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Abstract When designing and deploying wireless sensor network (WSN), sensor node deployment is one
of the crucial issues for WSN providing high quality of service. Sensor node deployment could also affect
network coverage, network connectivity, network lifetime, and energy consumption. This paper attempts to
solve sensor node deployment problem in WSN. A mathematical model is constructed by considering
coverage maximization, deployment strategy and other constraints. As the problem is non-deterministic
polynomial (NP) complete, a new method called sparrow search algorithm (SSA) is used. A novel
population structure is proposed to improve SSA to solve the problem. Two populations with central
symmetry property are created in initialization. Crossover operator is used to exchange information of the
two populations. The computational complexity of the improved SSA algorithm is also discussed.
Numerical simulations are performed to solve the deployment problem in WSN. The improved SSA
algorithm is tested and compared with other algorithms. The results show that the proposed method is
useful to address NP complete sensor node deployment problem in WSN.

Keywords wireless sensor network, deployment, sparrow search algorithm, swarm optimization

1 Introduction

Wireless sensor network (WSN) is comprised of a number of wireless sensors which could collect
data and transmit to base station or data center. Some wireless sensors could also have the ability to
preprocess the collected data. With the development of microelectronic technology, wireless
communication technology, and computing technology, the functionality of wireless sensors has been
greatly enhanced [1], [2]. Nowadays, WSN has been used in the Fifth Generation (5G) and Internet of
Things (IoT). The commercial usage brings convenience to human lives by connecting logical
information world and physical world. These applications, like house condition monitoring,
environmental monitoring, medical healthy monitoring, etc., has made WSN a hot research topic in
the past decades [3], [4].

WSN generally consists of distributed wireless sensor nodes, sink nodes or base stations, and user
terminals [5]. Wireless sensor nodes could collect, preprocess, and transmit sensory data, hence such
nodes are the origin of data collection. Sink nodes have stronger data collection ability compared with
wireless sensor nodes. Sink nodes could preprocess, analyze, and summarize sensory data, and further
send to remote data center. Hence, sink node could also be considered as base stations. Sink nodes
could directly communicate with user terminals, or communicate with user terminals through Internet
or satellites. User terminals obtain sensor data, manage WSN and arrange tasks to sensor nodes.

Sensor deployment affects coverage and lifetime of WSN [6], [7]. This makes sensor deployment
an essential network design criterion in WSN. Given a sensing field, sensor deployment is to
rationally place sensors in the field to satisfy predefined requirements. An effective method of sensor
deployment is to place sensors in a controllable manner to assure quality of service (QoS).
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The key problem for deployment is if sensors could detect all events in the field, and achieve efficient
data transmission with low energy consumption [8]. Thus, sensor deployment problem is an important
topic in WSN.

Swarm intelligence (SI) approaches are suitable to solve network design and deployment problems.
Network design and deployment problems generally belong to combinational problems, which are
non-deterministic hard (NP hard) or non-deterministic complete (NP complete) [9-11]. Such problems
are theoretically difficult to solve, hence, researchers have always paid much attention to such
problems. SI approaches utilizes social behaviors of swarm species such as ants, bees, fish flocks, and
other particles. SI is a general term, covering particle swarm optimization, artificial bee colony, ant
colony optimization, etc. In [12], the authors summarized state-of-the-art SI related methods for
mobile WSN. Recently, there are many SI related methods for solving problems in WSN [13-16].

Based on the above discussion of related works, this paper attempts to use a SI approach to solve
sensor deployment problem in WSN. The contributions of the paper are listed as follows:

(1) sensor deployment problem is constructed to a mathematical model by considering coverage
maximization, deployment strategy and other constraints.

(2) a new method called sparrow search algorithm is improved by a novel population structure. Two
populations with central symmetry property are created in initialization. Crossover operator is used to
exchange information of the two populations.

(3) different SI approaches are tested to solve the sensor deployment problem. The same simulation
configuration is used for a fair comparison of the SI approaches.

The rest of the paper is organized into the following. Related works of sensor deployment are
briefly described in Section 2. Then the system model and deployment problem are given in Section 3.
In Section 4, the optimization algorithm is given. In Section 5, simulation experiments are conducted
to demonstrate the effectiveness of the deployment algorithm. Conclusions are drawn in Section 6.

2 Related Works of Sensor Deployment

Sensor deployment is a valuable research topic in WSN. Many researchers have done in-depth study on
the problem, which are summarized in the following. Based on sensor node movement, deployment
approaches can be classified into static sensor deployment and dynamic sensor deployment. For static
sensor deployment, sensors after deployment do not change the positions. Static sensor deployment can be
further classified into random deployment and deterministic deployment [17].

2.1 Random Deployment

In harsh environments like disaster scenes and battle fields, sensor nodes are generally deployed by
aircraft or rocket ejection. This causes random deployment of sensor nodes. The distribution function of
sensor nodes was theoretically analyzed. Specifically, the fault tolerance in WSN was analyzed under
uniform deployment or R-random deployment [18]. Non-uniform deployment was studied in [19], which
minimized network overhead and routing strategy. For random deployment, network design may not be
optimized especially in harsh environments.

2.2 Deterministic Deployment

Deterministic deployment is to deploy sensor nodes at predefined coordinates in region of interest. It
may become impractical and infeasible in disaster scenes and battlefields. The target of deterministic
deployment is to compute the positions of sensor nodes to satisfy design objectives and other needs. If
position was an important factor for operation of sensors, deterministic deployment is a good choice.
Moreover, if sensor was costly like indoor applications, deterministic deployment is also a good choice. In
such cases, sensor positions should be computed to satisfy predefined needs such as preferential coverage,
network lifetime, network connectivity, etc. Thus, network design should be optimized in deterministic
deployment.



Preferential coverage is an important factor in deterministic deployment. For such problem, the objective
is to find maximum coverage with minimum cost of sensor nodes. There are three types of preferential
coverage model. They are binary coverage model, probabilistic coverage model and evidential coverage
model.

For binary coverage model, optimal placement design is the most important so that sensor nodes could
completely cover region of interest. In [20], regular triangular lattice placement was used . In a regular
deployment, sensor node placement can be done by a star pattern, ring pattern, hexagonal pattern, etc.
Sensor deployment on two or three dimensional grids had been shown to be NP complete [9]. If region of
interest was large or the number of sensors was unable to fulfill a perfect coverage, grid-based deployment
had been widely studied. The related approaches include local search method, ant colony optimization,
genetic algorithm, etc.

For probabilistic coverage model, deployment strategy involves probabilistic sensor detection. In such
model, a position is assumed to be covered with several sensor nodes with different probability values [21].
In [22], sensor deployment was modeled as an optimization problem. The positions of sensor nodes were
determined in region of interest by maximal coverage. The algorithm had high computational complexity
and memory complexity. In [23], a jigsaw algorithm was used for sensor deployment at the peripheral of
region of interest. The algorithm had medium computational complexity and medium memory complexity.

For evidential coverage model, sensor deployment could be modeled as a nonconvex and binary
nonlinear optimization problem. In [24], cost and uniform coverage were considered. The authors used an
evidence based (EDBA) algorithm. It was a heuristic method based on evidence and grid-like deployment.
The objective of EDBA algorithm was to make sure target points had been covered in region of interest.
The number of sensors was constrained to a limited number.

2.3 Dynamic Deployment

For dynamic deployment, node movement schemes include artificial potential field method and virtual
force algorithm based on virtual attractive and repulsive forces. Artificial potential field method was to
expand network coverage through repulsive force between nodes and obstacles [25]. In [26], self-
deployment method was proposed. It assumed sensor nodes moved under virtual force. Energy was
assumed to cost more in moving than in data transmission. In [27], self-deployment method is to simulate
the molecular balance mechanism. In [28], artificial bee colony algorithm was used to solve dynamic
deployment problem in WSN. It made sensor nodes dynamic to keep the balance of the network by
maximizing network coverage.

3 System Model of WSN

In this paper, WSN is assumed to be comprised of wireless sensor nodes, sink nodes, and user terminals.
An example of WSN is shown in Fig. 1. It is assumed that the sensing field is a two-dimensional (2D) area,
denoted by Area. There are N nodes being deployed in the area. The radius of wireless sensor nodes is
denoted by R,. The communication radius of sensor nodes is denoted by R.. The number of user terminals is
not considered in the system, while it is assumed that data could be transmitted to user terminals through
sink nodes or base stations either by wireless communication or by wired communication.
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Figure 1. System model of wireless sensor network.
The set of wireless sensor nodes in WSN is given in the following:

S, ={node,,node, K ,node,} , (1)
where a node i in the network is represented by:
node, =(x,,y,,R,) . (2)

where (x;, y;) represents the center of a circle with radius R,. Based on this assumption, the 2D sensing field
is discretized to a set of specific circular particles. The distance between a target and a node is given in the
following:

2 2
d(p,nodel.):\/(pm.—xi) +(pyl.—yi) , 3)
where the coordinates of target p is (pxi, pyi). This is the area coverage model.
In WSN, binary sensing model and probabilistic sensing model are popular node sensing model. For
binary sensing model, the probability P that an event is detected by a node is given in the following:

1, d (p,nodel.) <R,
P de.) = .
(p,no e’) {O, d (p,nodei) > R,

It can be seen from (4) that the probability is binary based on distance between target and sensor node. This
may be too mechanical to simulating real world. Thus, researchers had proposed a more realistic sensing
model, i.e., probability sensing model. The energy consumption of a node is related with the distance to
target. If the target was located far from its neighboring nodes, the nodes closer to the target would receive
stronger energy than farther nodes. This makes the closer nodes have higher probability to sense the signals
from the target. In probability sensing model, the probability is given in the following:

“

0, R +R, <d(p,node,)
P(p,node,)=3e**, R —R <d(p,node,)<R +R,. ®)
1, d (p,nodei) <R —-R
where A is an attenuation coefficient, R, is sensing error of node i, and « is given by:
a=d(p,node,)— (R, —R,). (6)

In the paper, probabilistic sensing model is used in WSN. The objective is to maximize coverage. The
constraint is the 2D area, and the limited number of sensor nodes. Mathematically, the system model is
given by:



Area] (UlN (pl.)

max Cov =
Area
s.t. 0<x,<m, ; (7
0<y, <n,
N <N,

where the Area range is [0, m] x [0, n]. the objective is the ratio of the intersection of node sensing area
with the whole Area to the Area, hence, the value of objective function is between O and 1.In the model,
the objective is to be maximized to generate the best coverage given N, sensor nodes.

4 Methods

In the past decades, SI approaches have been applied to many real world problems including wireless
communication, wireless networks, and WSN [12-16]. This promotes researchers to think out more and
more methods by simulating social behaviors of swarms. Sparrow search algorithm (SSA) was proposed in
2020, which could be classified as SI approaches [29]. The SSA simulates the social behaviors of sparrows.
In this algorithm, each sparrow is alike a solution of a given problem. The algorithm iterates to search for
food, and at the same time performs anti-predation to survive. During the food search and anti-predation
process, the optimization objective is reached.

In SSA, a set of initial positions of the sparrows is created by:

X :[xl,xz,K ,xn], (®)
where x; represents a solution of a given problem, which is a column vector, # is the number of solutions in

initial population, and X is a matrix of n solutions. Given the mathematical model (7), the fitness value of
solutions could be computed and denoted by:

Fitness, = [f (x).f(x).K ,f(xn)], ©)

where the fitness value of population X is denoted by Fitnessx. In model (7), the optimization objective is to
maximize coverage, thus, higher fitness value means that the associated solution is more probably a good
solution for the given problem.

4.1 Sparrow search algorithm
The main procedures of the SSA are shown in Fig. 1. Besides initialization step, the main iteration of the

algorithm is comprised of updating the locations of producers, updating the locations of scroungers, and
updating the locations of the sparrows at the edge [29]. The main iteration is introduced in the following.
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Figure 2. The flow chart of sparrow search algorithm.

In updating the locations of producers, a subset of sparrows flies out searching for food, which is called
finders. The finders have higher fitness values than the others in population. The finders have high
probability to prioritize to get food, and they look for food for all sparrows in population. Such social
behavior makes the finders have to search a larger range than the others. The locations of finders are
updated by:

t

! " axiter
_x,H.l — 'xi,j xXe s K < ST , (10)
t
%J+qu, r=ST

L]
where 7 is the time step, subscript j is the j-th variable of solution x;, a and r; are random numbers between
0 and 1, g is a random number following normal distribution, L is a matrix with element 1. In (10), ST is a
number between 0.5 and 1. r; and ST are called the warning value and the safety threshold, respectively.

In updating the locations of scroungers, a subset of sparrows flies out to join the search of the finders.
Such sparrows are called joiners, which always monitor the behavior of the finders. If they realized that the
finders had found better food, they immediately left their locations to compete food with the finders. The
joiners’locations are updated by:

t+l _ gxe i , i>n/2 (11)
L, i<n/2

where x; and x,, are the positions having the highest and worst fitness values in population, A* is computed
by:

r
xh,/’ + i,j xh/

AT =AT(AAT), (12)

where A is a vector with element randomly assigned 1 or -1.

In updating the locations of the sparrows at the edge, a subset of sparrows flies out to new locations. It is
assumed that sparrows are in dangerous environment, which makes some sparrows tend to randomly flying.
In general, 10% to 30% sparrows of population are randomly chosen, and then they are updated by:

t t t
‘xh,j+18‘xi,j_'xh,j’ f('xi)>fg
Xt = ‘ ' : (13)

ij X . —x .
Cpk| T | p(y) <
TG g ) TR




where x; is the current best solution, f, and f,, are the current global best fitness value and the current worst
fitness value, respectively, f is a random number between 0 and 1, ¢ is a small constant to avoid divide by
Zero.

4.2 Improved sparrow search algorithm
This section gives the improved sparrow search algorithm (ISSA). The main procedures of ISSA are
shown in Fig. 3. In the ISSA algorithm, initialization is done by Halton sequence method and central

symmetry method. It also contains the updating the locations of producers, scroungers and sparrows at the
edge, which is similar with the SSA algorithm. The ISSA algorithm has an information exchange step in

the last of main iteration.

| Halton sequence initialization | Central symmetry initializaliun]
Update the location of Update the location of
producers producers
Update the location of Update the location of
scroungers scroungers

Update the location of Update the location of
sparrows at the edge sparrows at the edge
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Figure 3. The flow chart of improved sparrow search algorithm.

In initialization, the ISSA algorithm needs to generate two populations. One population is created by
Halton sequence method, and then another population is created by central symmetry method. It is well
known that initial samples are created by using probability distribution, and uniform distribution is
generally used in creating initial population. Probability distribution could affect the performance of SI
approaches. When creating a large number of samples, uniform distribution is able to have high ergodicity
and diversity; however, population size is generally a small set of samples in SSA algorithm, uniform
distribution may have low ergodicity, uneven individual distribution, and unpredictability. Hence, low
difference sequence method, i.e., Halton sequence, is used in this paper.

Halton sequence has two properties. One property is that it has more uniform distribution for a small set
of samples. The other property is that it has high ergodicity which is able to cover good solution search
space [30], [31]. Halton sequence method is a kind of low difference sequence. It uses a prime number as
base to continuously create non-repeated and uniform samples. Through division operation, the samples
created by Halton sequence method are between 0 and 1.

A comparison of initial population is performed between uniform distribution and Halton sequence
method. The results are shown in Fig. 4. The samples created by uniform distribution method are shown in
Fig. 4 (a), while the samples created by Halton sequence method are shown in Fig. 4 (b). It can be seen
from Fig. 4 (a) that a large gap exists among the samples, and some samples are very close to form a cluster.
It can be seen from Fig. 4 (b) that the samples created by Halton sequence method have evenly located into
each range in two coordinates. The samples in Fig. 4 (a) have more even distribution and higher ergodic
properties compared than the samples in Fig. 4 (b).
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(a) uniform distribution method, (b) Halton sequence method,

Figure 4. Comparison of initial samples created by uniform distribution method and Halton sequence method.

Based on the comparison between uniform distribution method and Halton sequence method, the initial
samples using Halton sequence method can effectively avoid the possibility falling into local optimum. The
initial population created by Halton sequence method covers more search space, thus, the ISSA algorithm is
able to avoid early convergence to local optimal.

The central symmetry method is used to create another population. Although the Halton sequence
method is able to create good initial samples, it does not have central symmetry property. The central
symmetry method creates samples based on those created by Halton sequence method. Denote the range of
coordinates as [0, m] x [0, m]. The horizontal axis and vertical axis have the same length. That is the
sensing field in WSN is a square area. Denote x; = (x;1, xi). Mathematically, the sample by central
symmetry method is:

xf:(m—xil,m—xiz), (14)

where x;¢ is the sample created by central symmetry method.
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(a) Halton sequence method, (b) central symmetry method,

Figure 5. initial samples created by Halton sequence method and central symmetry method.

Initial samples created by Halton sequence method and central symmetry method are shown in Fig. 5,
where Fig. 5 (a) shows the result by Halton sequence method and Fig. 5 (b) shows the result by central
symmetry method. It can be seen from the figure that both method can create evenly distributed samples
and cover the full search space. In the ISSA algorithm, two populations are used with one created by
Halton sequence method and the other created by central symmetry method.

Besides initialization, the ISSA algorithm contains the updating the locations of producers, scroungers
and sparrows at the edge, which is similar with the SSA algorithm. For updating the locations of producers,
r1< ST means that no predators exist in environment, hence, the finders do global search; on the other hand,
ri> ST means that predators are detected in environment, hence, the finders issue alarm to other sparrows
and do local search. For updating the locations of scroungers, i>n/2 means that the associated sparrow has



low fitness and should not have food, hence, it has to fly to another location to find food. For the updating
of sparrows at the edge, f(x;)>f, means that the associated sparrow locates at the edge of search space; on
the other hand, f{x;) < f, means that the associated sparrow locates in the search space. It is aware of danger
and needs to fly close to other sparrows.

The ISSA algorithm has two populations to search good solutions; hence, information exchange is useful
between the two populations. The ISSA algorithm has a crossover step in the last of main iteration. In this
paper, uniform crossover is used which needs two samples to complete the operation. When performing
crossover operation, one sample is chosen from the population by Halton sequence method; another sample
is chosen from the population by central symmetry method. In this manner, information is exchanged
between the two populations. Mathematically, uniform crossover is:

t+1 x/[ﬂ,j’ r2 < pcr

" xéi,j’ rZ > pcr ’
where xp; and x.; are respectively chosen from Halton sequence population and central symmetry population,
r2 is a random number between 0 and 1, p., is crossover rate.

During information exchange step, large crossover rate p.- means that the population following Halton
sequence method contributes more to the evolution; while small p.- means that the population following
central symmetry method contributes more to the evolution. Because central symmetry method depends on
Halton sequence method, p.- is set to 0.5 in the paper. This means that both methods have equal
contribution to the evolution in ISSA algorithm.

Comparing the computational complexity of the SSA and the ISSA algorithms is in the following.
Arithmetic operations are counted for computational complexity. Denote a solution is with length d, i.e.,
the problem has d variables. Denote n solutions are created in initial population. Denote G iterations are
done in an algorithm. In the SSA algorithm, 2d operations are required in (10), 6d operations are required
in (11) and (12), 5d operations are required in (13). Hence, the SSA algorithm requires 6dxnxG. That is the
computational complexity of the SSA algorithm is 6dnG. In the ISSA algorithm, n/2 solutions are created
by Halton sequence method, and n/2 solutions are created by central symmetry method. There are n
solutions created in initial population, which is the same as the SSA algorithm. In (15), d operations are
required. Hence, the ISSA algorithm requires (6dxn/2xG + 6dxn/2xG + dxn/2xG) = 6.5dnG. The
computational complexity of the ISSA algorithm is slightly larger than that of the SSA algorithm. Overall,
the computational complexity of both algorithms is dnG for deployment problem in WSN.

5)

5 Results and Discussion

This section first introduces the simulation setting and evaluation criteria for solving deployment
problem in WSN. It then analyzes the results of the ISSA algorithm and discusses the effectiveness of the
proposed method.

5.1 Simulation setting and evaluation criteria

To simulate and assess the deployment problem and the proposed method, we simulate WSN in this
paper. The assumptions and regulations required in the simulation are given in the following. In WSN,
sensor nodes and sink nodes are stationary and not move after deployment in the network. Wireless sensor
nodes are assumed to have the same coverage radius. Sink nodesare assumed to have longer coverage
radius than wireless sensor nodes. The WSN is assumed to spread in a square area with size 50 mx50 m. A
list of network parameters is given in Table 1.

Table 1: Simulation parameters of WSN

Parameter Value
Square area 50x 50 m
The number of sensor nodes 35
The radius of sensor nodes 5m
The radius of communication 10 m
Sensing attenuation coefficient 0.1




To assess the solution to deployment problem, coverage rate and connectivity are taken as evaluation
criteria. Coverage rate is a proper method to measure sensing quality of a network. Coverage rate is the
target of coverage algorithm and the primary criterion for assessing coverage performance in WSN.

Mathematically, coverage rate is given by:
(U A

Ratecovera e ’ (16)
# Area

where ¢; is the effective sensing field of sensor node i. The numerator is the intersection of the effective
sensing field of all sensor nodes and the whole area. The denominator is the whole area. Hence, coverage
rate is a number between 0 and 1, where 1 means that a solution is able to cover all area, while 0 means that
a solution is not able to cover any area in the network.
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Figure 6. The coverage rate of initial deployment created by uniform distribution method and Halton sequence method.

The coverage rate of initial deployment is shown in Fig. 6. In the figure, the coverage rate of uniform
distribution method is shown in plus symbol, while the coverage rate of Halton sequence method is shown
in cycle symbol. It can be seen from Fig. 6 that coverage rate increases with the increase of the number of
sensor nodes. A gap exists between uniform distribution method and Halton sequence method. From the
comparison, initial deployment of Halton sequence method is more even than the deployment of uniform
distribution method. Thus, Halton sequence method has better coverage rate than uniform distribution
method in initial deployment. Moreover, due to the symmetry property of central symmetry method, central
symmetry method has the same coverage rate as Halton sequence method. Hence, the curve of central
symmetry method is not shown in Fig. 6.

Besides coverage rate, connectivity is taken to assess the solution quality. As the communication
capability of wireless sensor nodes is limited, the collected data has to be transmitted to sink nodes through
multi-hop style. Connectivity is to measure if the collected data could be transmitted to sink nodes.
Moreover, connectivity also affects the performance of network transmission. Mathematically, connectivity
is given by:

n

0(i)
Connectivity = =——,
n (n - 1)
where 6(i) is the number of nodes that sensor node i connecting to other sensor nodes in WSN. Hence, the
value of 6(i) is

a7

0<0(i)<n-1. (18)
If sensor nodes in WSN are connected in pairs, the number of total connections is n(n-1)/2. In (17),
connectivity is defined as the ratio of the number of 6() (i = 1,2,...,n) to the number of total

connections.Hence, connectivity is also a number between 0 and 1, where 1 means that the sensor nodes in
WSN areconnected, while 0 means that the sensor nodes in WSN are not fully connected.

10
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Figure 7. The connectivity of initial deployment created by uniform distribution method and Halton sequence method.

The connectivity of initial deployment is shown in Fig. 7. In the figure, the connectivity of uniform
distribution method is shown in plus symbol, while the connectivity of Halton sequence method is shown in
cycle symbol. It can be seen from Fig. 7 that connectivity increases with the increase of the number of
sensor nodes. When the number of sensor nodes is between 30 and 95, a gap exists between uniform
distribution method and Halton sequence method. From the comparison, initial deployment of Halton
sequence method has better connectivity than the deployment of uniform distribution method. Moreover,
due to the symmetry property of central symmetry method, central symmetry method has the same
connectivity as Halton sequence method. Hence, the curve of central symmetry method is not shown in Fig.
7. It can be seen from Fig. 7 that the connectivity of uniform distribution method changes nonlinearly with
the change of the number of sensor nodes. On the other hand, the connectivity of Halton sequence method
changes linearly with the change of the number of sensor nodes. Thus, Halton sequence method and central
symmetry method are better choice than uniform distribution method.

Based on the above analysis, it is known that Halton sequence method and central symmetry method
have good performance in initial deployment. The coverage rate and connectivity of WSN is near to 1
when the number of sensor nodes is set to 100. The coverage rate and connectivity is about 0.7 and 0.1,
respectively. This means that if cost budget is adequate in deploying WSN, perfect coverage rate and
connectivity can be reached; on the other hand, if cost budget is inadequate or limited in deploying WSN,
initial deployment is unable to reach satisfactory coverage rate and connectivity. Thus, an optimization
algorithm is required to find good deployment scheme.

5.2 Network optimization experiment

The deployment problem is solved in the following. The SSA and ISSA algorithms are used. The
coverage rate of the SSA and the ISSA algorithms is shown in Fig. 8. In Fig. 8 (a) and (b), the initial and
final coverage rate of the SSA algorithm is shown. It can be seen from Fig. 8 (a) that a large field is
uncovered by the initial deployment solution. After optimization, the coverage in Fig. 8 (b) is much better
than the initial deployment.

0 10 20 30 40 50
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(a) Initial coverage rate of SSA (b) Final coverage rate of SSA

(c) Initial coverage rate of ISSA (d) Final coverage rate of ISSA

Figure 8. The coverage rate of the SSA and ISSA algorithms.

The initial and final coverage rate of the ISSA algorithm is shown in Fig. 8 (c) and (d). It can be seen
from Fig. 8 (c) that a large field is uncovered by the initial deployment solution. After optimization, the
coverage in Fig. 8 (d) is much better than the initial deployment. Moreover, the coverage of Fig. 8 (d) is
more uniform than that of Fig. 8 (b).

The connectivity of the SSA and the ISSA algorithms is shown in Fig. 9. In Fig. 9 (a) and (b), the initial
and final connectivity of the SSA algorithm is shown. It can be seen from Fig. 9 (a) that the network
consists of three sub-networks. After optimization, the connectivity in Fig. 9 (b) is much better and all
sensor nodes are connected.
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0 10 20 30 40 50

(a) Initial connectivity of SSA, (b) Final connectivity of SSA,

(c) Initial connectivity of ISSA, (D) Final connectivity of ISSA,

Figure 9. The connectivity of the SSA and ISSA algorithms.
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In Fig. 9 (c) and (d), the initial and final connectivity of the ISSA algorithm is shown. It can be seen
from Fig. 9 (c) that the network consists of five sub-networks. After optimization, the connectivity in Fig. 9
(d) is much better and all sensor nodes are connected. Moreover, the connectivity of Fig. 9 (d) is more
uniform than that of Fig. 9 (b).

The convergence graph of the SSA and the ISSA algorithms is shown in Fig. 10. In the figure, the solid
curve is for the SSA algorithm, while the dashed curve is for the ISSA algorithm. It can be seen from Fig.
10 that the curve of the ISSA algorithm is above that of the SSA algorithm. This means that the ISSA
algorithm has better convergence performance than the SSA algorithm.

0.85

09r

0.85

08

Fitness value

0.75

07

0.85 - T g ;
0 100 200 300 400 500

Number of iterations

Figure 10. The convergence graph of the SSA and ISSA algorithms.

The comparison of computational complexity is shown in Table 2. In Table 2, the minimum (Min),
median (Med), maximum (Max), mean (Mean) and standard deviation (Std) values of running time are
given. In the table, the result of the SSA algorithm is shown in the first column. The result of the ISSA
algorithm is shown in the second. The last column is also the result of the ISSA algorithm except that it is
run in parallel. Due to the ISSA algorithm evolves two populations, it can be run in parallel, while
information exchange has to be run in serial. It can be seen from Table 2 that the running time of the ISSA
algorithm is longer than the SSA algorithm, while the ISSA algorithm can save running time by executing
in parallel.

Table 2: Running time in seconds by the SSA and ISSA algorithms for deployment problem

Algorithm SSA ISSA ISSA in parallel
Min 104.05 136.49 91.87
Med 104.17 137.31 92.48
Max 104.77 137.94 92.92
Mean 104.22 137.15 92.37
Std 0.2036 0.5488 0.3799

5.3 Comparison experiment

To evaluate the performance of the ISSA algorithm, several other algorithms are used to solve the
deployment problem. The algorithms include particle swarm optimization (PSO) [32], [33], artificial bee
colony (ABC) [34], [35], grey wolf optimizer (GWO) [36] [37], whale optimization algorithm (WOA) [38].
These algorithms are also SI approaches like the SSA and ISSA algorithms. Moreover, they have been used
to solve optimization problems in WSN. Hence, they are taken for comparison in the paper. Each algorithm
is run 10 times to count the average performance.

The six algorithms are used to solve the deployment problem. The results of coverage rate are shown in
Table 3. In the table, the Min, Med, Max, Mean and Std values of coverage rate are given. It can be seen
from the second, third, and fifth column of Table 3 that the ISSA algorithm achieves the greatest Min, Med,
and Mean value for coverage rate. It can be seen from the fourth column of Table 3 that the GWO
algorithm has the greatest Max value, while the ISSA algorithm has the second greatest Max value among
the algorithms. Moreover, the ISSA algorithm also has the least Std value among the six algorithms. This
means that the proposed algorithm shows good performance for coverage rate measurement.
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Table 3: Coverage rate by the SSA and ISSA algorithms for deployment problem

Algorithm Min Med Max Mean Std
PSO 0.7609 0.8227 0.8474 0.8197 0.0242
ABC 0.7710 0.7760 0.8046 0.7800 0.0108
GWO 0.7207 0.8885 0.9131 0.8610 0.0746
WOA 0.8201 0.8362 0.8640 0.8367 0.0141
SSA 0.8297 0.8641 0.8873 0.8641 0.0171
ISSA 0.8881 0.9004 0.9127 0.9003 0.0105

The results of connectivity of the six algorithms are shown in Table 4. The format of Table 4 is the same
as Table 3. In Table 4, the Min, Med, Max, Mean and Std values of connectivity are given.

Table 4: Connectivity by the SSA and ISSA algorithms for deployment problem

Algorithm Min Med Max Mean Std
PSO 0.1378 0.1538 0.1731 0.1543 0.0117
ABC 0.1277 0.1546 0.1815 0.1555 0.0175
GWO 0.1445 0.1555 0.1748 0.1583 0.0098
WOA 0.1378 0.1445 0.1546 0.1444 0.0050
SSA 0.1546 0.1580 0.1664 0.1587 0.0036
ISSA 0.1563 0.1597 0.1630 0.1593 0.0028

It can be seen from the second, third, fifth column of Table 4 that the ISSA algorithm achieves the
greatest values for connectivity. It can be seen from the fourth column of Table 4 that the ABC algorithm
has the greatest Max value for connectivity. Moreover, the ISSA algorithm also has the least Std value
among the six algorithms. This means that the proposed algorithm shows good performance for
connectivity measurement.

6 Conclusion

Sensor deployment affects coverage and lifetime of WSN. This makes sensor deployment an essential
network design criterion in WSN. An effective method of sensor deployment is to place sensors in a
controllable manner to assure high QoS. Thus, sensor deployment problem is an important topic in WSN.
This paper uses an improved sparrow search algorithm to solve sensor deployment problem in WSN.

In the paper, sensor deployment problem is constructed to a mathematical model by considering
coverage maximization, deployment strategy and other constraints. Then, the proposed ISSA algorithm is
introduced to solve the deployment problem. In the ISSA algorithm, two populations with central
symmetry property are created in initialization. Crossover operator is used to exchange information of the
two populations. Finally, five different SI approaches are tested to solve the sensor deployment problem.
The same simulation configuration is used for a fair comparison of the six algorithms.

Through simulation experiments, the results show that the ISSA algorithm has good performance for
both coverage rate and connectivity measurements. Although the ISSA algorithm has higher computational
complexity than the SSA algorithm, the running time of the ISSA algorithm could be saved by running in
parallel. This is feasible because the ISSA algorithm is comprised of two population structure. The sensor
deployment problem has been studied and solve in the paper. A good solution can be found by the ISSA
algorithm. The deploy method can also be extended to heterogeneous WSN.

Abbreviations

WSN Wireless sensor network

SSA Sparrow search algorithm

NP Non-deterministic polynomial
IoT Internet of Things

5G Fifth generation

QoS Quality of service

SI Swarm intelligence

EDBA Evidence based

2D Two-dimensional

ISSA Improved sparrow search algorithm
Min Minimum
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Med Median

Max Maximum

Std Standard deviation

PSO Particle swarm optimization
ABC Artificial bee colony

GWO Grey wolf optimizer
WOA Whale optimization algorithm
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