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In recent years, more and more researchers have paid attention to the three-dimensional target coverage of environmental
monitoring wireless sensor networks (EMWSNs) under real environmental conditions. However, the target coverage method
studied in the traditional two-dimensional plane is full of loopholes when applied in the real three-dimensional physical world.
Most coverage algorithms usually only optimize for a single problem of target coverage or network energy consumption and
cannot reduce network energy consumption while improving coverage. This paper proposes a novel binary adaptive clone
shuffled leapfrog algorithm (BACSFLA) suitable for EMWSNs. BACSFLA has an excellent performance in the coverage of
three-dimensional nodes, which can significantly reduce the network energy consumption of ENWSNs in the coverage process,
and greatly improve the coverage of nodes. Through simulation experiments, BACSFLA was compared with simulated
annealing (SA) and genetic algorithm (GA) in the same conditional parameters. The coverage rate of BACSFLA in EMWSNs
is 3:9% higher than that of GA and 5:4% higher than that of SA. The network energy consumption of BACSFLA is 36:0%
lower than GA and 35:9% lower than SA. Moreover, BACSFLA can significantly reduce the calculation time and get better
results in a shorter time.

1. Introduction

EMWSN is a self-organizing network composed of sensor
nodes deployed in the environmental monitoring area. The
nodes have the characteristics of small size, low cost, and
low-power consumption. They can perceive, collect, and
process the information of the monitored objects in real-
time. Coverage optimization is a basic problem of EMWSNs.
The proper coverage of EMWSN nodes will directly affect
network performance and network life. Therefore, the cover-
age optimization of EMWSN nodes has always been a hot
issue of concern and research by scholars. In recent years,
some researchers have made breakthroughs in improving
the energy efficiency and coverage of wireless sensor net-
works (WSNs) [1, 2].

The primary purpose of EMWSN coverage is to expand
its monitoring range and increase the coverage of the target
and secondly to ensure certain network performance. At

present, most of the research on covering this basic problem
by researchers is carried out in an ideal two-dimensional
environment [3]. However, most of the actual application
scenarios of EMWSNs are in the three-dimensional environ-
ment, and the coverage method studied in the two-
dimensional plane will have very bad performance when
applied in the real three-dimensional physical world.
Because the space and surface location of the target in the
real world is mostly in the environment of agriculture, for-
estry, and wild [4]. It is urgent to design coverage perception
models and corresponding algorithms that conform to
three-dimensional scenes, to improve the practical applica-
bility of EMWSNs. At the same time, EMWSNs need to fur-
ther design more complete 3D perception models and
effective coverage optimization algorithms. The impact of
space size, target, and the number of sensor monitoring
nodes on the coverage performance of wireless sensor net-
works is extremely important [5].
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Target coverage is generally used to reflect the sensing
ability of EMWSNs to the objective world and can also be
used as a standard to measure the quality of network moni-
toring services [6]. The coverage of EMWSNs reflects the
quality of EMWSNs’ monitoring of target areas and target
nodes and is the basis for providing perception services
required by the system. Through the coverage control tech-
nology, the space allocation of the network can also be opti-
mized, and the tasks of object perception, information
acquisition, and data transmission can be completed more
energy-saving and efficient [7]. Coverage optimization con-
trol is one of the key technologies for network construction
and normal network operation. Target coverage optimiza-
tion directly affects network performance indicators such
as network energy consumption and network monitoring
area [8].

Due to the particularity of the application environment
of EMWSNs, in most cases, the staff cannot reach it on the
spot. Sensor nodes can only be distributed in the target area
reached by aircraft [9]. The throwing process is simple and
random [10]. How to use a limited number of sensor nodes
to monitor the coverage of the target area to the maximum
extent, build a reliable sensor network, and maximize the
network’s monitoring efficiency of the target area has always
been one of the research hotspots of EMWSN technol-
ogy [11].

Based on the above background, this article is aimed at
improving the 3D coverage of EMWSNs and saving network
energy consumption in the real application environment.
This article focuses on the 3D perception model close to
the actual application environment and the corresponding
3D coverage deployment method. EMWSN coverage opti-
mization method. By designing coverage perception models
and corresponding algorithms that are closer to the real 3D
application environment, the applicability of EMWSN cov-
erage in real-life environments can be effectively improved.
Besides, taking into account performance indicators such
as network energy consumption based on meeting coverage
requirements is also of practical significance in terms of
improving network perceived service quality [12].

Literature [13] proposed a new coverage optimization
algorithm for WSNs based on SA optimization. SA can sig-
nificantly improve the global optimization capability of the
algorithm and has the characteristics of fast convergence.
The results show that SA can improve network coverage effi-
ciency and reduce node energy consumption. However, the
algorithm is simulated in a two-dimensional environment,
and its robustness is poor, and it has little reference signifi-
cance in the real environment.

Literature [14] proposed an improved GA to optimize
the coverage efficiency of WSNs. The result is that the
improved GA is better than other intelligent optimization
algorithms in the coverage process of WSNs and has better
performance than the immune algorithm and the whale
optimization algorithm. The improved GA is better than
the comparison algorithm in coverage, network overhead,
and stability. However, the algorithm’s convergence perfor-
mance is poor, the convergence speed is slow, and the calcu-
lation complexity is relatively large. And because three-

dimensional environmental factors are not considered, the
performance of the algorithm, in reality, cannot be
evaluated.

Literature [15] proposed a new type of GA with efficient
coverage, which has very good performance in WSNs. The
algorithm combines an improved crossover operator, which
can maintain high accuracy in the fitness function calcula-
tion. The result is that the quality and stability of the solu-
tion of this algorithm are better than that of the
comparison algorithm. However, the algorithm does not
consider the network energy consumption during the cover-
age process, and the network overhead cannot be estimated.
Moreover, since the simulation environment of the algo-
rithm is performed in a two-dimensional ideal plane, the
performance in a three-dimensional real environment may
be quite different from the ideal result.

Literature [16] proposed a new heuristic algorithm based
on a GA to optimize the target coverage of WSNs. This algo-
rithm can extend the life of the network to a large extent and
has a faster convergence speed and better performance than
the comparison algorithm. However, this algorithm greatly
increases the complexity of the algorithm, and if it encoun-
ters a high-density three-dimensional network, poor results
may occur.

Literature [17] proposed an improved greedy algorithm
to extend the network lifetime of WSNs. A greedy algorithm
has the characteristics of simple structure, easy implementa-
tion, fast convergence, and strong robustness. The results
show that the algorithm can significantly improve the sur-
vival time of the network and has a faster convergence rate
compared with the comparison algorithm. However, since
only the network lifetime is considered, the optimal effect
is not achieved in terms of coverage.

Literature [18] proposed an improved Bat algorithm to
improve the coverage efficiency of 3D WSNs. The algorithm
takes into account the harsh environment in the three-
dimensional space and adopts a multiobjective optimization
strategy to improve the coverage rate while reducing net-
work energy consumption. The results show that compared
with the comparison algorithm, this algorithm can reduce
the energy consumption of nodes by a greater degree of uni-
form node energy. However, the global search of the algo-
rithm is not strong, the convergence is also poor, and the
implementation is relatively complicated.

The main contributions of this paper are as follows:

(1) This paper proposes a new target coverage model for
EMWSNs. The model uses a binary coding scheme,
which can greatly reduce the computational com-
plexity and speed up the calculation. And for the
three-dimensional coverage of the nodes in
EMWSNs, a 3D target coverage model was con-
structed to extend the traditional planar coverage
to spatial coverage. Because the model has strong
stability, it can also have excellent performance in
real-world EMWSNs

(2) This paper proposes an improved target coverage
algorithm. Based on the selection of the optimal
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target coverage node-set, BACSFLA considers the
energy consumption of the nodes, which can greatly
improve the coverage optimization performance and
network energy consumption of EMWSNs. Because
BACSFLA combines adaptive operators and clone
operators, it has good global search performance
and can get the optimal solution in a short time.
Compared with the two-dimensional space, the
three-dimensional space has an increase of an order
of magnitude in both the complexity and the amount
of calculation. Compared with the comparison algo-
rithm, BACSFLA has a faster convergence speed,
higher coverage, and lower network in three-
dimensional space

(3) This paper proposes an improved low-power clone
selection operator. This operator is aimed at reduc-
ing network energy consumption. For individuals
to be cloned, a certain cloning ratio is used to gener-
ate a new population according to the energy con-
sumption. The results show that using this operator
not only does not increase the amount of calculation
of the algorithm but also can significantly reduce
network energy consumption

The structure of this article is as follows. Section 2 intro-
duces the target coverage model and binary coding scheme
of EMWSNs. Section 3 uses BACSFLA to optimize the target
coverage algorithm. Section 4 presents the results of simula-
tion experiments and discusses the performance of BACS-
FLA in comparison with other algorithms in EMWSNs.
Then, Section 5 concludes.

2. EMWSN Target Coverage Model

EMWSN is a network system composed of a large number of
sensor nodes deployed in monitoring areas such as forests,
grasslands, and oceans. It is self-organized through wireless
communication. It mainly cooperatively senses, collects,
and processes the information of the sensed objects in the
network coverage area [19]. And send it to the monitor.

EMWSN node deployment methods can be divided into
static deployment, dynamic deployment, and hybrid deploy-
ment. Considering that the environment of EMWSNs is
usually more complicated and harsh, the simulation envi-
ronment in this article is static deployment. In this case, sen-
sor nodes can usually be deployed in the area to be
monitored in a deterministic or random manner, and gener-
ally, no longer move after deployment [20].

According to the classification of application attributes,
the coverage of EMWSNs can be divided into area coverage,
target coverage, and barrier coverage, which, respectively,
cover the entire area and certain fixed points or paths in
the area [21]. This article uses the target coverage model.
Target coverage studies the realization of the perception of
special locations or monitoring points in the area to be cov-
ered. The model where the target is successfully covered in
the 3D environment is shown in Figure 1.

In EMWSNs, the monitoring node must not only mon-
itor the target but also estimate the area where the target is
located, so when the target is covered by three or more sen-
sor monitoring nodes, the target can be guaranteed to be
successfully covered. When covering, energy-saving cover-
age should be considered. If sensor monitoring nodes are
randomly distributed, to maximize the network survival
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Figure 1: EMWSN target coverage.
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time and monitor reliability, this paper sets the goal of the
minimum number of sensor monitoring nodes successfully
covered to three.

This article uses a probabilistic perception model. Con-
sidering the complexity of the actual application environ-
ment, the probabilistic model can more reasonably
represent the perception characteristics of sensor nodes
[22]. In actual EMWSNs, the various sensing signals of the
sensors will attenuate with the increase of the propagation
distance, and the sensor nodes deployed in the field will also
be interfered with by various environmental noises. When
the target is very close to the sensor monitoring node, the
sensor monitoring node can be sure to detect the target. As
the distance between the target and the sensor monitoring
node increases, the sensing signal strength gradually attenu-
ates and is subject to various interferences [23]. And the
detection ability of the target increases with the increase of
the distance shows a gradual weakening trend, which affects
the certainty of the target detection by the sensor monitoring
node [24].

For any sensor node lm, its maximum sensing radius is kl
, and the sensing area is divided into a definite sensing area
and a probability sensing area according to the Euclidean
distance from lm, denoted as Ca

l and Cb
l , where the definite

sensing radius of the area is kal . For the target rn in space,
if the point is in Ca

l , the monitoring probability of the sensor
monitoring node lm when the target is located at the point rn
is 1. If the point is in Cb

l , the detection probability of the sen-
sor when the target is located at rn decreases as the Euclidean
distance between the target and the sensor increases; if the
target is located outside the sensing area, the target cannot
be detected when the target is located at rn. The sensor node
lm is detected. The coordinates of lm are ðtm,wm, vmÞ, and
the coordinates of rn are ðtn,wn, vnÞ. In the probabilistic per-
ception model, the probability dðlm, rnÞ that is detected by
the sensor lm when the target is located at rn is

d lm, rnð Þ =
1, u lm, rnð Þ ≤ kal ,

e−θρ
β , kal ≤ u lm, rnð Þ ≤ kl

0, u lm, rnð Þ > kl:

8>><
>>:

, ð1Þ

In equation (1), uðlm, rnÞ is the Euclidean distance
between sensor monitoring node lm and target rn, and its
calculation formula is equation (2). ρ = uðlm, rnÞ − kal . θ and
β are the path loss indexes of the sensor’s detection signal
strength. Both parameters are determined by the physical
characteristics of the sensor. In this paper, θ = β = 1. It can
be seen that when ρ is large enough, the value of dðlm, rÞ will
quickly decay to close to zero.

u lm, rnð Þ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
tm − tnð Þ2 + wm −wnð Þ2 + vm − vnð Þ2

q
: ð2Þ

Assuming that there areM sensor monitoring nodes and
N targets in EMWSNs, the target coverage relationship
matrix P is obtained by equation (3) when the binary coding

scheme is adopted.

P =

pma1,1 pmam1,2 ⋯ pma1,M−1 pma1,M

pma2,1 pma22 ⋯ pma2,M−1 pma2,M

⋮ ⋮ pman,m ⋮ ⋮

pmaN−1,1 pmaN−1,2 ⋯ pmaN−1,M−1 pmaN−1,M

pmaN ,1 pmaN ,2 ⋯ pmaN ,M−1 pmaN ,M

2
666666664

3
777777775
:

ð3Þ

In equation (3), pman,m represents the situation of the
target being sensed by the sensor monitoring node, and its
value formula is

pman,m =
1, d lm, rnð Þ > drand,

0, d lm, rnð Þ < drand:

(
ð4Þ

In equation (4), drand represents the random probability.
If the perceptual probability dðlm, rnÞ is greater than the ran-
dom probability drand, then the target is successfully covered
by the monitoring node. At this time, pman,m = 1; otherwise,
pman,m = 0.

To reduce the energy consumption of EMWSNs and at
the same time limit the sensing performance of sensor mon-
itoring nodes, this paper sets the maximum monitoring tar-
get number of a sensor as H. According to performance
constraints, a new perception relationship matrix Q can be
obtained as

Q =

qma1,1 qma1,2 ⋯ qma1,M−1 qma1,M

qma2,1 qma22 ⋯ qma2,M−1 qma2,M

⋮ ⋮ qman,m ⋮ ⋮

qmaN−1,1 qmaN−1,2 ⋯ qmaN−1,M−1 qmaN−1,M

qmaN ,1 qmaN ,2 ⋯ qmaN ,M−1 qmaN ,M

2
666666664

3
777777775
:

ð5Þ

In equation (5), qman,m represents the condition of the
target being sensed by the sensor monitoring node, and
qman,m = 1 means that the target is sensed and monitored
by the corresponding sensor node. If qman,m = 0, it means
that the target is not sensed by the corresponding sensor
node or sensed by the corresponding sensor node but not
monitored. The Q matrix constraint relationship can be
expressed as

〠
N

n=1
qman,m ≤H, m = 1⋯M: ð6Þ

The target coverage matrix optimization model of
EMWSNs described in this paper is the process of adding
constraints to the P matrix to obtain the optimized Qmatrix.
BACSFLA has high-efficiency computing performance and
excellent global search capabilities, which can solve the

4 Journal of Sensors



optimization target coverage problem in EMWSNs with
excellent performance.

3. BACSFLA for High-Coverage and Low-
Energy Consumption in EMWSNs

In this paper, BACSFLA adopts a binary population coding
scheme and produces two brand-new operators for
EMWSNs. The adaptive operator improves the global search
capability during the BACSFLA iteration process and at the
same time prevents the algorithm from falling into the local
optimal solution. The addition of the low-power selection
feature to the clone operator is of great help in accelerating
the iteration speed of BACSFLA and reducing the overall
energy consumption. As a coevolutionary algorithm, BACS-
FLA combines stochastic and deterministic methods. The
schematic diagram of BACSFLA is shown in Figure 2.

The principle of BACSFLA is to assume that there is a
group of frogs in the pond, and there are a lot of rocks in
the pond. The frogs can jump through these rocks and
finally find food. First, the frog population is divided into
several subgroups with the same number. Each subgroup
starts to forage independently of each other, but the frogs
within the subgroup can exchange information with each
other to ensure that the frogs in each subgroup can be
directed towards the subgroup. The excellent frogs in the
group learn. After a certain period of food, the subgroups
send their excellent frogs to communicate to ensure that
the overall frogs learn from the best frogs. This process is
also called memetic evolution. BACSFLA can be seen as a
combination of local optimization and global optimization,
that is, each subgroup is a process of local optimization,
and the exchange of information between subgroups is a
process of global optimization.

BACSFLA is based on the collective search for food by
the frog population, focusing on grouping information
exchange, and centering on the internal communication of
subgroups and global information exchange to realize the
whole process of optimizing, adding an improved adaptive
operator, and low-power consumption. Clone the selection

operator, to achieve the purpose of searching and optimiz-
ing. The algorithm steps of BACSFLA are as follows:

Step 1. In the stage of randomly generating the initial popu-
lation, a total of I frogs are generated.

Step 2. In the sorting stage, the fitness function is designed
according to the target coverage rate, and the fitness value
of the I frog is calculated and sorted from small to large.

Step 3. In the grouping stage, it is divided into I1 subgroups
and a single subgroup contains I2 frogs. The grouping is car-
ried out according to the alternating principle. After sorting,
the frogs with serial numbers from 1 to I1 are taken out, and
each subgroup is placed in descending order. The frogs with
serial numbers from I1 + 1 to 2I1 are taken out and one for
each subgroup in descending order. And so on, until all
the frogs are divided.

Step 4. In the subgroup internal search stage, determine the
number of searches within the subgroup, and then search
for the next subgroup after completing one subgroup search,
until all subgroups have been searched.

Step 5. In the mixed subgroup stage, after completing the
evolution of I1 subgroups, reorder all the subgroups in the
mixture according to the method in step two.

Step 6. In the low-power cloning stage, a certain number of
individuals are selected and placed in the cloning warehouse
according to the sorting situation from good to bad. The
individuals in the clone warehouse are set to different clone
ratios according to the energy consumption. The smaller the
energy consumption, the greater the clone ratio. Finally, a
mutation operation is performed on the newly generated
population after cloning to generate a new population.

Step 7. In the judgment stage, if the number of global infor-
mation exchanges is reached or the set termination

The second group of frogs

The first group of frogs

The third group of frogs

The fourth group of frogs

Optimal solution

Solution space
Each group searches in its own area
and then exchanges information with
other groups.

Figure 2: BACSFLA principle diagram.
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condition is reached, the optimal solution is output; other-
wise, it returns to step 2.

The algorithm flow chart is shown in Figure 3.

3.1. The Population Initialization Operation and Binary
Encoding of BACSFLA. The locations of sensor nodes in
EMWSNs are distributed randomly and distributed
according to specific areas. When the sensor nodes are
randomly distributed, they are placed anywhere in the
monitoring area, and the nodes are static and immovable

after they are placed. Since EMWSNs are affected by dif-
ferent environmental factors when monitoring the envi-
ronment, the required area will show a certain
distribution law. The simulated three-dimensional moni-
toring environment in this paper is divided into random
distribution in the region, band distribution in the region,
and spherical distribution in the region. The coordinate
distribution of the target is the same as the coordinate
distribution of the sensor node. The distribution of tar-
gets and sensors in the monitoring area is shown in
Figure 4.

Start

Use binary coding to initialize the population of
BACSFLA, each frog stores a different Q matrix.

Whether the termination
condition is reached.

Yes

No

The optimal BACSFLA
individual is the optimal

solution.

End of BACSFLA
process.

Calculate fitness for all individuals
in BACSFLA to get the coverage rate.

Sort all frogs according to the frog
fitness value in BACSFLA.

Divide the sorted frogs into s1
groups in order, with s2 frogs in

each groups.

Perform intra-group iteration on the s1
group population in BACSFLA in order,

and then recalculate fitness and sort.

A certain number of individuals with better
fitness are selected as the frogs to be cloned, and

the clone ratio is determined according to the
energy consumption of these frogs.

Perform mutation operations on all
frogs according to a certain

mutation rate.

The number of global
iterations I = I + 1.

Figure 3: BACSFLA flow chart.
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The population coding adopts a binary coding scheme,
and the P matrix is obtained after the sensor monitoring
node and the target position are successfully deployed. After
adding constraints to the P matrix, i different Q matrices are
generated, and each Q matrix is an individual frog.

3.2. The Fitness Function Design of BACSFLA. The fitness
function plays an important role in BACSFLA. In EMWSN
target coverage optimization, it is the core of optimized
search. The choice of fitness function will directly affect the
accuracy of the algorithm results and the final optimization
results. This paper sets the target coverage rate gðSiÞ in the
network as the fitness function of BACSFLA and adopts
the principle that the bigger the better. The calculation for-
mula is shown in

g Sið Þ =
∑N

n=1 ∑M
m=1qman,m ≥ h

� �

N
: ð7Þ

In equation (7), h is the minimum number of sensor
monitoring nodes that the target is successfully covered,
which balances network energy consumption and coverage
accuracy. In this paper, h = 3. Si is denoted as the ith frog
in the population.

3.3. BACSFLA’s Intragroup Frog Update Operation. Deter-
mine the best and worst frogs in the group after BACSFLA
grouping. There must be good or bad frogs in the group.
The best frog in all subgroups is denoted as Sj, the worst frog
is denoted as So, and the best frog in the population is
denoted as Sf . Improve the position of the worst frog, the
worst frog So obtains the intermediate vector according to

Temp = rand × Sj − So
� �

: ð8Þ

In equation (8), Temp is the intermediate vector between
the best frog Sj in the middle group and the worst frog So in
the group. rand represents a random number, 0 ≤ rand ≤ 1.
Then, a new frog is generated, which is obtained by

So newð Þ = So + Temp,

Tempmin ≤ Temp ≤ Tempmax:
ð9Þ

In equation (9), Tempmin is the minimum jump distance
of the frog, and Tempmax is the maximum jump distance of
the frog. The value of Temp must be between the two. If the
value of Temp overflows, it will be processed according to

Temp =

Tempmin, Temp < Tempmin,

Temp, Tempmin ≤ Temp ≤ Tempmax,

Tempmax, Temp > Tempmax:

8>><
>>:

ð10Þ

In this process, the frog jumps to find a position better
than So, and if it is found, it will update the worst frog, oth-
erwise, proceed to the next step. Replace the best frog Sj in
the subgroup with the best frog Sf in the subgroup. Repeat

10 0 2
4

Sensor monitoring node

Target
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10

987654321
1
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10

(c)

Figure 4: Schematic diagram of target and sensor node distribution: (a) random distribution; (b) banded distribution; (c) spherical
distribution.

Table 1: Simulation experiment parameter settings.

Parameter Value

kal 70m

kl 100m

Tempmax 50

Tempmin 5

dt 4096 bits

ncelec 50 nJ/bits
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equations (8), (9), and (10), if you still cannot find a better
position to improve the worst in the subgroup frog So, pro-
ceed to the next step. Generate a random frog, no matter
the frog is good or bad, use it instead of So.

3.4. BACSFLA’s Low-Power Clone Selection Operation. After
BACSFLA is updated within the group, the entire population
is reordered according to fitness. The low-power clone selec-
tion operation first selects a certain number of individuals
with adaptability from large to small and puts them into
the clone warehouse. Assume that the number of frog indi-
viduals in the cloned warehouse is NUM. Therefore, the cov-
erage of individual frogs in the warehouse must be greater
than the coverage of the remaining unselected individuals.
Then, calculate the energy consumption of individual frogs
in the cloned warehouse, and the calculation of network
energy consumption is shown in

EC Sið Þ = 〠
M

m=1
dt × ncelec + dt × εf s × u lm, rnð Þ2: ð11Þ

In equation (11), dt represents the data size that the sen-
sor monitoring node needs to send when monitoring the tar-
get. ncelec represents the energy consumption during data
transmission. εf s is a parameter in the signal transmission
process, set εf s = 1. It can be seen that the closer the sensor
monitoring node is to the target, the lower the network
energy consumption. In this way, when the sensor node
monitors the target, it will give priority to selecting the target
close to itself, thereby reducing the energy consumption of
the network communication of the entire EMWSNs.

After calculating the network energy consumption of
individual frogs in the cloned warehouse, sort them in
ascending order of energy consumption. The smaller the
energy consumption, the greater the proportion of cloned
individuals. The clone ratio selection is shown in

rate1+⋯+ratenum+⋯+rateNUM = 1: ð12Þ

In equation (12), ratenum represents the proportion of
the numth frog in the clone warehouse in the total popula-
tion, rate1 represents the proportion of frogs with the smal-
lest energy consumption, and rateNUM represents the
proportion of frogs with the largest energy consumption
proportion. According to the energy consumption of indi-
vidual frogs corresponding to the clone ratio, the clone ratio
satisfies

rate1 > rate2 >⋯ > ratenum >⋯ > rateNUM: ð13Þ

After selecting the new cloning ratio, the individual to be
cloned is cloned according to the cloning ratio. After the
cloning operation is completed, a new intermediate popula-
tion is obtained. The degree of similarity of the intermediate
population is too high to perform the global search perfor-
mance of BACSFLA, so the next step is to perform an adap-
tive mutation operation.

3.5. Adaptive Mutation Operation of BACSFLA. After BACS-
FLA performs the low-power clone selection operation, it
needs to perform adaptive mutation operations on the frogs
in the population to obtain differentiated individuals. This
operation is conducive to search in the vicinity of the global
optimal solution, while ensuring that BACSFLA will not fall
into the local optimal solution, increasing the diversity of the
population, and has important significance for the rapid
convergence of the algorithm.

BACSFLA will adaptively change the mutation probabil-
ity BR of the population. The size of the mutation probabil-
ity is affected by the fitness of the individual, and it is also
affected by the speed of convergence in the iterative process.
If the fitness of the individual frog is to be mutated, and the
coverage rate of the frog is small, the probability of mutation
will increase. In the iterative process, if the fitness of the
optimal frog individual relative to the previous generation
does not increase much, or no better individual is found,
the mutation probability will gradually increase, and the
mutation probability will not decrease until a better individ-
ual is found. The formula for changing the adaptive muta-
tion probability is shown in

BR = 1 − g Sið Þ
∑I

i=1g Sið Þ
+ LR genð Þ: ð14Þ

In equation (14), LRðgenÞ represents the driving varia-
tion factor of BACSFLA iteration to the genth generation.
The calculation formula is shown in

LR genð Þ =
LR genð Þ + δ, ggen−1 Sf

� �
= ggen Sf

� �
,

0, ggen−1 Sf
� �

< ggen Sf
� �

,

0, gen = 1:

8>><
>>:

ð15Þ

In equation (15), δ is the increment of mutation proba-
bility, set δ = 0:05. It can be seen from the update equation
of BR that the probability of mutation is affected by two fac-
tors. If in the iterative process, the global optimal individual
has not been updated, there may be two situations, either the
optimal solution has been found or the locally optimal solu-
tion is trapped. At this time, it is necessary to increase the
mutation probability of all individuals, increase the global
optimization ability, and judge whether the optimal solution
has been found. The fitness of an individual also affects the
probability of individual mutation. The greater the fitness,
the smaller the probability of individual mutation. When
the fitness value of an individual is large, it proves that the
coverage rate of the individual is large, so it is only necessary
to find the optimal solution in the close range of the individ-
ual. If the fitness value of an individual is small, it proves that
the individual is far from the optimal solution, so increases
the probability of mutation and expands the search range
of the solution.
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4. Results and Discussion

This section will verify the performance of BACSFLA
through simulation experiments and select GA and SA as
the comparison algorithm. All nodes in EMWSNs are com-
posed of static nodes, and all sensor nodes have omnidirec-
tional sensors, and their perception model is a probabilistic
perception model. This article carries on the experiment
simulation under the environment of MATLAB R2019a,
and the simulation platform is the Intel Core I7 processor.
After multiple tests on BACSFLA parameters, the optimal
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Figure 5: Algorithm coverage curve in different monitoring areas: (a) 400m × 400m × 400m; (b) 500m × 500m × 500m; (c) 600m ×
600m × 600m; (d) 700m × 700m × 700m.

Table 2: The coverage of the three algorithms in different areas.

BACSFLA GA SA

400m × 400m × 400m 92:3% 90:4% 88:8%
500m × 500m × 500m 92:8% 90:0% 87:4%
600m × 600m × 600m 90:8% 88:4% 87:4%
700m × 700m × 700m 91:3% 87:4% 86:2%
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value of each parameter was determined. The parameter
values in the target coverage of EMWSNs are shown in
Table 1.

In Table 1, the maximum jump distance Tempmax is set
to 50, which means that the maximum number of changes
in the sensor monitoring node perception relationship in
the Q matrix each time the worst frog individual is updated
is 50. The maximum jump distance Tempmin is set to 5,
which means that each update cannot be less than 5 sensor
monitoring nodes.

The target coverage methods of BACSFLA, GA, and SA
are used in the simulation, and the sensor monitoring nodes
and target distribution are randomly distributed. The selec-
tion operation in GA adopts the roulette method, the cross-
over operation is a single point crossover, and the mutation
probability is 0.05. The initial temperature in SA is set to
1000 degrees Celsius, the lower bound of the temperature
is a number close to zero, and the temperature drop rate is
0.98. The number of individuals in the population is set to
50, where the number of subpopulations in BACSFLA I1 =
10, the number of frog individuals in each subpopulation
I2 = 5, and the number of iterations within the group is 5.
The number of targets N is 1000, and the number of sensor
monitoring nodes is 700. The maximum number of targets
that the sensor can monitor is H = 5. When the monitoring
area is 400m × 400m × 400m, 500m × 500m × 500m, 600
m × 600m × 600m, and 700m × 700m × 700m, the simula-
tion result curve is shown in Figure 5.

It can be seen from Figure 5 that when the monitoring
area changes, the coverage of BACSFLA and the comparison
algorithm are both affected. When the number of sensor
monitoring nodes and the number of targets remain
unchanged, as the monitoring area increases, the coverage
of GA and SA will decrease to a large extent, while the
decrease of BACSFLA is not large. This result shows that

BACSFLA has better performance than GA and SA when
the dimensionality of the coverage problem increases. As
the number of iterations of the algorithm increases, the cov-
erage of BACSFLA, GA, and SA all increase rapidly at the
beginning. However, the curve of SA tends to be flat in the
subsequent optimization process, because SA’s global opti-
mization performance is poor, and the algorithm falls into
premature convergence during operation, and the solution
obtained is the local optimal solution instead of the global
optimal solution. The result of GA is better than that of
SA, and the convergence speed and the final solution are
greatly improved compared to SA. However, the optimiza-
tion process of GA is slow, which is reflected in the curve,
which is that although the coverage rate increases with the
increase of the number of iterations, the increase is smaller.
Compared with GA and SA, BACSFLA has a significant
improvement in both the convergence speed and the final
result. This is because the clone operator of BACSFLA
increases the global search performance, and the adaptive
algorithm increases the local search performance. Therefore,
BACSFLA can obtain the optimal solution with a faster con-
vergence rate. In the iterative process, each iteration of
BACSFLA in the early stage of the operation will greatly
improve the results, so better results can be obtained in the
early stage of algorithm operation. After getting the optimal
result, BACSFLA can terminate the algorithm iteration pro-
cess early. The coverage rates of BACSFLA, GA, and SA in
three-dimensional monitoring areas of different sizes are
shown in Table 2.

It can be seen from Table 2 that under the conditions of
different monitoring areas and the same number of sensor
nodes and targets, the coverage rate of BACSFLA is
increased by 1:9% to 3:9% than that of GA and 3:4% to
5:4% than that of SA. Compared with the two-dimensional
plane in the three-dimensional area, the complexity of the
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Figure 6: The running time of the algorithm in different monitoring area sizes.
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problem and the amount of calculation show an exponential
increase. BACSFLA shows very good three-dimensional per-
formance, and the optimal results can still be obtained in
solving the covering problem. However, GA and SA cannot
meet the performance requirements of EMWSNs facing the
three-dimensional area and perform poorly in the process of
solving the target coverage problem. The running time of the
three algorithms is shown in Figure 6.

It can be seen from Figure 6 that the running time of the
BACSFLA algorithm is shorter than that of GA and SA. This

shows that while BACSFLA improves the coverage perfor-
mance of EMWSNs, it does not increase the time complexity
of the algorithm compared to the comparison algorithm.

800 850 900 950
Number of sensor monitoring nodes

855

860

865

870

875

880

885

890

895

900

N
um

be
r o

f t
ar

ge
ts 

su
cc

es
sfu

lly
 d

et
ec

te
d

900 target

BACSFLA
GA
SA

(a)

800 850 900 950
Number of sensor monitoring nodes

920

930

940

950

960

970

980

990

1000

N
um

be
r o

f t
ar

ge
ts 

su
cc

es
sfu

lly
 d

et
ec

te
d

1000 target

BACSFLA
GA
SA

(b)

800 850 900 950
Number of sensor monitoring nodes

980

1000

1020

1040

1060

1080

1100

N
um

be
r o

f t
ar

ge
ts 

su
cc

es
sfu

lly
 d

et
ec

te
d

1100 target

BACSFLA
GA
SA

(c)

800 850 900 950
Number of sensor monitoring nodes

1020

1040

1060

1080

1100

1120

1140

1160

N
um

be
r o

f t
ar

ge
ts 

su
cc

es
sfu

lly
 d

et
ec

te
d

1200 target

BACSFLA
GA
SA

(d)

Figure 7: The influence of sensor monitoring node number and target number change on coverage: (a) targets 900; (b) targets 1000; (c)
targets 1100; (d) targets 1200.

Table 3: Network energy consumption in EMWSNs.

BACSFLA GA SA

900 target 0.5870 J 0.9173 J 0.9163 J

1000 target 0.6169 J 0.9095 J 0.9077 J
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BACSFLA can show better coverage in a shorter time. In
real-world applications, the performance of nodes and net-
works in EMWSNs is limited. BACSFLA can consume less
computing power and get better results.

It can be concluded from the results that monitoring
areas of different sizes have a significant impact on BACS-
FLA. To analyze the influence of the number of sensor mon-
itoring nodes and the number of targets on BACSFLA, the
algorithm parameters will be adjusted next to obtain new
simulation results. Set the monitoring area to be 400m ×
400m × 400m, and the maximum monitoring number of
sensors H = 7. The number of targets is 900, 100, 1100,
and 1200. The number of sensor nodes is 800, 850, 900,
and 950. The simulation results are shown in Figure 7.

It can be seen from Figure 7 that with the increase of
sensor nodes, the coverage rates of BACSFLA, GA, and SA
all increase. The degree of increase in BACSFLA is greater
than that of GA and SA. Although the number of sensor
monitoring nodes increases, the number of monitored tar-
gets in EMWSNs will increase. However, the number of cal-
culations required by the algorithm in a three-dimensional
environment will increase greatly. GA and SA are limited
by algorithm performance and cannot make rational use of
the added sensors. When facing a large number of sensors
and targets, BACSFLA can give full play to the performance
of the algorithm, reasonably allocate target coverage rela-
tionships, and improve coverage. Compared with GA and
SA, BACSFLA has more complex problems, more sensor
nodes, and more targets, the more obvious the performance
advantage will be. In EMWSNs, the environment that needs
to be monitored is often huge, which means that more tar-
gets need to be monitored and the number of sensor moni-
toring nodes deployed. However, BACSFLA’s excellent
performance in handling a large number of nodes can meet
the performance requirements of EMWSNs.

Although coverage is an important performance param-
eter of EMWSNs, network energy consumption also has an
important impact on EMWSNs. The energy consumption
of EMWSNs when the monitoring area is 400m × 400m ×

400m, the number of sensor nodes is 800, and the target
number is 900 and 1000 is shown in Table 3.

It can be seen from Table 3 that under the same condi-
tions, the network energy consumption of BACSFLA is
much smaller than that of GA and SA. The results show that
the network energy consumption of BACSFLA is reduced by
36:0% compared with GA and 35:9% compared with SA.
This is because BACSFLA’s low-power clone selection oper-
ator promotes sensor monitoring nodes to preferentially
cover targets that are close in the iterative process. However,
GA and SA only optimize the target coverage of EMWSNs
without considering the size of network energy consump-
tion. Although GA and SA can also complete the target cov-
erage, the huge energy cost is not acceptable.

The random distribution of node positions in EMWSNs
can simulate most real-life scenarios. However, the target
distribution in some areas will show certain rules. Therefore,
this paper also adopts two distribution methods, belt-shaped
distribution and spherical distribution, to simulate the envi-
ronment in the real three-dimensional world. The parameter
setting in the strip space is 400m × 300m × 300m in the
monitoring area. In the spherical space, the radius of the
monitoring area is set to 200m. The number of sensor mon-
itoring nodes is 900, the target number is 1000, and the max-
imum number of sensors monitored is H = 6. The
simulation results are shown in Figure 8.

It can be seen from Figure 8 that compared with GA and
SA, BACSFLA still has a higher target coverage after chang-
ing the distribution types of sensor monitoring nodes and
targets. GA and SA are more affected under the band distri-
bution, while the results of BACSFLA are better. This is
because the adaptive operator of BACSFLA will quickly
adjust the parameters of the algorithm when facing changes
in the environment to obtain a higher coverage rate.

5. Conclusion

Coverage has always been a basic problem in the research of
EMWSNs, and its purpose is to ensure a certain network

0.8

0.82

0.84

0.86

0.88

0.9

0.92

0.94

0.96

0.98

BACSFLA GA SA

Ta
rg

et
 co

ve
ra

ge
 ra

tio
 in

 E
M

W
SN

s

Algorithm type
Spherical distribution
Zonal distribution

Figure 8: The coverage results of the three algorithms under spherical and zonal distributions.

13Journal of Sensors



performance while maximizing the target coverage as much
as possible. Because the traditional 2D perception model and
its corresponding target coverage algorithm are difficult to
directly apply to the real 3D environment, this paper mainly
studies the low-energy target coverage optimization problem
of 3D EMWSN nodes. A low-power target coverage algo-
rithm BACSFLA suitable for the three-dimensional physical
world is proposed. In a static network, the performance pros
and cons of BACSFLA, GA, and SA are discussed. The
results show that BACSFLA has better performance than
the comparison algorithm in terms of target coverage, algo-
rithm running time, and network energy consumption.
BACSFLA combines cloning operators and adaptive opera-
tors, which can better adapt to changes in external parame-
ters and obtain better results. The individual uses a binary
coding scheme, which greatly reduces the calculation time
of the algorithm and reduces the time complexity. Through
simulation experiments, BACSFLA has shown good perfor-
mance advantages in three-dimensional space and has less
network energy consumption while maintaining high cover-
age. These results show that BACSFLA has a very good
application prospect in EMWSNs.

However, the target coverage optimization method we
proposed in this article has problems such as a small scale
of sensor monitoring nodes and poor coordination among
nodes. The design of distributed algorithms that are suitable
for large-scale three-dimensional environments and cooper-
ate among nodes can be used as the next research direction.
Besides, the method proposed in this paper is static and
immovable when the sensor monitors the node during the
target coverage process. Future work can focus on moving
the sensor to monitor the position of the node under
dynamic conditions, balance the network energy consump-
tion of EMWSNs, and extend the life of the network.
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