),n

. (36)

Each sensor will broadcast its scheduling result to all its
neighboring sensors, and then, M sch

i,loc can be initially obtained.
Each element p(xv ,yv),h in MQoM

i,loc can be calculated according
to (33).

Based on MQoM
i,loc , the local bottleneck space–time point obott

i,loc
can be found by applying (34). In case multiple space–time
points satisfy (34), let Obott

i,loc denote the set of local space–time
points in LMRst

i . The next step aims to schedule the sensor
with the maximum monitoring contribution to enhance the
monitoring quality of LMRst

i .
Fig. 5 depicts an example to illustrate the operation of

finding the bottleneck space–time point. As shown in Fig. 5,
a set of sensors S = {s1, s2, . . . , s5} are randomly deployed in
the partitioned monitoring region. For an unscheduled sensor
s2, the set of available sensing radii is R = {r1, r2, r3}. The
local monitoring space–time region of s2 is

LMRst
2 =

{(
g(x,y), th

)
| d
(
s2, g(x,y)

)
≤ r3, th ∈ Tc

}
.

The set of neighboring sensors of s2 is N(s2) =

{s1, s2, s3, s4, s5}. Assume that each cycle Tc has three time
slots, and the local current sensor scheduling results in LMRst

2
is

M sch
2,loc =

 s3,3 ∅ s5,3
s1,2 s1,2 ∅

∅ ∅ s4,3


where each element si,k in M sch

2,loc represents the sensor si with
sensing radius rk .

Then, the matrix MQoM
2,loc can be calculated based on the

matrix M sch
2,loc, which is given as follows:

MQoM
2,loc =

 0.417 0.215 1
0.823 0.716 0.613
0.454 0.454 0.725

.

obott
2,loc can be found by applying (34), which is (g(1,1), t2) and

is marked in red ink in MQoM
2,loc .

Step 2 (Scheduling Sensor With the Maximum Contribu-
tion to Monitor the Bottleneck Space–Time Point): Since the
detection probability of each sensor to each grid is considered
as the monitoring contribution of each sensor, sensor si is
considered to have a monitoring contribution to the space–time
point (g(x,y), th) if sensor si can completely cover the grid
g(x,y) that is activated in time slot th . The main task of this
step is to schedule the sensor with the maximum monitoring
contribution to the local space–time point, which is referred
to as the best task schedule, in a distributed manner, aiming
to maximize the monitoring quality.

The task schedule of each sensor includes its sensing radius
and corresponding active time in each cycle. Let sk

i denote
the kth possible task schedule for the sensor si , which can be
expressed as follows:

Sk
i =

(
rk, tk

1 , tk
2 , . . . , tk

n

)
where each tk

h in Sk
i is a Boolean variable that represents

whether si is activated at the time slot th , that is,

tk
h =

{
1, if si is activated at th under task schedule Sk

i

0, otherwise.

Recall that the active time of each sensor in one cycle should
satisfy (4), and therefore, any feasible task schedule for the
sensor si should satisfy the following constraint:

n∑
h=1

tk
h = m − k + 1.

Let Sbott
i denote the set of feasible task schedules for si

that has the monitoring contribution to the local bottleneck
space–time points in Obott

i,loc. When sensor si adopts the feasible
task schedule Sk

i ∈ Sbott
i , the local monitoring quality matrix

MQoM
i,loc should be updated accordingly. Let M ′

i,loc(Sk
i ) denote

the updated local monitoring quality matrix when si adopts
the task schedule Sk

i , which is given as follows:

M ′QoM
i,loc

(
Sk

i

)
=

 p′

(x1 y1)1

(
Sk

i

)
· · · p′

(x1 y1)n

(
Sk

i

)
...

. . .
...

p′

(xm ym )1

(
Sk

i

)
· · · p′

(xm ym )n

(
Sk

i

)
 (37)

where each element p′

(xv ,yv),h(Sk
i ) in M ′QoM

i,loc (Sk
i ) represents the

updated cooperative detection probability to space–time point
(g(xv ,yv), th) after si adopting the task schedule Sk

i . The value
of p′

(xv ,yv),h(Sk
i ) can be calculated by applying the following

equation:

p′

(xv ,yv),h

(
Sk

i

)
= 1 −

(
1 − p(xv ,yv),h

)(
1 − p

(
si , g(xv ,yv)

)
× tk

h

)
.
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Based on M ′QoM
i,loc (Sk

i ), the new local bottleneck space–time
point in LMRst

i , denoted by o′bott
i,loc(Sk

i ), can be obtained accord-
ing to the following equation:

o′bott
i,loc

(
Sk

i

)
= arg min

(g(xv ,yv ),th)∈LMRst
i

p′

(xv ,yv),h

(
Sk

i

)
. (38)

The primary purpose of this step is to enhance the coop-
erative detection probability of local bottleneck space–time
points by scheduling the sensor with the maximum monitor-
ing contribution, aiming to maximize the monitoring quality.
Let bbott(Sk

i ) denote the benefit of si monitoring the local
space–time point by adopting the feasible task schedule Sk

i ∈

Sbott
i , and the value of bbott(Sk

i ) can be calculated as follows:

bbott(Sk
i

)
= p′bott

(xv ,yv),h

(
Sk

i

)
− p(xv ,yv),h

bott (39)

where p′bott
(xv ,yv),h(Sk

i ) and pbott
(xv ,yv),h are the cooperative detection

probability of o′bott
i,loc(Sk

i ) and obott
i,loc, respectively. The value of

bbott(Sk
i ) reflects the improved local monitoring quality when

si participates in monitoring by adopting the task schedule Sk
i .

Let Sbest
i denote the best task schedule for si , which aims to

maximize the improved local monitoring quality. Sbest
i can be

derived by the following equation:

Sbest
i = arg max

Sk
i ∈Sbott

i

[
bbott(Sk

i

)]
. (40)

However, there may exist more than one task schedule for si

that satisfies (40). To finally select the best task schedule that
can maximize the monitoring quality of the constructed area
coverage, the JMLA algorithm further investigates the other
advantages of the task schedules that satisfy (40). Let Scand

i
denote the set of candidate best task schedules for si . To fully
utilize the detection capability of each sensor, the proposed
algorithm aims not only to enhance the cooperative detection
probability of the bottleneck space–time point but also to
improve the cooperative detection probability of all space–
time points. Let boverall(Sk

i ) denote the overall benefit of si

monitoring the local space–time point by adopting the feasible
task schedule Sk

i , which is the total amount of improved
cooperative detection probability of all space–time points in
LMRst

i . To calculate the value of boverall(Sk
i ), a matrix, which

is denoted by MQoM-Im
i,loc (Sk

i ), is initially established to store the
improved cooperative detection probability of all space–time
points in LMRst

i . MQoM-Im
i,loc (Sk

i ) is given as follows:

MQoM-Im
i,loc

(
Sk

i

)
= M ′QoM

i,loc

(
Sk

i

)
− MQoM

i,loc

·

 p′
(x1,y1),1

(
Si k
)
− p(x1,y1),1 · · · p′

(x1,y1),n
(
Sk

i

)
− p(x1,y1),n

...
. . .

...

p′
(xm ,ym ),1

(
Sk

i

)
− p(xm ,ym ),1 · · · p′

(xm ,ym ),n
(
Sk

i

)
− p(xm ,ym ),n

.

Subsequently, the value of boverall(Sk
i ) can be calculated

according to the following equation:

boverall(Sk
i

)
=

m∑
v=1

n∑
h=1

[
p′

(xv ,yv),h

(
Sk

i

)
− p(xv ,yv),h

]
. (41)

Finally, the candidate best task schedule for si that satisfies
the following equation will be selected as the best task

schedule, that is,

Sbest
i = arg max

Sk
i ∈Scand

i

[
boverall(Sk

i

)]
. (42)

However, the best task schedules for neighboring sensors
might contradict each other. To address this problem and
achieve cooperative monitoring, the random back-off and
decision-announcement scheme is designed and presented in
the third step.

Fig. 5 further depicts an example to illustrate the operations
in this step. Recall that in the example given in step 1,
the unscheduled sensor is s2, the current local bottleneck
space–time point obott

2,loc is (g(1,1), t2). Therefore, the set of fea-
sible task schedules for si that has the monitoring contribution
to obott

2,loc, which is denoted by Sbott
2 , is listed as follows:

S1
2 = (r2, 1, 1, 0)

S2
2 = (r2, 0, 1, 1)

S3
2 = (r3, 0, 1, 0).

For each task schedule Sk
2 ∈ Sbott

2 , the local monitoring
quality matrix MQoM

2,loc is updated accordingly, and each corre-
sponding matrix M ′QoM

2,loc(Sk
2) can be obtained by applying (37),

which is given in Fig. 5. The new local bottleneck space–time
point o′bott

2,loc(Sk
2) when s2 selects Sk

2 can be obtained according
to (38), which is marked in red ink in each matrix M ′QoM

2,loc(Sk
2)

shown in Fig. 5. Each of benefit bbott(Sk
2) and overall benefit

boverall(Sk
2) of s2 that selects Sk

2 is calculated and given in Fig. 5.
Finally, the best task schedule for s2 uniquely determined
according to (40) and (42), which is S2

2, and it is marked by a
green dotted box in Fig. 5.

Step 3 (The random back-off and decision-announcement
scheme): After obtaining the best task schedule for each sensor
si , each si should wait for a specified amount of time to
avoid conflicts between the task schedules of neighboring
sensors and to ensure that the better task schedule is prior-
itized. To achieve this, the waiting time for each sensor si is
determined based on the benefit and the overall benefit of its
task schedule. Let Twait

i denote the waiting time for si , which
is given in the following equation:

Twait
i =

[
ω1 · bbott(Sbest

i

)
+ ω1 · boverall(Sbest

i

)]−1
(43)

where ω1 is much larger than ω2, and reflecting the pri-
mary objective of the proposed algorithm is to maximize
the cooperative detection probability of bottleneck space–time
point. In addition, it aims to enhance the cooperative detection
probability across all space–time points.

Each sensor si waits for the waiting time before initiating its
monitoring task according to its task schedule. If the sensor si

does not receive a task schedule broadcast from its neighbors
after the waiting time has elapsed, si can broadcast its task
schedule Sbest

i and begin to monitor the given region. Each
sensor s j that is loser in the random back-off procedure should
update its local monitoring quality matrix MQoM

j,loc and local
current sensor scheduling results matrix M sch

j,loc according to
the received task schedule and then redesign its task schedule
according to the operations presented in step 2.
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Table II summarizes the process of the proposed JMLA
algorithm. The proposed JMLA algorithm consists of three
phases. The space–time partitioning phase is summarized in
steps 1–3. Subsequently, the monitoring contribution com-
putation phase is summarized in step 4. Finally, steps 5–8
summarize the scheduling phase.

To demonstrate the feasibility and efficiency of the proposed
JMLA algorithm, a time complexity analysis is provided
as follows. During the space–time partitioning phase, the
monitoring region is initially divided into c1 × c2 grids,
and then, the PV power for the next day is evaluated. The
time complexity of the space partitioning process is O(C),
where C = c1 × c2. The PV power evaluation involves
similarity-based calculation using matrices. Because there are
365 days in one year and the number of selected weather
factors that influence PV power generation is five, the com-
plexity of PV power evaluation is O(365 ·n ·5), where n is the
number of meteorological data records per day. Considering
that 365 and 5 are constants, the actual time complexity of PV
power evaluation is O(n). Finally, the length of one time slot
and cycle calculation involves dividing a day into β cycles,
each containing time α slots. The process in this step is
straightforward, with a time complexity of O(α · β).

Subsequently, during the monitoring contribution computa-
tion phase, each sensor si initially identifies the grids it can
fully cover and simultaneously checks whether these grids are
fully covered by one or more sensors. The time complexity
of this step is O(m · C), where m is the number of deployed
sensors and C is the number of grids. Then, each sensor si

calculates the detection probability to the grids that can be
fully covered by si . Assume that si can fully cover ki grids.
The time complexity of this step is O(m · ki ).

Finally, during the scheduling phase, each sensor inde-
pendently determines its priority for entering the sensing
state based on its monitoring contribution. Therefore, the
decision-making time complexity for each sensor is O(1) as it
only needs to make a decision based on its own information
and that of its neighboring sensors. When the number of
deployed sensors is m, the overall time complexity of this
phase is O(m).

In summary, the time complexity of the space–time parti-
tioning phase is O(C + n + α ·β), the time complexity of the
monitoring contribution computation phase is O(m·C + m·ki ),
and the time complexity of the scheduling phase is O(m).
Therefore, the overall time complexity of the JMLA algorithm
is O(C + n + α · β + m(C + ki + 1)). This indicates that
the time complexity of the algorithm is manageable and scales
linearly with the key parameters.

The JMLA algorithm effectively optimizes energy consump-
tion and network communication through dynamic scheduling
and self-organizing mechanisms. Sensors determine their sta-
tus and activation time based on their monitoring contribution,
and the sensor with the largest monitoring contribution will be
prioritized for activation, thereby enhancing the monitoring
quality. The base station, equipped with robust computa-
tional and storage capabilities, performs data aggregation
and preprocessing to reduce redundant data and transmission
load. The use of multihop communication further enhances

TABLE II
JMLA ALGORITHM

data transmission efficiency, reducing the energy consumption
associated with long-distance communication. In practical
applications, the JMLA algorithm precisely calculates the
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TABLE III
SIMULATION PARAMETERS

monitoring contribution of each sensor, improving data col-
lection accuracy. Its self-organizing nature and distributed
computing approach ensure good scalability, making it suitable
for large-scale sensor networks. In addition, the dynamic
scheduling mechanism enhances system reliability, allowing
the network to maintain effective monitoring capabilities even
when some sensors fail or deplete their energy. In summary,
the JMLA algorithm demonstrates efficiency, energy savings,
reliability, and scalability in practical applications, making it
highly valuable for real-world use.

To provide a detailed explanation of the operational mecha-
nism of our proposed system in practical applications, the main
operational steps of the JMLA algorithm and their execution
details across different nodes are described as follows. The
system first performs initialization. WRSNs are first deployed
in the monitoring region, ensuring that the positions and
coverage areas of all sensors are known. The specialized
base stations within the system are responsible not only for
data collection but also for acquiring historical meteorological
data and weather forecasts via an internet connection. Subse-
quently, during daily operations, the base station selects a day
from historical data that resembles the current weather forecast
and applies the PV power function to calculate the solar
energy supply for each time period of the day, which is then
distributed to the sensors through multihop transmission. Each
sensor, based on the solar energy estimation, divides the day
into multiple periods and time slots and independently calcu-
lates its energy budget. In addition, sensors autonomously form
space–time points based on predefined parameters and calcu-
late cooperative detection probabilities for each space–time
point within their local monitoring space–time region. Each
sensor independently identifies its local bottleneck space–time
points, and the sensor with the largest monitoring contribution
will be prioritized for activation. Sensors regularly collect
environmental data and transmit it to the base station via
multihop transmission. The sink node then performs data
fusion and analysis, generating regional monitoring reports,
and ultimately transmits the processed data to a data process-
ing terminal for further analysis and storage. Through these
steps, the JMLA algorithm not only operates efficiently and
reliably in practical applications but also ensures effective data
transmission and processing through a distributed approach,
thereby achieving high motoring quality.

V. PERFORMANCE EVALUATIONS

This section investigates the performance improvement of
the proposed JMLA algorithm by comparing the existing
modified improved genetic algorithm for maximizing area
coverage in WSNs (MIGA) [9] and MSQAC [15]. The MIGA
is a novel and efficient genetic algorithm, which aims to
maximize area coverage in WRSNs. This study adopted the
battery-powered sensors with fixed sensing radius and utilized
the BSM. MSQAC further adopted solar-powered sensors with
fixed sensing radius and utilized the PSM. This study assumed
that solar power is constant and optimized sensor scheduling
to maximize monitoring quality by balancing energy avail-
ability. The following presents the simulation environment,
performance metrics, and simulation results.

A. Simulation Environment
The simulation parameters are given in Table III. The

size of the monitoring region R is 400 m × 400 m. The
deployed WRSNs consist of 200–1000 sensors with adjustable
sensing radii which are randomly deployed in R. The grid
size ranges from 2 to 10 m. The minimum sensing radius
and the maximum sensing radius of each sensor are 10 and
40 m, respectively. The communication radius is twice the
maximum sensing radius. The battery capacity E of each
sensor is set at 10.3 kJ [29]. The maximum power consumption
rate is 0.2 J/s. The historical daily PV power data and the
corresponding meteorological data are from the dataset of
Desert Knowledge Australia (DKA) solar center. This dataset
provides high-quality data related to PV power and corre-
sponding meteorological data in Northern Australia, which
is an authoritative dataset widely used in the analysis and
prediction of PV power [30].

B. Simulation Results
It is noted that weather conditions are generally divided

into three main categories: clear, cloudy, and rainy days. This
classification has been validated through the analysis of the
dataset. Subsequently, Fig. 6(a)–(c) presents the comparison
of JMLA, MSQAC, and MIGA in terms of the monitor-
ing quality on clear, cloudy, and rainy days, respectively.
In this experiment, the number of deployed sensors ranges
from 200 to 1000, and the maximum sensing radius of each
sensor is set from 20 to 40 m. Since both the MSQAC
and MIGA algorithms adopt fixed sensing radius sensors,
these two algorithms only adjust the sensing radius of each
sensor from 20 to 40 m. Besides, the MIGA algorithm did
not adopt the rechargeable sensors and schedules all the
sensors to be activated all the time. It is assumed that in
each experiment, the number of deployed sensors is |S|, and
each cycle has α time slots. To ensure fairness, the MIGA
algorithm schedules |S|/α sensors to be activated in one time
slot. Furthermore, to accurately reflect the actual monitoring
quality of the area coverage constructed by the three com-
pared algorithms in different scenarios, the monitoring quality
results presented in each experiment are the averages obtained
from multiple repeated experiments conducted in the same
scenario.
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Fig. 6. Comparison of JMLA, MSQAC, and MIGA in terms of monitoring
quality by varying numbers of deployed sensors and the maximum
sensing radius. (a) On clear days. (b) On cloudy days. (c) On rainy days.

As depicted in Fig. 6, a common trend shows that the
monitoring quality of the three compared algorithms increases
with the number of deployed sensors and the sensing radius
of each sensor. This is because the larger number of deployed
sensors will increase the number of active sensors in each
time slot, leading to higher monitoring quality. In addition,
sensors with a larger sensing radius can cover more grids and
support a higher detection capacity. The other trend of the
three compared algorithms is that the monitoring quality on
clear days is higher than those on cloudy and rainy days.

This is because compared to cloudy and rainy days, solar
power can generate higher and more stable PV power on clear
days, allowing solar-powered sensors to harvest more energy.
Sensors with a more abundant power supply can operate for
longer durations or select the larger sensing radius, thereby
achieving higher monitoring quality.

In comparison, the proposed JMLA algorithm outperforms
the MSQAC and MIGA algorithms in terms of monitoring
quality in all cases. This occurs because, unlike MSQAC and
MIGA, JMLA considers the variation of PV power affected
by weather conditions. It initially evaluates the available solar
energy by forecasting the PV power for the next day. The
scheduling scheme of each sensor is based on the evalu-
ated available solar energy, which supports higher detection
capacity while avoiding power depletion. On the contrary, the
MSQAC algorithm assumes that the PV power is constant.
Consequently, the evaluated available solar energy might be
overly conservative to prevent some sensors from becoming
non-operational due to power depletion. This leads to a
conservative scheduling scheme for each sensor. The MIGA
algorithm utilizes the BSM model to evaluate the detection
capacity of each sensor and the monitoring quality of all active
sensors to each grid. However, it cannot accurately identify
the bottleneck space–time points, and the selected sensors
might not have the maximum monitoring contribution to these
points, thereby limiting the performance of the constructed
area coverage.

Fig. 7 further compares the there compared algorithms in
terms of monitoring quality by varying the number of deployed
sensors and the grid size on clear, cloudy, and rainy days.
The common trend, similar to the results shown in Fig. 6,
is that the monitoring quality of the three algorithms increases
with the number of deployed sensors, and the monitoring
quality obtained by the three algorithms on clear days is higher
than that on cloudy and rainy days. Besides, the monitoring
qualities of the three algorithms decrease with the grid size
increase. This occurs because more sensors are required to
cover one grid with the larger size and hence leads to lower
monitoring quality when the grid size grows.

In comparison, the proposed JMLA algorithm achieves the
best performance in terms of monitoring quality. This occurs
because the proposed JMLA algorithm can adjust the sensing
radius of each sensor during the sensor scheduling phase,
which can not only completely coverer more grids with larger
sizes according to extend the sensing radius of each sensor
but also have a higher utilization of detection capacity of
each sensor than that of MSQAC and MIGA algorithms.
This scheme allows JMLA to exploit more opportunities for
enhancing monitoring quality to bottleneck space–time points.
In addition, the JMLA adopts the PSM and considers the
cooperative detection between neighboring sensors, which
schedules sensors depending on a contribution-based strat-
egy for cooperative sensing. Therefore, the sensor with the
maximum monitoring contribution can be prior scheduled to
monitor the bottleneck space–time point, resulting in a higher
monitoring quality.

In Fig. 8, the experiment randomly selects nine locations
from the monitoring region R, aiming to have a closer
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Fig. 7. Comparison of JMLA, MSQAC, and MIGA in terms of monitoring
quality by varying numbers of deployed sensors and the grid size. (a) On
the clear days. (b) On cloudy days. (c) On rainy days.

observation of the performance of three compared algorithms
in terms of the monitoring quality. Fig. 8(a) first shows the
cooperative detection probability on nine randomly selected
locations on four time slots within one cycle by applying
the proposed JMLA algorithm. As shown in Fig. 8(a), the
cooperative detection probabilities of the selected locations
on four time slots within one cycle are similar. It implies
that the proposed JMLA algorithm supports good stability
of cooperative detection probability on different space–time
points. This is because the JMLA initially identifies the
local bottleneck space–time point within the local monitoring

Fig. 8. Comparison of cooperative detection probability on nine ran-
domly selected observed grids. (a) Cooperative detection probability of
JMLA in different time slots within one cycle. (b) Comparison of three
compared algorithms in terms of monitoring quality.

space–time region of each sensor and then tries to schedule
the sensors with the maximum monitoring contribution to be
activated, which aims to enhance the cooperative detection
probability of the bottleneck space–time point while concur-
rently enhancing the cooperative detection probability of all
space–time points. Fig. 8(b) further compares the monitoring
quality of nine selected locations by applying three compared
algorithms. The selected locations are identical to those in
Fig. 8(a). The performance of the proposed JMLA algorithm is
superior to that of the MSQAC and MIGA algorithms in terms
of both monitoring quality and the stability of monitoring
quality across different locations.

Fig. 9 finally investigates solar energy utilization (SEU) by
applying JMLA and MSQAC algorithms on nine randomly
selected clear, cloudy, and rainy days. Because the MIGA
algorithm adopts the battery-powered sensor, it is not included
in this experiment. In Fig. 9, the practical solar energy (PSE)
and the total amount of charged energy (TCE) of each sensor
on each day are presented. It is noted that the MSQAC
algorithm schedules sensors under the assumption that the PV
power is constant; consequently, the MSQAC algorithm uses
the average PV power of each month as the daily PV power
for each sensor during that month in this experiment. Because
the SEU of each sensor differs within a given area coverage,
the SEUs presented in Fig. 9 in this study are the averages
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Fig. 9. Comparison of JMLA and MSQAC in terms of SEU. (a) On clear
days. (b) On cloudy days. (c) On rainy days.

across all sensors within the area coverage formed by the two
compared algorithms.

The value of SEU can be calculated by applying the
following equation:

SEU =
TCE
PSE

. (44)

The ideal SEU (ISEU) is achieved when SEU reaches 100%,
indicating a balance between the TCE and the PSE. In Fig. 9,
the red point indicates that the SEU on that day is less
than 100%. This reflects that the total energy consumed by
each sensor in a day exceeds the total energy obtained from
solar power, posing a risk of sensor failure due to battery
depletion. The green point represents that the actual utilization
of solar power (AUSP) is less than 100%. This reflects that

Fig. 10. Comparison of the overall performance of the JMLA algorithm
by varying the packet drop rate.

the total energy consumed by each sensor in a day is less
than the total energy that can be obtained from solar power,
leading to a waste of solar power and consequently limiting
the performance of the network. Therefore, the closer the SEU
is to the ISEU, the better the performance in terms of SEU.

As shown in Fig. 9, the performance of JMLA in terms of
SEU on rainy days is better than that on clear and cloudy days.
This occurs because the PV power on rainy days is relatively
low but more stable than that on clear and cloudy days. The
performance of JMLA in terms of SEU on cloudy is the worst.
This occurs because solar energy on cloudy days is influenced
by random cloud cover, leading to relatively more unstable
PV power compared to rainy and cloudy days. In general,
the performance of JMLA is better than that of MSQAC in
all cases. This occurs because the proposed JMLA employs
similarity-based calculation to estimate the PV power on the
next day, aiming to achieve an accurate estimation of the next
day’s available solar energy. On the contrary, the MSQAC
assumes that the PV power is constant throughout each day,
which will lead to significant discrepancies with the actual
solar power, that is, the discrepancies between PSE and TCE
by applying MSQAC. Therefore, the area coverage formed by
the MSQAC poses a significant risk of sensor failure due to
battery depletion on rainy days and results in a substantial
waste of solar energy on clear and cloudy days.

Fig. 10 investigates the impact of packet drop rate on
the overall performance of the JMLA algorithm. Recall that
the objective function in the problem statement, the main
metric for measuring the overall performance of the JMLA
algorithm, is the monitoring quality of the constructed area
coverage. Therefore, the monitoring quality degradation per-
centage (MQDP) is adopted to measure the impact of packet
drop rate on the overall performance of the area coverage
achieved by the JMLA algorithm. The value of MQDP can
be calculated by applying the following equation:

MQDP =

(
1 −

QJMLA
pd=0

QJMLA
pd=k

)
× 100% (45)

where QJMLA
pd=k represents the monitoring quality of the area

coverage achieved by the JMLA algorithm when the packet
drop rate is k%.

Despite influences such as network conditions, the packet
drop rate is temporally variable and may differ at different
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times. However, in area coverage applications such as smart
agriculture and environmental monitoring, data collection and
transmission frequencies are relatively stable, and the physical
environments of the deployed WRSNs are comparatively sta-
ble. Therefore, over shorter periods, such as 1–2 h, the network
conditions and packet drop rates are typically stable. In this
study, considering the battery capacity and the discharging rate
of sensors, the length of one time slot is generally around
20–40 min. Consequently, it can be assumed that the packet
drop rate remains stable within one time slot. Based on this
reasonable assumption, the cooperative detection probability
of active sensors scheduled by JMLA to one grid at all time
points within the same time slot is considered to be identical.
Thus, despite time-varying packet drop rates, the monitoring
quality is still regarded as the weakest cooperative detection
probability among all the space–time points.

In this experiment, the number of deployed sensors is 800,
the maximum sensing radius of each sensor is 30 m, and the
grid size is 6 m. As shown in Fig. 10, a common trend shows
that the MQDP of the area coverage achieved by the JMLA
algorithm increases with the packet drop rate under all weather
conditions. This occurs because, when the packet drop rate
increases, the cooperative detection among sensors may be
affected. Sensors rely on the exchange of information with
each other to determine which areas require more intensive
monitoring. If packets are lost, this information may not be
accurately transmitted, thus impacting the overall monitoring
quality. Furthermore, a higher packet drop rate necessitates
more frequent retransmissions of data by sensors, which
increases the energy consumed for data transmission. This
scenario compels sensors to either shorten their sensing radii
or reduce their active periods to conserve energy, consequently
leading to a decline in detection capabilities and a degradation
of monitoring quality. The other trend is that the performance
of JMLA in terms of MQDP on clear days is better than
that on cloudy and rainy days. This occurs because sensors
can obtain more energy from solar power on clear days than
on cloudy days and rainy days. Therefore, although data
retransmission induced by packet drop consumes additional
energy, reducing the amount of power available for sensing
per cycle and weakening the sensor’s detection capability, the
impact is relatively minor on sunny days due to the increased
energy acquisition by the sensors.

Fig. 11 further investigates the impact of path loss on JMLA
in terms of monitoring quality. Similar to the experiment
shown in Fig. 10, the MQDP is adopted to measure the
impact of path loss on the monitoring quality of the area
coverage achieved by the JMLA algorithm. Recall that λ and γ

represent the path loss exponents of the sensing signal strength
of the sensor, respectively. In this experiment, the value of
MQDP can be calculated by applying the following equation:

MQDP =

(
1 −

QJMLA
λ=0.001,γ=1

QJMLA
λ=a,γ=b

)
× 100%

where QJMLA
λ=a,γ=b represents the monitoring quality of the area

coverage achieved by the JMLA algorithm when λ = a
and γ = b, respectively. In this experiment, values of λ =

Fig. 11. Comparison of the overall performance of the JMLA algorithm
by varying the values of λ and γ.

0.001 and γ = 1 are considered ideal, as they result in very
low path loss.

The number of deployed sensors, the maximum sensing
radius of each sensor, and the grid size are the same as those in
the experiment shown in Fig. 10. As shown in Fig. 11, under
all weather conditions, the value of MQDP increases with
the values of λ and γ . This occurs because higher λ values
intensify path loss, leading to a more rapid decay in sensor
signal strength with increasing distance, which reduces the
effective coverage area and thus decreases monitoring quality.
In addition, a higher γ accelerates the rate at which detection
probability decays, further degrading the monitoring quality.
Furthermore, the increase in MQDP is the least on clear days
and the most on rainy days. This difference is mainly because
sensors can obtain more energy from solar power on clear
days, enabling them to maintain larger sensing radii and longer
active time, which is conducive to reducing the impact of path
attenuation on the sensor’s detection capabilities.

VI. CONCLUSION

In this article, a novel area coverage algorithm, called
JMLA, is proposed for WRSNs. The proposed JMLA adopts
the adjustable sensing radius sensors, aiming to maximize
the monitoring quality of the constructed area coverage. Two
main issues have been investigated while designing the JMLA
algorithm. The first one is to maximize the monitoring quality
of all locations within the given monitoring region at any time
by considering the cooperative detection of all the deployed
sensors. To achieve this, the JMLA initially partitions the
monitoring region R and the continuous time into several
identical grids and time slots. These grids and time slots can
form multiple space–time points, which enables the JMLA to
evaluate the cooperative detection probability of active sensors
to any location at any time. Then, the JMLA identifies the
bottleneck space–time point that has the weakest coopera-
tive detection probability and schedules the sensor with the
maximum monitoring contribution to enhance the cooperative
detection probability of the bottleneck space–time point while
concurrently enhancing the cooperative detection probability
of all space–time points. The second issue is to ensure the
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balance between the acquired energy and consumed energy of
each sensor in each day, aiming to perpetuate the network
lifetime. To achieve this, the JMLA algorithm designs an
energy allocation scheme to balance the acquired and con-
sumed energy of each sensor. It selects a day in the previous
year with the most similar weather conditions to estimate the
acquired energy on the following day. Then, it divides the time
into several equal-length cycles and time slots and allocates the
same amount of energy for each sensor within each cycle. This
allocation includes a reserve for nighttime sensor operation.

The experiment study demonstrates that the proposed JMLA
outperforms the compared algorithms in terms of monitor-
ing quality, stability of the monitoring quality, and SEU.
However, the proposed JMLA algorithm only adopts the
static range-adjustable sensors to enhance the utilization of
detection capability of each sensor. Compared to static range-
adjustable sensors, mobile sensors with adjustable sensing
radius have a greater capability to enhance surveillance quality.
Therefore, our future work will further employ the heteroge-
neous WRSNs, which include some mobile sensors to further
improve the network’s monitoring quality.
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